Automatic Staged Compilation

Matthai Philipose

A dissertation submitted in partial fulfillment of the
reguirements for the degree of

Doctor of Philosophy

University of Washington
2005

Program Authorized to Offer Degree: Computer Science and Engineering






University of Washington
Graduate School

Thisisto certify that | have examined this copy of adoctoral dissertation by

Matthai Philipose

and have found that it is complete and satisfactory in all respects,
and that any and all revisions required by the final
examining committee have been made.

Chair of the Supervisory Committee:

Craig Chambers

Reading Committee:

Craig Chambers

Susan Eggers

Daniel Grossman

Date:







In presenting this dissertation in partial fulfillment of the requirements for the doctoral
degree at the University of Washington, | agree that the Library shall make its copies
freely available for inspection. | further agree that extensive copying of the dissertation is
allowable only for scholarly purposes, consistent with “fair use” as prescribed in the U.S.
Copyright Law. Reguests for copying or reproduction of this dissertation may be referred
to Proquest Information and L earning, 300 North Zeeb Road, Ann Arbor, M1 48106-1346,
to whom the author has granted “the right to reproduce and sell (a) copies of the manu-
script in microform and/or (b) printed copies of the manuscript made from microform.”

Signature

Date







University of Washington
Abstract

Automatic Staged Compilation
Matthai Philipose

Chair of the Supervisory Committee:
Professor Craig Chambers

Computer Science and Engineering

The ability to optimize programs while they execute has become increasingly important in
recent years. The primary challenge in such optimization is to keep the run-time overhead
of optimization down while maximizing its effectiveness. The widely used solution of
Just-In-Time (JIT) compilation keeps run-time overhead low, at considerable engineering
cost, by sacrificing performance.

The past few years have seen the emergence of staged optimization, which produces
run-time optimizations that often have much lower run-time overhead than traditional
optimizers, yet do not sacrifice any of their functionality. The key to the technique is a
method, called staging, to transfer optimization overhead to static compile time from run
time. Unfortunately, developing staged variants of individual optimizations has been
highly specialized, labor-intensive work; staging pipelines of optimizations even more so.

This dissertation presents a system called the Staged Compilation Framework (SCF),
which automatically stages entire pipelines of compiler optimizations at arguably little
additional engineering cost beyond building the slower traditional version of the pipeline.
SCF harnesses two powerful but traditionally difficult-to-use techniques, partial evalua-
tion and dead-store elimination, to achieve staging. An implementation of SCF shows that
staged compilation can speed up pipelines of classical compiler optimizations by up to an
order of magnitude, and more commonly by afactor of 4.5t0 5.






Table of Contents

IS o o =SS iv
S = o] =SSP viii
1. (FgTugeTe (8o (o] o PSPPSR 1
2. Motivation and Background ............cccceeeeiieeeie et 6
21 A SimpleMode of aModern Compiler........cccoeeiveieiiesieceeseee e 6

2.2 ComPilation SLAGES......ccouevrieieiiieie ettt et eres 10

2.3 Staged CompPilation..........ccoeceiieie et 14

24 Staging ViaProcrastination ............cceceeieceeseeeceeseee e e 15

25  Saging ViaPeSSIMISM .....cc.coiiiice et st 16

26  Staging ViaPreplanning .........cccceieeieeie e e 18

2.6.1 Summarization as Preplanning .........cccceeevevieceeniece e 19

2.6.2 Preplanning for Pipelines of Optimizations............cccceevveveiviennene. 21

2.7 SUMMEIY ..eeeieieiiieeeieee sttt e sttt e e stte e s stae e stae e s ssae e s sbaeassee e seesseeesnseessnseessaneessnnees 32

3. Overview and EXAMPIE.........cueiiiiiiieiieeie ettt e srae e 33
3.1 High-Level Description Of SCF.......cccovcieiiecieceeeee e 33

3.2 Thelnterfacetothe Stager........cccovceeeecie e 35

3.2.1 SCF-ML: The Language for Specifying Optimizations................ 35

3.2.2 Augmented Regular Tree EXPressions..........ccevveveeieeriecvesveesnenn, 44

3.2.3 Howthe Stager iSINVOKEd..........ccveceeivcie e 51

3.3  Interna Structure and Interfaces of the Stager..........ccoevveveeececcecie s, 55

U 111107 YRR 60

4. The Partial EVAIUBLON ..........ccciiiiiiiee ettt 61
4.1  Signatures of Some Key Data SIrUCLUIES..........cccveveeeeeceieceeeeee e 62

4.2  Core SCF-ML and Notational CoONVentions............cceoerereseenieseenieeennennns 65

4.3  Initiaization and FiIXPOINtiNG........cccciereiieeiieeie e s 66

44  Partia Evauation of Individua FUNCLIONS..........cccoceienineninescneee e 69

O R I | (< = 1SS 70

4.4.2 VaaDIES......coeieieeee e 70

4.4.3 Tuplesand CONSITUCIONS ........cceerreeiereere et s 72

4.4.4 Primitive OPEralionS.........c.ccueieeieeiieeieeseciesteeseesseesseesesseesreeseeens 72

445 CasSeEXPreSSIONS.......ccccecieie et s e et et 74

4.4.6 FUNCLON CallS....coiiiiiie e et 77

4.4.7 Special Formsfor Manipulating Maps.........cccceeeeieneiencnesecneee 77

T U 1101017 PRI 83

5. Implementing ADSract ValUES...........ccvieieiiieeceee ettt 84



5.1 IO ACE .ot e et 85
52  Internal REPreSeNtalion ........cccocerereiire st 87
5.3  Implementing Operations on Abstract ValUes..........cccccvevevevcciecieciienen, 91
5.3 1 IMEEL ...ttt e e e 93
532 MUSIBEEQUA .......c.cooveceie ettt 96
TG TG T 10 o = o] o I USSR 97
R S o= - | RSOOSR 97
535 MKTUPIE ..ottt e 97
536 MKTAGVE ..ot s 98
5.3.7 @VaAlPIIMOP ....ooiiece e e e 98
538 MECN.....coiie 106
539 MAPMED ....coiiiiiie i e 111
5.3.20 MapUnionWIith...........cooiiiiiice e 111
5.3.11 COHAPSEMBP ... cciieeiecteeceee ettt 114
5.3.12 fINALIVEKEYS ...t sttt e 114
5.4 SUMMEIY .eiiiiiieiesiie e siie s stie st es s ettt se e e ssse e ssseeesaseensnneenas 115
Strategies for Accurate and Effective Partial Evaluation.............cccccceevevieeeene. 116
6.1  Improvement Strategies at Work: A Detailed Example............ccccveueneee 117
6.1.1 Partia Evaluation With No Improvement Strategies................... 117
6.1.2 Adding Function Specialization as an Improvement Strategy.....119
6.1.3 Adding Rematerialization as an Improvement Strategy .............. 121
6.1.4 Adding Expression Specialization as an Improvement Strategy .122
6.1.5 Ensuring Termination in the Face of Improvement Strategies ....123
6.2  Specialization Sralegi€S......ccviieeeeeie e ctee e stee st e s eeae s 126
6.2.1 Function SPeCialiZation............ccceeevciesiesi et 126
6.2.2 EXpression Specialization...........cccccoveeeieeseieieeseee e 146
6.3 WIdening SIrat@QY ......c.ccoueereeireiieeieeieeiesteesiesreesree e se e esae e sreenne e ane s 157
6.3.1 Motivating Example: Widening and Constant Propagation ........ 158
6.3.2 Reducing Information Loss While Widening...........c.cccceeveeenne. 161
6.3.3 WIdening in SCF..........cooiiiieeie et 162
6.4  Remateriaization SIrategy ........cccevveeieeeeseiie e e ee e 164
6.5  Summary and Related WOrK ...........cooveieeieie e 169
6.5.1  SPECialiZation........ccueiveeiiiceeee e 169
6.5.2 WIENING. ..ot 171
6.5.3 ReMaerialiZation.........ccooeieviii i e 171
Dead-Store ElMINGLioN ........ccccoiiieiiicie ettt st 173
7.1  Liveness Patterns. The Domain of Abstract Interpretation ..................... 174
7.1.1 Field PrOjECIOrS. ...ccveceee ettt 176
7.1.2 Liveness Patterns: Syntax and Semantics..........ccccoeevveveeseeeieennn. 177



7.1.3 TheLatticeof Liveness Patterns.......ccooueeeeeeeeeeeeeeeeeeeeee e, 179

7.1.4 Helper FUNCLIONS.......cccoiiiieie e e 180
7.2  The ADSIract INtEIPreter.......ccvivieceieeeece e 184
7.21 Dead EXPrESSIONS......cecciieieeieceeseee e staeseessea e eseesaesraesnaeneannens 186
7.2.2 Vai@DIES......oce it e 188
T7.2.3  TUPIES....oceeeeeee ettt ettt sr e e e 188
7.2.4  CONSITUCKOIS.....coiieeeieieeieese et sn e e sr e e e e nn e snee s 188
7.2.5 Primitive Operations. ........cccccveeeeieeiieeieseeseesseese e sree e see e ane 189
7.2.6 CaseEXPrESSIONS......ccciiiieieeieieeseee et e e et e e anne s 193
1.2.7  CONSLANES......coieiiieee et e e sr e s e ne e nr e snee s 197
7.2.8 CUrried FUNCHIONS ......couiiiiieiiereee e e e 197
0 TS U 1110 R 200
EVEAIUBLION ... sttt e st 202
8.1  Evaluation FrameworK.........ccccoeiirine et s 203
8.1.1 System Configuration and Parameters Used in Measurements...203
8.1.2 Inputsto the Optimization Pipeline.........ccccoveveiieveiieceee e 208
8.2  Overal Effectiveness of SCF..........ccoooviiinenienineeie e 210
8.2.1 Staged Optimization SPEEdUP........ccveeeieereeiieeie et 211
8.2.2 ASymptotiC SPEEAUP ....ccveieeeeieeeeeee ettt 213
8.3  Contributions of Staging Techniquesto Compiler Speedup.................... 214
8.3.1 Contributions from Abstract Value I mplementation Techniques.215
8.3.2 Contributions from Improvement Strategies ..........ccovveeeevvennnnee. 220
8.3.3 Contributions from Dead-Store Elimination............cc.ccoceeereennnn. 226
84 SUMMIIY ...ttt ettt et s st sse e sase e sase e s snseeesnneenas 227
(00010 11 0] TSRS PRORSSN 229
LS5 R 70 0111 010 11 0] <SRN 229
S O 11 (o U= OSSN 232
0.3 FULUTE WOTK ...ttt sttt e e 238



21
22
2.3
24
2.5
2.6
2.7
2.8
29
31
3.2
3.3
34
3.5
3.6
3.7
3.8
39
3.10
311
3.12
3.13
3.14
3.15
3.16
3.17
3.18
3.19
4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8
4.9
4.10

List of Figures

A Simple View of aModern COmpPiler..........ooveiieieeie e 6
Compilation SEAgES e e 10
Staged Compilation: A SCheEMELIC VIEW .......coevveiieee e 13
Staging Analyses by SUMMariZation .............ccoceeeveveeieeiecie e 20
Example Pipeline to Demonstrate Preplanning on Pipelines of Optimizations....21
Inputs to the Example PIPElINE .........c.ccvee e 22
Manual Staging by Compiler USErS........ccccvcecieiiiii et 23
Manual Staging by Compiler WHLErS........cooccviie i 26
Using an Automatic Optimization SPeCialiZer ........cccevveceevieeve e 30
High-Level View of SCF oot 34
Signature Of the STagEr oo s 35
Concrete Syntax for SCF-ML Programs ...........ccceeeeviiieenieese e e seeeseeseese e 36
SCF-ML Program for Reversing aLinked List of Integers.......c.ccocevvvvevveceennnne 37
Map OperationSin SCF-ML ....cooiieece et 38
Defining an Intermediate Representation for a Subset of C in SCF-ML.............. 39
Specifying Dead Assignment Elimination in SCF-ML ..........cccoveiiviie e, 41
Concrete Values That May Be Defined in SCF-ML Programs...........ccccceeveenee. 44
Examples of Some Abstract Vaues and the Setsthey Represent ........................ 49
Representing Input Functions as Abstract Values..........cccccveevievevceececie s 50
Staging a Three-Phase Compiler PIpeling.........cccovveeeie e, 52
Invoking the Stager at Static Compile TIME........ccvevieveviieeieee e 52
Abstract Values Input and Output by the Stager at Compile Time..........ccccc...... 53
Stub Function Providing Run-Time Interface to Staged Optimizers.................... 54
Internal Structure of the Stager ..........cccvecv e 55
Inputs To, and Output From, the Partial Evaluator .............cccceceveeiievveceecee 57
Partially Evaluated Dead-Assignment Elimination ...........cccccoevveveiceececcie e 58
Analysis and Transformation Functions After Partial Evauation........................ 59
Analysis and Transformation Functions After Dead-Store Elimination .............. 60
Signature of the Partial EValUaor ...............coeiieiiiiiiiece e 61
Signatures of Primary Data Structures Used by the Partial Evaluator ................. 62
Abstract Syntax for SCF-ML Programs ..........ccccoveveevieeiiecie s e 65
Initialization and Fixpoint Loop for Partially Evaluating Programs. ................... 67
Partial Evaluation of Functions and Expressionsin SCF. ...........cccocevvvcvececnee 71
Three Special Cases of PEe of Primitive Operations............cccovveeeeieveeieesieennns 73
Partially Evaluating Pattern MatChing...........ccocvueiieiiiieesieese e 74
Partially Evaluating Case Expressions. An Example.......ccccceovieveeveeccecce e 75
Partial Evaluation of Map Iteratorsin SCF .........ccooveveeceeiece e 78
Partial Evaluation of Map Iteratorsin SCF .........cccoveveeceeiece e 79



411
5.1
5.2
5.3
5.4
5.6
5.5
5.7
5.8
5.9
5.10
511
5.12
5.13
5.14
5.15
5.16
5.17
5.18
5.19
5.20
5.21
6.1
6.2
6.3
6.4
6.5
6.6
6.7
6.8
6.9
6.10
6.11
6.12
6.13
6.14
6.15
6.16
6.17
6.18
6.19

Partial Evaluation of Map Iteratorsin SCF ..........cccocvvveieeve e 81

Signature of the AbstractValue Module. .............ccocoeieeie e 84
The Abstract Value DatatyPe .......ccvevveeieeieeie e steeiie et ee e este e srae e e e 87
Rewrite Rules for Normalizing Abstract ValUes..........ccocoveevce e 88
Themeet FUNCLION e e 92
Example Showing How the meetMaps Function Works.............ccccceevvecveiecnnne 9
The meetMapS FUNCLION oot et 95
The mustBeEqual FUNCLION  .......ccooiiiecece et 96
TheisScalar FUNCLION oo 97
ThemMKTUPle FUNCLION et 97
ThemkTagVal FUNCLION ..o 98
The evaPrimop FUNCLION oot 99
The exeCMapInsert FUNCLION ........c.oooiiiieceece e e 101
The exeCMapFind FUNCLION  .......ccoiiiece e 103
The find Function on ABStract Maps.........cccoeeiueeieecie s e 103
The exeCMapEqual FUNCLION .......cccoooiiiiee e 105
ThematCh FUNCLION e 107
Helper Functions for the match FUNCLION ..........c.ccoeieiice e 108
ThemapMap FUNCLION .o e e 111
The mapUnionWith FUNCLION ..........cociiiee e 112
The collapseMap FUNCLION ..o e 113
The findLiveKeySFUNCLION  .......ccoeieeece e 114
Function to Be Partially Evaluated On Input VS =[2]3]......ccccecvevvieeieciecieeen, 117
Partially Evaluating the inc() Function With No Improvement Strategies......... 118
Residual Function Resulting From Partial Evaluation Without Improvement...119
Partial Evaluation With Function Specialization............cccccoevveveiceeie e, 120
Residual Function Resulting From Function Specialization .............ccccccceveenee.. 121
Rematerializing NON-SCaAlAIS ........cccocoeiieiieseceeses e 121
EXpression SPeCialiZation  .....ccoccvvcie e e 122
Challenges of Function Specialization. ............cccceveeveeieeie e 124
FINILENESS PAtErNS e e e 127
A Fragment of Dead-Assignment Elimination ............ccccccovovveiceeie e cie v, 129
FINItENESS ANAIYSIS e e e 134
Example Function to Be Optimized............ccocvieeiiieecie e 138
A Problem With Not Specializing Non-Finite FUNctions. ...........ccccccceveeviieee. 138
Specializing Non-Finite Functions Using the Context Key of Their Callers.....139
Modified Example Functionto Be Optimized...........ccocoeveeveiveecie e 140
A Problem With Maintaining One Contour Key Per Finite Argument .............. 141
Using Chains of Finite Arguments as Contour Keys.........cocovvvveiieececvesveenennn, 144
Module Implementing Contour KEYS.........cuoviieeiiieeie et 145
Expression Specialization Applied to Dead-Assignment Elimination................ 147

\



6.20
6.21
6.22
6.23
6.24
6.25
6.26
6.27
6.28
6.29
6.30
6.31
6.32
6.33
6.34
7.1
1.2
7.3
74
7.5
7.6
1.7
7.8
7.9
7.10
711
7.12
7.13
7.14
7.15
7.16
8.1
8.2
8.3
8.4
8.5
8.6
8.7
8.8
8.9
8.10

Invoking the expression specializer from the partial evaluator .......................... 148

The discriminate Function for Specializing Case EXpressions...........cccceeveenen.. 149
The findPossibleMatches FUNCLION............coieiini e 149
The discriminateMatch Function for Generating Discriminating Matches........ 150
Data Representation Assumed by SCF...........oooviiieeie e 151
Counting the Number of Operations to Implement a Pattern Match................... 152
Computing Minimal Discriminating Matches Via Generate and Test ............... 153
Example: Computing Minimal Discriminating Matches............ccccevveieiveenene. 154
Motivating Example for Widening.........ccooeeuevievieceece e 158
Argument and Return Va ues Produced While Evaluating analyzeCmd4......... 159
Widening IN SCF e e s 163
Signature Required of the Rematerialization Strategy Module.......................... 165
Scalar ReMaterialiZation .o e 166
Non-Scalar RematerialiZation...........ccoceeeeireeiiree e e 167
Example: SCF-Style Non-Scalar Rematerialization.............ccccveceeieieeseiceennen, 168
Analysis and Transformation Functions After Partial Evaluation...................... 173
Scalar vs. Non-Scalar Dead-Store Elimination............cccovevevenie s seniecieenes 175
Syntax and Semantics of Field Projectors..........cccoovveevece e v 177
Syntax and Semantics of Liveness Patterns (LP'S) ....ccccvececieveevecceccece e 178
The Lattice of LIVENESS PatternS..........cocveiririeieieeie s s 180
The Liveness Pattern MOTUIE............oc.ooeiinire i 181
The makel PFromPattern Helper FUNCLION............ccovovveceeiece e 183
The makel PFromAbstVaue Helper FUNCtion...........cccccoe e, 184
Interprocedural AnalySiS EXamPle.........cooveieiecieiie et 185
The Function DSEe for Dead Store Elimination on SCF-ML Expressions....... 187
The Function DSEprimop for Optimizing Primops, Including Map Operations190
DSE of Case EXPreSSIONS. ..oooeiiicie ettt ettt 194
The Function DSEm for Optimizing Case Expression Matches.............cc........ 195
The Merge Function DSEms for Optimizing Case Expression Matches........... 196
DSE of Curried EXPreSSiONS ........ccccececieie et sree e 197
The Function DSEcf for Optimizing Curried Function Applications................. 199
Staged Dynamic Compilation USiNg SCF.........ccovoiiiieeiece e 204
Baseline Configurations for Evaluating SCF...........cccooveie e, 205
Configurations Used inthis Evaluation..............ccccovveveeiiececie e 207
Speedup of Staged Optimizer Relative to Unstaged Optimizer ............cccoc........ 211
Pipeline Expansion Factor and Input Function Size.........ccccccevvevevieveccecceene, 212
Asymptotic Speedup of Compiled FUNCLIONS..........cccoeeiveiieece e 213
Contributions from Variants of the Abstract Value Representation.................... 215
Contributions from Abstract Value ID’S ........coceiiieierie e 218
Contributions from must and may Listsin Abstract Maps..........ccccoeeeveviecunenee. 219
Contributions from Context-Sensitivity SIrategy .......ccccevveveevieeiece e seeseeeeenns 221

Vi



8.11
8.12
8.13
8.14

Contributions from Expression Specialization ...........cccccevvveveviesieseescecce e 222

Contributions from Widening Strategy ..........cccvevereeveeeieereee e 224
Contributions from Non-Scalar Rematerialization and Hoisting ....................... 225
Contributions from Dead-Store Elimination............ccccooeenerenenieseniesesieseneas 226

vii



List of Tables

Augmented Regular Tree Expressions (Abstract Values): Syntax and Semantics 46
Conservative Specifications for Functions of the AbstractValue Interface........... 86
INPULS t0 Staged PIPEIINE ... e 208

viii



Acknowledgements

First and foremost, | would like to thank my advisor Craig Chambers. The work described
in this dissertation posed challenges every step of the way. Craig gave me the freedom to
work these challenges out at my own pace, a process that transformed me from graduate
student to professional researcher. On the other hand, Craig's clarity of thought, mastery
of material from the big ideas to the details and his instinct for identifying the centra
problem ensured that the freedom didn’t become an impossible burden. Finaly, Craig's
obvious love for research has always been an inspiration for me: | don’t know of many
advisors who routinely check in large quantities of code with no paper deadline in sight,
especialy after tenure!

For the first few years of graduate school, | was co-advised by Susan Eggers. Susan
has been a great mentor, caming influence and reality check. From Susan, | learnt how to
break down systems into their components and understand them through rigorous mea-
surement. | am especially grateful to her for supporting me while | cast about for the cor-
rect way to formulate the work of this dissertation.

| am grateful to my other committee members, Dan Grossman and Jean-Loup Baer.
Dan agreed on short notice to serve on my reading committee and actually read through
and vetted the whole dissertation, for which | am especially grateful. Jean-Loup also
served on my general exam committee. Thanks to David MacDonald for agreeing to the
thankless task of Graduate School Representative.

The work in this dissertation describes the third in a series of dynamic compilation
systems | was involved in building at the University of Washington, and is strongly influ-
enced by its predecessors. Joel Auslander was my partner in crimein building thefirst sys-
tem. Although Joel and | were classmates, his knowledge of compilers and his
mathematical intuition far exceeded mine, and | learned much from him. Brian Grant and
Markus Mock were co-creators of the DyC system that was the direct predecessor of the
system presented in this dissertation. We spent a couple of years beating the Multiflow
compiler into submission: a bonding experience, if any! The Cecil group, under Craig’s



leadership, provided a wonderful environment for doing research. Thanks to Jonathan,
Keunwoo, Sorin, Todd and Vass for al the good times, and for the excellent reading
groups, discussion sessions and group meetings. Thanks especially to Sorin and Keunwoo
for helping with practicing my defense talk.

Lindsay Michimoto, Melody Kadenko and Frankye Jones have been invaluable in
dealing with the university. Lindsay in particular has been infinitely patient while | mean-
dered leisurely through the dissertation writing and defense process. | would also like to
thank the computing support staff for the tireless and excellent service during my stay.

I committed the cardinal sin of joining work before | wrote up my dissertation. | am
grateful to my managers and colleagues at Intel for having been extremely supportive of
me during the three years it took me to finish. | would especialy like to thank my manag-
ers Gaetano Borriello and James Landay for their support and understanding.

Friendships with my fellow graduate students put things in perspective, even when
the pressures of work were intense. Thanks to Joel Auslander, Anhai Doan, Marc Fiuczyn-
ski, Brian Grant, E Lewis, Jack Lo, Evan McLain, Omid Madani, Todd Millstein, Sujay
Parekh, Tapan Parikh, Kurt Partridge, Don Patterson, Josh Redstone and Zasha Weinberg.

Thanks to Amma and Appa for their unconditional love, support and belief in me all
these years. You have been my most influential teachers. Finally, my wife Kerry hasheld a
job, given birth to two children and completed her own doctoral studies while | was buried
in my thesis work and dissertation. Through it all, she has showered me with love and

affection. Thank you Kerry. Every man should be so lucky.



DEDICATION
To Ammaand Appa who made me
and Kerry who completed me

Xi






1. Introduction

Information relevant to program compilation becomes known at different stages during
program compilation and execution. These stages include:

1. traditional separate compile time, when each single-file piece of a program becomes

available,
2. library assembly time, which offers new interprocedural analysis opportunities,

3. program link time, which offers more interprocedural analysis opportunities and possi-
bly closed-world analysis opportunities as well,

4. initial program load time, when details of the execution platform become known,

5. dynamic load time, when knowledge of run-time extensions or changes to the program
can be exploited, and

6. runtime, which offers opportunities to customize the compiled code to the application’s
actua run-time behavior.

Exploiting the information available in later stages can lead to much better optimiza-
tion, in practice as well as theory. For example, link-time compilers can perform interpro-
cedural and whole-program analysis, and run-time compilers can optimize based on
dynamic program behavior or target platform characteristics, all with substantial perfor-
mance gains.

Optimizing on the basis of late-stage information comes with a challenge. The later
the stage, the faster (in terms of time per instruction optimized) the optimizer run at that
stage needs to be. One reason for this requirement is that information relevant to optimiza-
tion typically changes more frequently at later stages. Consider the dynamic-loading and
the run-time stages, for instance. Typically, each time amodule isdynamically loaded, it is
run a large number of times. Since the cost of each instance of load-time optimization is
amortized over alarger period than that of run time optimization, we are typically willing
to incur a higher overhead at load time.

A commonly used technique to achieve fast late-stage optimization is to explicitly
design versions of optimizers for the |late stage that are “leaner”. These optimizers have a
carefully chosen subset of the functionality of their early-stage counterparts. For instance,



just-in-time compilers have a smaller set of optimizations than typical static optimizing
compilers, and the optimizations themselves are often non-iterative and local. Also, link-
time optimizers are often flow-insensitive, whereas separate compile time optimizations
are flow-sensitive. This technique of sacrificing optimization quality to speed up optimi-
zation has proven to be effective in many cases.

A complementary approach to speeding up late stages, called staged optimization,
uses early-stage computation for pre-planning and partially executing |ate-stage optimiza-
tion. The intention is that by thus increasing the effective amount of time available to the
late-stage optimization (while hopefully not overly burdening the early stage), late-stage
optimizations don’t have to be as lean as, and can therefore be more effective than, optimi-
zations that run wholly in the late stage.

Staged optimization exploits the fact that for many programs, although precise input
values to an optimization may not be available until alate stage, some approximate knowl -
edge of theseinputs is available at an early stage. For example, it may be known, at sepa-
rate compilation time, which variables and data structures are likely to have invariant
values, which methods are the likely targets of particular dynamic dispatches, and which
branches are likely to be biased, but the actual values, methods, or branch paths may be
unknown until link time, load time, or run time. It is possible to exploit this early knowl-
edge by designing the optimization so that it executes over many stages. The part that exe-
cutes at an earlier stage could exploit early knowledge by pre-computing the possible
calculations and outcomes of the later-stage parts, and generating a customized version of
the later-stage parts that performs only the computations needed to resolve what was
unknown in the earlier stage. Since the customized late-stage part needs only to complete
the optimization, |ate-stage optimization costs are lowered. Further, since a given piece of
early-stage information may approximate many later-stage instances, the overhead of
building a customized optimizer at an early stage can be recouped over many later-stage
USES.

Staged optimization has been shown to be both fast and effective for run-time compi-
lation of non-trivial programs[24, 14, 39, 48]. However, although these systems have val-
idated the idea of staging, the complexity of engineering them to stage arbitrary
optimizations is abarrier to their widespread adoption. Infact, all but one of these systems



only stage only a single optimization: partial evaluation. Anecdotal evidence suggests that
despite of avast literature on staging partial evaluation, building systems that staged effec-
tively even this single optimization was quite challenging.

A predecessor of the staged compilation system presented in this thesis, called DyC
[24], demonstrated staged versions of two optimizations beyond partial-evaluation: copy
propagation and dead-assignment elimination. However, writing staged compilers based
on these algorithms for staging individual optimizationsis substantially more difficult and
error-prone than writing their unstaged counterparts. The primary difficulty is that where
traditional optimizations reason about the behavior of the program to be optimized, a
staged optimization has to reason about the behavior of the optimization itself when
applied to that program. In effect, the early stage has to perform akind of case analysis of
all the ways that optimizations might proceed at a later stage, and then pre-compute for
each case as much of the final result as possible. Reasoning at this“meta’ level isasignif-
icant burden on the compiler writer. A secondary difficulty isthat an agorithm for staging
an individual optimization may not work well when the optimization is part of a pipeline.
In particular, the DyC algorithms for staging individual optimizations were hardwired to
assume that a particular set of optimizations would precede them in the pipeline, thus
destroying the compiler designer’s ability to modularly re-arrange the optimizationsin dif-
ferent ordersin the pipeline.

To address these difficulties, we present in thisthesis a system called the Staged Com-
pilation Framework (SCF) that can automatically and mechanically construct a staged
compiler, given an ordinary single-stage compiler. The compiler writer smply writes pro-
gram optimizations (that typically input a function and output a transformed version of the
function), and composes them in an arbitrary sequence, just they would with atraditional,
unstaged compiler. The optimizations are written in afirst-order, side-effect-free subset of
ML called SCF-ML. Beyond using this language, the compiler writer need not, in princ-

ple, be aware that the optimization is to be staged.! At any stage, given approximate infor-
mation about the inputs to the compiler, a compiler user (who usually is distinct from the

1. Although in practice, the SCF infrastructure is tuned to perform best when optimizations are written in a specific
(arguably natural) “compositional” style.



compiler writer) may feed the compiler and the information to SCF, which will automati-
cally produce a version of the compiler specialized for the approximate information.

The design of the system is based on two key insights. First, the approximate informa-
tion, describing both inputs to and results of any staged optimization in the compiler pipe-
line, may be viewed uniformly (and independently of the optimizations preceding the
optimization in the pipeline) as the set of possible values assumed at later stages by the
formal parameters and the return value of the optimization function. Later stages have
access to “less approximate”’ information in the precise sense that the set of possible inputs
at the later stage is a subset of that at the earlier stage.

Second, the effect of a hand-written staged optimization on its approximate input is
similar to that of systematically specializing an ordinary, unstaged version of the optimi-
zation with respect to the approximate input. In our current design, the specializer (which
we call the stager) consists of a forward pass which performs a specialization step called
online partial evaluation, followed by a reverse pass which eliminates dead store opera-
tions. Although both partial evaluation and dead-store elimination are techniques that have
been studied extensively, it is notorioudy difficult to design online partial evaluators [56]
or dead-store eliminators [53] that are both effective and terminate in a reasonable amount
of time. Showing how to effectively harness these techniques towards the task of staging
programsis at the heart of thisthesis.

This thesis makes the following contributions:

1. It motivates and formul ates the problem of automatically deriving astaged version of a
compiler from an unstaged one.

2. It shows how to represent possible inputs and outputs to all optimizations in a uniform
way, and how to use the uniform representation to enable staging of a pipeline of opti-

mi zations given techniques to stage an individual optimization.

3. It describes a set of techniques for automatically specializing individual optimizations
so as to make them substantially faster. Novel contributions include:

e asmple first-order side-effect free functional language called SCF-ML for specifying

optimizations,



e an expressive domain for the online partial evaluator,

e asimple but effective analysis to determine what functions to specialize and on what

arguments,

e acontext-sengtivity strategy which specializes call-chains of functions and is tailored

to the concrete behavior of the input program,

e an “eager” specialization scheme to keep track of correlations when analyzing sets of

values, and

¢ adead store elimination algorithm that cooperates with the partial evaluator to enable

effective dead assignment elimination through commonly used data structures.

4. It evaluates an implementation of the design, targeted at staged compilation of C pro-
grams. The evaluation shows that our techniques can produce staged compilers that are
several times faster than their unstaged versions, and also analyzes the contribution of
the techniques mentioned above to overall speedup.

The rest of the thesis is structured as follows. Chapter 2 places the goals and techniques of

SCF in the context of other efforts to achieve fast late-stage compilation. Chapter 3 pre-

sents an overview of the design of SCF followed by an example detailing inputs and out-

puts to various parts of SCF. Chapters 4 through 8 describe how the core components of

SCF work. Chapter 9 presents measurements that evaluate both the overall effectiveness

of SCF, and the contributions of particular SCF techniques to the overall picture. Chapter

10 presents conclusions and discusses future work.



2. Motivation and Background

Staged compilation is essentially a method for making compilers faster. Automatic staged
compilation, as advocated in this dissertation, isaway for making it easier to create faster
compilers. In this chapter, we discuss why creating faster compilersis useful, how staging
compares to other methods for speeding up compilers, and how automated staging com-
pares to other methods for staging.

We present a ssimple view of a modern compiler in section 2.1. We discuss traditional
approaches to fast compilation when a compiler is used according to this simple view. In
section 2.2 we introduce the notion of compilation stages, which are distinct pointsin time
when parts of inputs to the compilers are introduced, possibly by different principals (such
as kernel function writers, library writers and whole-program writers). We explain how the
staged availability of information may demand even faster compilers. In sections 2.3, we
introduce an approach, called staged compilation, that allows us to exploit the compilation
stages themselves to speed up compilation. In sections 2.4 through 2.6, we discuss three
techniques, procrastination, pessimism and preplanning, for implementing staged compi-
lation. The first two techniques are routinely used in existing compilers. The third tech-
nique, preplanning, is more powerful in important ways but less developed. We examine
three techniques for preplanning-based staging, in order of increasing automation, ending

with the highly automated approach proposed in this dissertation.

2.1 A Simple Model of a Modern Compiler

Figure 2.1 is a schematic for a modern compiler [2]. The compiler consists of a sequence,
called a pipeline, of optimization phases O; through O,,. In what follows, we refer to the

O; as optimizations or as phases. Common optimizations include constant propagation,
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FIGURE 2.1: A Simple View of aModern Compiler.



dead assignment elimination, function inlining, register alocation, scheduling and linking.
Optimizations can be interprocedural, in which case many functions are optimized simul-
taneoudly, or intraprocedural, where functions are analyzed one at a time. The pipeline
takes as input the functions that comprise the program to be compiled, along with avariety
of auxiliary information that helps in compiling the program. We will call the functions
input functions and the program the input program in what follows. The auxiliary infor-
mation may include, for instance, values of constants in the program, class hierarchies
(when the input program is object oriented), the probabilities of various branches in the
programs being taken, the execution frequency of input functions and a description of the
machine on which the program is intended to be executed. Each optimization takes the set
of functions and relevant auxiliary information and produces a transformed version of the
functions and sometimes, auxiliary information about the transformed functions. The out-
put of the entire pipeline is an executable program, i.e., a fully compiled version of the
input program.

In the simplest usage model for the compiler,® a programmer (a compiler user) first
writes the program to be compiled, gathers all the source code and auxiliary information
for the program, and invokes the compiler (typically written by a separate compiler writer)
to produce the program to be executed. We call this usage model the “ single-stage” model,
since the compiler isinvoked exactly once, when al inputsto it are available. A program
user may later execute the resulting program. The implicit contract between these three
principals is that the compiler writer produces a compiler that does not take too long to
compile, but produces binaries that deliver good performance (measured in execution
speed, memory footprint, compliance with security policies, etc.). The compiler user
selects the features of the compiler (typically through command line flags), invokes it, and
waits for as long as necessary to produce sufficiently high quality code for their clients.
The program user runs the program with assurance of maximum performance. At the heart
of the contract is the capability of compilers to produce binaries of sufficiently high qual-

ity within areasonably small amount of time.

1.Although for reasons of efficiency and practicality this simple model where all source code is submitted at once to the
compiler issomewhat smpler than that used by most traditional compilers, it isthe one used implicitly to describe many
whole-program optimizations.



The difficulty in living up to this contract is that the analyses that underlie optimiza-
tions are typically polynomial (traditionally O(n®) or worse) in their input size. When the
input programs are analyzed one input function at a time, as most compilers still do, this
cost is bearable. However, if as many modern optimizations do, the whole program needs
to be analyzed at once, improving compilation speed becomes an important research topic.
Existing techniques to improve speed fall into three main classes, approximation, summa-
rization and sel ective optimization, which we describe below.
1.Approximation. As per the widely used abstract interpretation [15] view of program
analysis, conventional optimizations adopt an abstract view of the set of possible traces
(i.e., the sequence of concrete stores) of the program they are optimizing, and interpret
the operations of the program as computations on the abstract trace. The challenge of
designing an effective optimization lies in picking an abstract view that is precise
enough that it preserves relevant features of the traces of the program being
approximated, but approximate enough that the interpretation of the program over this
abstract domain terminates in a timely fashion. Some common approximations, which
may be applied to the abstractions selected for most optimizations, and which are
designed to speed up program analyses include flow insensitivity [5,69], where the
optimization conflates trace values from different program points, context insensitivity
[12,57], where the optimization conflates trace values entering a function from
different calling program points, heap insensitivity [22, 59] where the optimization
conflates heap-allocated store locations and bidirectional assignments [64], where the
optimization conflates the store locations on two sides of assignment statements.
2.Summarization. As mentioned above, atypical optimization interprets with respect to
an abstract domain each operation in the program being optimized. The interpretation
function for each operation is sometimes called a flow function. The action of an
optimization on a program fragment (such as a basic block, function or module) can be
viewed as the application of a sequence of flow functions to the abstract store at the

entries to the fragment.



In some cases, it is possible to replace the sequence of flow function with a single
summary flow function which is simpler than the compound one obtained by
sequentially invoking the original flow functions. In these cases, the optimization
proceeds in two passes. The first pass generates the summaries, and the second pass
uses them. When the optimization needs to analyze the summarized program fragment,
it can simply consult the summary of the fragment to obtain (in general) a much
quicker estimate of the effect of the fragment than re-analyzing the entire fragment.
Reps [52], for instance, has shown how to mechanicaly construct fast summary
functions for interprocedural optimizations whose abstract domains meet a particular
set of criteria. The T1-T2 analysis of Tarjan [2] is another method for constructing fast
summary functions for certain intraprocedural optimizations. Finally, the componential
analysis of Flanagan and Felleisen [21] shows how to construct summary-based
versions of a broadly useful class of analyses called set-based analyses. Many other
analyses, such as synchronization analysis [58] and points-to analysis [17] have
benefited from a summary-based formulation.
3.Selective optimization. The simplest, and most common, technique for lowering
optimization costs is to provide the compiler user with the option of disabling certain
optimizations in the pipeline, of applying lean versions of optimizations when
desirable, or of enabling optimization only on certain parts of the incoming program,
e.g., parts which are executed heavily as per an execution profile.
The above techniques are effective enough that the single-stage model of compilation is
quite acceptable in many traditional compiler-use scenarios. In particular, since this model
places responsibility for compilation of the whole program on a single compiler user, as
long as the user accepts this responsibility, she will presumably be willing to “pay a rea
sonable price” (where “reasonable’ is, say, between linear and quadratic timein input pro-
gram size) to optimize the whole program. Especially with programs written in “low-
level” languages such as C and C++ that benefit relatively little from heavyweight whole-
program analyses, and that are not designed to be used as mobile code (where the proces-



10

sor on which they are executed is determined only at run time), the single-stage model is
adequate.

When a single compiler user is unwilling to accept compilation overhead for the
whole program, when heavyweight whole-program analysis can be profitable (as for pro-
grams written in high-level languages such as Java, C#, Lisp and ML), or when all inputs
required by the compiler are unavailable (as in programs using dynamic linking and
mobile code), the single-stage model breaks down. Given recent software engineering
trends towards high-level languages with mobile, dynamically updated programs, and
given that programs have long been created by multiple compiler users, it is useful to
examine a compilation model that goes beyond a single stage.

2.2 Compilation Stages

The single-stage model assumed that the compiler is invoked exactly once, when al its
inputs are available. We now recognize that the inputs to the compilers may be made
available in multiple stages (i.e., distinct points in time). Correspondingly, there may be
more than one compiler user providing thisinput. We call this model the multi-stage usage
model.

Figure 2.2 is a pictorial representation of the multi-stage model. The figure focuses

less on the compiler pipeline (on the right of the figure) than on the stages and inputs to

stages
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FIGURE 2.2: Compilation Stages.
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the compiler (on the left). The inputs and stages form a table, with inputs as rows and
stages as columns. Inputs range from functions to machine descriptions, as in the single-
stage model. Stages range from separate compilation (labeled “ separate comp.”) to pro-
gram execution (“run”). Each column (highlighted in gray) in the table, represents the
additional information for compilation introduced in the stage labeling the column. An
entry in the table (such as F2) designates the part of a particular kind of input available at
aparticular stage (F2 represents the functions available in the second stage, i.e., thelibrary
assembly stage). We step through the five stages in turn and discuss the kinds of informa-
tion that may be available at each. The particular stages, inputs and incremental informa-
tion portrayed in the figure are not meant to rule out others:. they are meant to serve only as
arealistic example.
1.The separate compile time stage, when individua functions are available. The
functions themselves are denoted by label F1 in the figure. With each function, we
often know the values of certain constants (C1) used in these functions, a partia class
hierarchy for classes used in the function (H1), and sometimes, a description (D1) of
the machine on which the function is intended to be executed on. Note that branch
biases and execution frequencies of a function are typically not known until link time,

when it is possible to run a version of the program and gain profile information.

2.Thelibrary assembly stage, when a set of functionsis assembled into alibrary. Having
these functions makes library wide constants (C2) and class-hierarchy extensions (H2)
available. Further, if the library has been tested with “representative’ clients, many of
the branch biases (B2) and execution frequencies (E2) may also be available. It may
seem that in order to “test out” the library with a client, it is necessary to execute the
library, so that it is dubious to claim that profile information is available before the
execution stage. However, note that it is often possible to run the library on a few
representative programs to get profile information, and to use the profiles so collected
as the input profile when compiling most other programs. For most programs that use
the library, therefore, it may be unnecessary to execute the program to get profile

information. The same is true of the separate compilation stage, of course. However, it
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is unusual to collect profile information for individual functions, although for large

very heavily used kernels, it is not inconceivable to do so.

3.The static link stage, when sets of functions and libraries are grouped into whole
programs, is very similar to library execution, except that we often have an additional
guarantee at this point that no more functions will be added to the program (or to
certain parts of the program), so that the compiler can make a strong closed-world
assumption.

4.The load stage, when programs are loaded from disk into memory for execution.
Details (D4) of the machine on which the program is to be run may be provided only at
this point. For instance, a program may be compiled for a particular architecture, but it

may be possible to optimize it further for an implementation of the architecture.

5.The execution stage, when the program is run. Based on values computed during
execution of the program, additional functions may be dynamically linked and loaded,
yielding amore complete view of the program (F5 and H5), the values of variables that
are quasi-static (remain fixed for long periods during execution) may be reveaed (C5),
more accurate execution profiles (E5) and branch biases (B5) may be available, and (in
the case of dynamically loaded and mobile code) details of the underlying machine
(D5) may berevealed.

The staged availability of information asillustrated above presents two challenges in com-
piler design. Thefirst challenge is that because we now have multiple compiler users (typ-
ically, one at each stage), each user may be willing to pay only for compiling “their part of
the program”. For instance, if auser linksin large libraries produced by other usersinto a
relatively small program that they have written, they may be unwilling to accept the large
compilation overhead to optimize the program as a whole. Using a single-stage compila-
tion strategy would likely be unacceptable in this scenario because the final compiler user
would have to pay the cost of optimizing the whole program.

The second challenge is that since the final stage may well be during program execu-
tion, the strategy of waiting until al inputs are available before compiling can potentially
result in a lowdown of the program to be optimized. Specifically, the overhead of compi-
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lation at the execution stage may overwhelm any benefits from optimization, especialy
given the high overhead of heavyweight optimization techniques.

2.3 Saged Compilation

Careful use of the techniques from the previous section for speeding up optimizations
could help in addressing the above two challenges. Interestingly, however, the staged
availability of inputs itself presents a powerful additional opportunity for addressing the
challenges. In particular, both the above challenges can be viewed essentially as due to
deferring “too much” work to later stages, especially the final stage. Time spent compiling
in the final stage may be “disproportionate” to the information added in the final stage. If
we could shift some of the compilation burden away from the final stage to the previous
stages (by “partially executing” it somehow), and in particular make the work done in
each stage correlated with the amount of new information added in that stage, we have the
possibility of reducing the amount of work done in later stages.

Figure 2.3 provides a schematic view of how staged compilation may work. The com-
piler is partially executed on the partial inputs available at each stage before the fina
stage, and fully executed at thefinal stage. A single partial executionisarow in the figure;
rows are separated by dotted horizontal lines. Partial execution of the compiler is denoted
by drawing the compiler pipeline with rounded corners, as for the separate compilation
and library assembly stages. Concrete execution is denoted by drawing the pipeline with
sguare corners, as in the run time stage.

The result of partial execution is an intermediate compilation result, denoted ICR in
the figure. For instance, partially executing the compiler on information available at the
first (separate compilation) stage resultsin the intermediate result ICR;. All later compiler

executions (whether partial or concrete) take asinput the ICR from the previous stage. The
intention is that the current stage can use the ICR from the previous stage so as to avoid
repeating the work done by the previous stages. Each stage will therefore hopefully do less
work than if it had to process the information gathered over all previous stages. Figure 2.3
represents the diminished load on each step by replacing the full gray squares comprising
the optimizations of the pipeline with gray rectangular divers. If staged compilation works
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well, for instance, each optimization in the fina stage will only have to do a very small
diver of the work it would have to do in the unstaged model.

We assumed in this section that there is some way of partially executing the compiler
pipeline, and of communicating the result as an ICR. In the next three sections, we exam-

ine some concrete approaches for doing so.

2.4 Saging via Procrastination

A common technique for staging is based on the observation that not all optimizationsin
the pipeline require all inputs. Further, optimizations early in the pipeline often require
only information that is available in early stages of compilation. For instance, early phases
in a pipeline rarely perform either whole program optimization or machine-specific opti-
mizations, and can do with single functions with inputs. At each stage, some prefix of the
pipeline may have al the inputs it needs.

A possible implementation for partial execution, therefore, is to identify the sub-
sequence of optimizations in the pipeline for which all inputs are available at a given
stage, but not in the previous stage, and to concretely execute only that sub-sequence. Exe-
cution of the rest of the pipeline would be deferred to later stages, a strategy we call pro-
cragtination. The input for execution would be the ICR from the previous stage, the result
of all phases preceding the current sub-sequence. The execution will produce results to be
passed on to thefirst optimization after the sub-sequence; of course, this optimization does
not have al itsinputsin the current stage. These results would therefore constitute the ICR
fed into the next stage.

Procrastination clearly has the potential to move some compilation overhead to early
stages. In fact, in most modern compilers, functions are parsed and many local optimiza-
tions performed at the separate compilation stage. Even in just-in-time (JIT) compilers
[65, 1], which are optimized to exploit information available at the run-time stage, it is
common to compile functions down to the bytecode level in a separate compilation stage
that happens well before the program is executed. Compilers that perform whole program
optimizations normally also perform parsing and local optimizations before whole pro-
gram optimizations. If the compiler consists purely of intraprocedural optimizations, then
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almost the entire pipeline (other than simple “ gathering” steps such as archiving and link-
ing) can be moved to the separate compilation stage.

The drawback of procrastination is equally clear. Many lucrative optimizations, for
instance whole-program analyses that perform function devirtualization, representation
optimizations (such as inlining of fields) and machine-specific optimizations (such as reg-
ister allocation and scheduling), often require inputs (such as the whole program, execu-
tion profiles and machine descriptions) that are often only available at very late stages.
Thus, compiler users at |ate stages, such as link time, may still be saddled with very high
overheads of heavyweight program analysis, and exploiting run-time information may till
require an excessive overhead.

2.5 Saging via Pessmism
A compilation system based purely on procrastination has the disadvantage that if an opti-
mization has incompl ete inputs, the compiler user has no choice but to defer the optimiza-
tion to a later stage. Pessimism is a technique for partial execution that, unlike pure
procrastination, allows an optimization to execute to completion with partially defined
inputs. The basic idea behind the technique is simple: where input information is neces-
sary but missing, assume it to be the most conservative possible information. The trick to
making pessimism effectiveisto fall back on missing information sparingly.
Examples of how conventional optimizations may use pessimism to counter lack of
information follow.
1.To understand as precisely as possible whether a particular function call side effects a
particular local variable, it is in general necessary to analyze the whole program.
Potential definitions due to side effects are important to identify in optimizations such
as dead assignment elimination and register allocation. In the absence of the whole
program, the most pessimistic assumption would be that all local variables may be
side-effected at every function call. Intuitively, however, we know that a variable can
be side-effected only if its address has escaped, i.e., has been passed to a callee, either
directly as a parameter or indirectly through the heap. When only a single function or a

library of functions is known at a particular stage, it is conventional to perform an
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escape analysis [11, 49], and pessimistically assume that only escaped variables are
possibly side effected.

2.When optimizing object-oriented programs, it is necessary to determine the possible
set of classes that a particular variable use may assume at run time. ldentifying the
classes can help in eliminating expensive virtual method calls, for example. As with
side-effect analysis, the complication is that if the reference escapes some fragment of
code (or if its value flows from outside the fragment), there is a possibility that it will
be assigned an arbitrary legal value by the code it escapes to (or that its value flows
from). Ideally, if all the code the fragment may reference is available, conventional
whole program analyses could determine its possible classes. However, if only a
function or some libraries of the eventual program are available, it is common to make
pessimistic assumptions. The naive pessimistic assumption would be to assume that the
variable will be some subclass of its declared class at run time; given that classes may
be added at |ater stages to the program, the set of possible classes cannot be bounded at
the early stage. A more sophisticated pessimistic approach (called extant analysis [63])
isto identify those variables that escape the currently available fragment of code (or to
which there is may be value flow from outside), and make the pessimistic assumptions
for these. Those variables that do not escape the fragment can be analyzed with the

assumption of full knowledge.

3.When performing constant propagation or partial evaluation, it is necessary to have the
values for all constants to be propagated, including constants represented by symbols.
For instance, a variable may be annotated £ inal in a Java program, or a symbol may
denote an address to be resolved to a fixed value by the loader or dynamic linker. At a
particular stage (such as library assembly time or load time), some subset of such
constants may be resolved, and not others. A pessimistic analysis could handle this
situation ssimply by systematically setting the not-as-yet-resolved constants to “non-

constant” value and then performing the optimization.

4.When performing backend optimizations such as scheduling and register allocation, it

is useful to have as detailed a modd of the machine on which the code will be
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executing on as possible. However, before the code is executed, it may be the case that
the architecture of the processor to be executed is known, but not the implementation.
For instance, it may be known that the target is an X86 processor, but not which
generation, what multimedia instructions it will support, etc. A pessimistic solution
may be to select a conservative machine representation that is guaranteed to execute

correctly on all instances of the architecture, albeit at some performance cost.

To enable pessimistic compilation over an entire pipeline, a compiler writer may provide
both regular (optimistic) and pessimistic versions of optimizations in a pipeline. At a
given stage, in the presence of incomplete information, a compiler user may choose
between procrastination and pessimism. If he chooses the former, he would simply pass on
the ICR input of the current stage to the next stage. If he chooses the latter, he would exe-
cute the pessmistic version of the optimization on the incoming ICR and pass on the
results to the next phase. More commonly, the compiler writer would just provide either a
pessimistic or an optimistic version of the entire pipeline; in the former case, the compiler
user defers no work to the next stage, in the latter he would defer all work.

Pessimism has the advantage that it allows optimizations to be executed at early
stages in spite of partial availability of inputs, thus avoiding overly burdening later stages.
Its disadvantage is that the late stage speed comes at the expense of lost optimization

opportunities.

2.6 Saging via Preplanning

Procrastination and pessimism are less than ideal solutions for the absence of complete
information about an input required by an optimization. A compiler user can either com-
pletely defer an optimization (adding corresponding overhead to later stages), or com-
pletely execute it pessmistically (with accompanying performance loss in compiled
code). Essentially, we achieve partia execution of the pipeline as a whole in the face of
partial inputs at a stage by concretely executing individual optimizations whose inputs are
completely defined (albeit perhaps only after a pessimizing step). A third option, which
we will call preplanning, allows partial execution of an individual optimization given only

partial information about its inputs. “Partial execution” in this case means a kind of pre-
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planning, rather than execution in the conventional sense, since conventional execution is
impossible without complete inputs. The result of partial execution at a stage can be
thought of as a plan for completing the optimization at a later stage, when more informa-
tion about the optimization’s inputs is available, without repeating much of the work from
the earlier stage. The advantage of this approach is that it reduces the burden on the late
stage(s) without necessarily compromising on accuracy.

Below we discuss two ways in which preplanning-based staging may work. Section
2.6.1 shows how, if only summarizable analyses are to be staged and the only information
to be exploited in stages is the set of functions in the program, the summarization tech-
nique of section 2.1 may be adapted to achieve partial evaluation of the analysis. Section
2.6.2 discusses ways of staging complete optimizations (which typically comprise both
analyses and transformations), as well as pipelines of optimizations on arbitrary kinds of

staged inputs.

2.6.1 Summarization as Preplanning

Recall from section 2.1 that one of the ways to speed up an analysis with no loss of quality
in the result was summarization. Summarization essentially structures the analysis as a
two-step process. The summarization step processes various fragments of the program
(basic blocks, functions, libraries, etc.) separately from the rest of the program to compute
a compact, analysis-specific summary for the fragments. The propagation step performs
the analysis using the fast summariesin place of the original program fragments whenever
possible.

The extension to staging is obvious and has been proposed by various researchers [21,
58, 17]: the two steps can be performed in different stages if the summaries from the early
stages are treated as the ICR’s. For example, given just a library at the library assembly
stage, we could construct a summary for the library that captures only its interactions with
its clients. At link-time, we could do whole-program analysis across the pre-computed
summaries that accompany the fragments of the program being linked together. Once the
system reaches fixed point, we could propagate results locally within summaries. In both
cases (global and local analysis), summarization alows the number of nodes being ana-
lyzed simultaneously to be much smaller than without summarization.
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FIGURE 2.4: Saging Analyses by Summarization.

Figure 2.4 shows the benefits and the limitations of staging by summarization. Sup-
pose the first optimization O, in the compiler pipeline is an optimization comprised of a
summary-based analysis A; and a transformation T,. Let F2 be the subset of input func-

tions known at the library assembly stage, and F3 the subset at the later link stage (the
remaining arguments in each stage are collectively labelled *2 and *3 respectively).
Assume for this example that all inputs are known at the link stage. Then the summariza-
tion step of A; may be executed on inputs F2, and the summary saved (as intermediate

compilation result ICR2 for the link stage). The link stage will summarize the remaining
functionsin F3, and perform propagation on all the summaries. Since summarization of all
functions available at library assembly time occurs at that stage, the time taken summariz-
ing (and therefore analyzing) in the link stage can be much less than if the whole program
had to be summarized.

On the other hand, although the analysis itself can be partially executed at the early
stage, the transformation it feeds into and all subsequent optimizations typically cannot.
Thisis because, asfigure 2.4 indicates by a question mark between A; and Ty, itis unclear

what “partial results’ A; may passto T;. In particular, we need to somehow “partially exe-
cute” the propagation step at A, in addition to the summarization step, so that T, may have

some “ partial knowledge” of possible analysis results. In fact, even though summaries for
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FIGURE 2.5: Example Pipelineto Demonstrate Preplanning on Pipelines of Optimizations.
The pipeline to be staged consists of the three optimizations constant propagation (CnP), copy propagation (CoP) and

dead-assignment elimination (DAE) over two stages, the separate compilation stage and the run time stage.
analyses are stored in files along with program intermediate representations for processing
at the later stage, no existing summary-based system stages the optimization phases down-
stream of the analysis. The applicability of summary-based staging to speeding up late
stage optimizations (or pipelines of them) is therefore restricted.

Another limitation of the summary-based approach to staging is that it is designed to
exploit the staged arrival of program fragments (functions, libraries, etc.), but not other
inputs such as constant values and machine models.

2.6.2 Preplanning for Pipelines of Optimizations

We now discuss three methods for preplanning individual optimizations and complete
optimization pipelines. The methods differ most importantly in the amount of effort they
require from the principals involved in the compilation process and in the speed of the
later stages. The first technique (manual preplanning by compiler users), requires great
incremental effort from compiler users per new program and less so from compiler writ-
ers, but can give the fastest |ate-stage compilers. The second method (manual preplanning
by compiler writers), requires great incremental effort from compiler writers and much
less from compiler users per optimization to be staged. The third method, (automatic pre-
planning), requires relatively little incremental effort from both compiler writers and com-
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piler users, given a one-time investment in a staged compiler framework of the kind
described in this dissertation.

Figure 2.5 shows the configuration we will use as a running example in this section.
Compilation is staged across two stages, the separate compile time stage and the run time
stage. The compiler pipeline consists of the three optimizations constant propagation,
copy propagation and dead assignment elimination. The pipeline takes two inputs, the
function to be optimized and a record that maps each parameter and global variable used
in the function to either the value NON_CONSTANT or a vaue of the form CON-
STANT(v). The former value indicates that the variable will not have a fixed value at run
time; the latter indicates that it will have the fixed value v. We assume that the function is
fully known at both stages (so that F1 and F2 are identical). For our example, we assume
that F1 and F2 are both the function mul add specified in figure 2.6(a). On the other
hand, we assume that for some of the parameters or globalsin the function, we know at the
early stage only that they are constants, without knowing the value of the constant (input
Clinfigure 2.5); we assume that the actual values are revealed only at the run-time stage
(input C2 in figure 2.5). Figure 2.6(b) shows the value of C1 we use in our example. We
know at the early stage that parameters x and y of function mul add are not constants
(and will not be at run-time either). On the other hand, we know that a is a constant, but
we do not its value at this stage. Figure 2.6(b) shows the value of C2 we use in our exam-

ple: at the late stage, the fixed value of a isrevealed to be zero.

int mul_add(int x,int y, int a) {

int u = x * a; //command 1
int v = u + vy; //command 2
return v; //command 3

} (@)

{ x

NON CONSTANT, y = NON CONSTANT, a = CONSTANT (?)}
(b)

NON CONSTANT, a = CONSTANT (0)}
(©

FIGURE 2.6: I nputsto the Example Pipeline.

(a) Input function F1 (same as F2) (b) Input record C1, specifying early-stage values for constants. The question mark
indicates that the actual constant vaue is unknown at this stage. (c) Input record C2, specifying late-stage values for
constants.

{ x

NON_CONSTANT, y
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_ - F and acompiler for F .
arguments for F F and F(a)

(@

1 int mul add(x, y, a){
2 static code *mul add Opt = NULL;
3 if (mul _add Opt == NULL) {mul add Opt = compile(mul add Compile(a));}

4 return (*mul_add Opt) (x,y);}

(b)

1 AST mul add Compile(a: int) {

2 switch (a) {

3 case 0 : return |mul add(x,y,a)({ return y;}|;

4 case 1 : return |mul add(x,y,a)({ v = x * y; return v;}|;

5 case k : return |mul add(x,y,a){u = x * ‘k; v = u * y; return v;}|;}}
(c)

FIGURE 2.7: Manual Saging by Compiler Users.

(a) Schematic for manual staging by compiler users (b) Version of mul_add function that optimizes before executing (c) A
hand-written compiler pipeline customized to process F1 given C1.

We are now ready to discuss the three staging techniques based on preplanning.

2.6.2.1 Manual Saging by Compiler Users
Figure 2.7(a) shows one way in which staging could be achieved through preplanning.
Essentially, instead of writing a function F which provides whatever functionality the
application user may be interested in, the compiler (who writes the function and compiles
it) instead writes both a compiler for F which when given late-stage information will pro-
duce a version of F optimized to that information, and a driver which invokes this com-
piled version of F [33, 51, 66, 62, 32].

Figure 2.7(c) shows what a compiler custom-written for the F1 and C1 of our exam-
ple would look like. Essentially, the compiler user reasons about the effect of executing
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the compiler pipeline of figure 2.5 on the function mul add of figure 2.6(a). When a has
value 0, the three optimizations combine to leave only the return command in the function.
When a has vaue 1, they combine to eliminate the first command in mul add. Finaly,
in the case that a has some other value k, the returned function is the same as the input
function, except that all uses of a may be replaced by the constant expression k.

Themul add Compile function in figure 2.7(c) has two constructs that are not
part of conventional C code: fragments of code are surrounded by vertica bars |...|, and
the reference to k is preceded by a backquote character . These two features are standard
constructs in meta-programming systems, which are designed to allow programmers to
mani pul ate fragments of code from within programs. The vertical bars can be regarded as
on operator which, given the code fragment they surround, generate AST’s for that frag-
ment, and the * is an escape character, such that the expression 'k evaluates to the value
of the variable k in the scope immediately enclosing the bars surrounding the expression.
For readers familiar with the Scheme [32] programming language | | and * are intended
to have the same effect as quasiquote and comma and respectively.

When invoked at run time with a particular value of a, the mul add Compile
function returns an AST that represents an optimized version of thefunctionmul add.In
the process, it would have done much less work than a traditional compiler pipeline, since
it just executes a single conditional before producing the appropriate version of code. Fig-
ure 2.7(b) shows the driver an application writer would write to invoke the custom optimi-
zation pipeline just described. A specia function compile (called on line 3) first
converts the resulting AST into binary format. The application then jumps to the binary
code generated (line 4). In all subsequent calls to themul add function, the conditional
ensures that no compilation will be performed, and control will pass directly to the opti-
mized version of the function.

This example illustrates both the strong and weak points of the staging by compiler
users. On the positive side, the custom compilers can be extremely fast, since the flow of
control and data within them can be optimized by hand. They can also be very effective,
since the hand-written compiler may exploit knowledge about the program no generic
compiler can deduce. On the negative side, writing custom compilers using meta-pro-
gramming support is extremely complicated and error prone. Having to reason about the
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possible behavior of pipelines of optimizations on a function is beyond the abilities of
most compiler users (or compiler writers, for that matter), especially under the time con-
straints of building atypical application. The fully manual approach istherefore most suit-
able when a small, performance-critical part of an important program needs to be

optimized using late-stage information.

2.6.2.2 Manual Staging by Compiler Writers

An aternative to the compiler user having to write a custom compiler each time she writes
aprogram is to have the compiler writer write a custom optimization generator each time
she writes a compiler optimization. An optimization generator for a particular optimiza-
tion would take as input partial information about the program fragment to be optimized
and generate a version of the optimization customized to that partial information.

Figure 2.8(a) illustrates how an optimization generator works. Above the dotted line,
in the rounded boxes is a sequence of optimization generators, one for each optimization
we want to customize. The first optimization generator in sequence is for the constant
propagation optimization. It takes as input the partial inputs to constant propagation avail-
able in the early stage, and produces two outputs. One output, sent downwards in the fig-
ure, is the constant propagator customized to F1 and C1 . The second, labeled Fc., and
sent to the right, is a partial description of the possible actions performed by the custom-
ized constant propagator on the incoming function F.

The downward arrows that represent customized optimizations are dotted. We use
dotted arrows between two boxes to indicate that one of the boxes either produces or con-
sumes the other. A solid arrow between two boxes indicates that the box at the tail pro-
duces a value that is consumed by the box at the head. In this case, the rounded
optimization-generator boxes above the dotted line generate the small rectangular boxes
that comprise the |ate-stage compiler.

Figure 2.8(b) shows what the customized constant propagator may look like, using
the meta-programming notation introduced in the previous section. The customized opti-
mization consists of afragment of code for each command of the incoming function. Each
fragment conditionally produces a transformed version of the command it corresponds to,

and optionally sets a variable (such as u) to an analysis value (such asNON CONSTANT
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1 AST mul add ConstantPropagator (int a) {

2 //Custom code for optimizing command 1
3 if (a == 0) {u = 0; cl = |u=0;]|;}
4 else {u = NON_CONSTANT; cl = |u = x * ‘al;}
5 //Custom code for optimizing command 2
6 if (u==10)c2 = |v=y;|)
7 else c2 = |v=u+vy;il);
8 //Custom code for optimizing command 3
9 c3 = |return v;|;
10 return |mul add(x,y,z){ ‘cl ‘c2 ‘c3 }|;
11 }
(b)
mul add mul add mul_add
(Xpyn: Ypyn: astarrc) { (Xpyns Ypyn: @starrc) { (Xpyn: Ypwns astarrc) {
u=x * a; U = X *porp+(a) @FILL(a)’ U = X *poLp#(a) 2FILL(a)’
Vo= u + y; V = U +porps(u) Y7 V= UREPLACE (u) tFOLD+(u) Y7/
return v; return v; return Vggprace(v) i
} } }
Fiq Ficnry Ficory
(c)

FIGURE 2.8: Manual Staging by Compiler Writers.

(a) Generating specialized optimizers with hand-written optimization specializers (b) Specialized constant

propagator (c) Action annotated functions representing inputs to optimizations.

to indicate that the corresponding variable is not aconstant). Analysis variables set for one

command are consulted to determine the actions for downstream commands, much as a

conventional optimization writes and reads fields of the abstract store when executing the

flow function of acommand.
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The customized optimization thus obtained has asignificantly lower overhead than an
uncustomized optimization that achieves the same results. The uncustomized version
would, for each command, have additional decode-and-dispatch code which branched on
various fields of the command to determine which flow and transformation function to
execute, followed by an update of a map data structure (instead of a single variable) repre-
senting the store, followed by a sequence of accessesto fields of the command that need to
be reproduced in the transformed command. Replicating a flow function per command
avoids all this overhead. However, comparing the automatically generated customized
code for a single optimization phase of figure 2.8 with the hand-written custom code for
the whole pipeline of figure 2.7, we see that hand customization can potentially produce
still faster custom compilers than automatically customized versions.

We have described the process of customization as essentially that of stamping out, in
the early stage, a specialized optimization function for each command in the input func-
tion. However, customization cannot require that all commands in the input function are
fully known at the early stage. In our example, the customizer for constant propagation
does indeed have a fully known input function F. However, this is not the case with the
customizers for copy propagation and dead assignment elimination. In fact, the input func-
tionsto these phases will be generated only at the run-time stage, by executing the custom-
ized constant propagation of figure 2.8(c). Instead of the particular input function (which
will only be known at run time), all these customizers can hope to have at the early stageis
a description of the possible functions that may result from the execution of the custom
optimizations produced by generators before them in the pipeline.

Staging pipelines of optimizationsis not atopic much studied before this dissertation.
Figure 2.8(c) shows the only method investigated previous to SCF [24] for describing at
the early stage the potential results of executing customized optimizers. Fycppy describes

the potential results of the constant propagation phase (which will be input to the copy
propagator), whereas Fc,py describes the potential results of the constant and copy prop-

agator in sequence, which will be input to the dead code eliminator. For completeness, F4

shows how the early inputs to the constant propagator are described in this scheme.
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The basic technique used to indicate the effect of an optimization is to annotate the
incoming function with action annotations specific to that optimization which indicated
what actions the optimization could take on the function. In figure 2.8(c), for instance, the
function Fycnpy is annotated with three annotations, FILL (a), FOLD* (a) and

FOLD+ (u) . Thefirst annotation isintended to indicate that if the variable a has asuitable
value, it may be replaced in the later stage by its value. The second annotation indicates
that given a suitable value of a, the multiply operation may be folded away. The third
annotation indicates that the addition operation may be folded away if the value of u is
suitable (specifically, zero).

The customizer for the copy propagation optimization, given an annotated input, rea-
sons about the possible functions that could result if these incoming annotations were exe-
cuted, simulates the action of copy propagation on these possible results, and adds its own
annotations to the function to indicate the possible additional effects of copy propagation.
The annotations added by copy propagation are underlined in the function labelled Fycppy

in figure 2.8(c). The annotations REPLACE (v) and REPLACE (u) are intended to indi-

cate that if v (resp. u) are copies at the late stage, they will be replaced by the variables
they are copies of. The customizer for dead-assignment elimination now has to contend
with the function annotated with action-annotations from both upstream customizers.

Downstream customizers thus have to be aware of the semantics of the annotations
placed by each upstream customizer, and need to reason about the interaction of the effects
of these annotations. The burden on the downstream customizer increases rapidly, to the
point that engineers designing downstream customizers need to make conservative esti-
mates of the interaction of effects. In fact, with just three phases, the implementation of
the action-annotation based pipeline described above sacrificed opportunities for optimi-
zationsin the second and third phases of the pipeline. The coupling between optimizations
leads to a system that does not scale very well beyond two or three optimizations. Given
that modern compilers can easily have more than ten optimization phases, this limited
scaling is a serious problem.

Writing generators for customized optimizations, as described in this section, does
help in making staged compilation more suitable for widespread use compared to the com-
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pletely manual approach described in the previous section. The application writer (or com-
piler user) can now stick to writing applications rather than writing additional custom
compilers for applications. The optimization writer, who presumably aso writes the cus-
tomized optimization generator, only needs to do so once for each optimization he writes,
an event that happens far less frequently than writing an application to be compiled on the
compiler.t

Unfortunately, writing generators in this manner is enough of a black art that each
generator written until now has merited a research paper [68, 38, 14, 8, 24]. In practice,
writing each optimization generator has taken one or more man years of work by dedi-
cated and highly specialized engineers. Our experience (and informally, that of others)
indicates that without substantial progress both in understanding their nature, and auto-
mating the process of generating them, generating custom optimizations will remain
impractical for mainstream compilers.

In summary, at least based on the state of the art preceding this dissertation, writing
one optimization generator per optimization in the compiler was impractical for most
compilers. Further, pipelining optimization generators was even less feasible. The one pre-
vious proposal of using action annotations, which was work leading to this dissertation,

does not scale to conventional compiler pipelines.

2.6.2.3 Automatic Staging

This dissertation presents a system (called the Staged Compilation Framework, SCF)
which produces customized versions of pipelines of optimizations while allowing com-
piler writers to stick to writing optimizations, and compiler users to writing applications.
They neither have to write optimization generators, nor have to reason about the effect of
previous optimization phases as methods in the previous section did. By showing how
custom optimizations can be generated automatically and composed modularly, the disser-
tation also casts light on the essence of generating custom optimizers. An optimization
writer who wishes to write an optimization generator can hopefully benefit from learning

how an automatic optimization generator works.

1.Unless the compiler is aresearch compiler!
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(b)

FIGURE 2.9: Using an Automatic Optimization Specializer.
(a) Stepsin using an automatic speciaizer (b) Functions and auxiliary information used and produced.

Figure 2.9 shows how SCF works. It is useful to compare figure 2.9(a) with figure

2.8(a) of the previous section. They key differences between the figures are al above the

dotted line separating the compile-time stage from the run-time stage. For one, instead of

having a distinct rounded box for each optimization (each of which generated a custom
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version of an optimization), we now have three instances of a single rounded box, labelled
stager, which can generate al the customized optimizations. The stager takes two inputs.
The first, which enters the stager from above in figure 2.9(a), is an ordinary optimization,
and is al an optimization writer has to write. The second, which enters from the left, is an
early-stage description of the possible late-stage inputs to the optimization. The stager
produces two outputs. The first, the customized version of the optimization is carried
downwards by the dotted arrow as in the previous section. We will not further discuss the
structure of the specialized compiler in this section, although it is similar to that of figure
2.8(c) of the previous section, and it will discussed in great detail in the next chapter.

The second output, which goes to the right (and is the input to the next invocation of
the stager), captures the possible versions of the input function that can result from the
optimization at run time. The crucial difference is the representation of these potential
results. In the previous section, the effect of an optimization was represented at the early
stage by action annotations that (in an optimization-specific way) indicated the action with
which each syntactic phrase of the input function may be transformed. As shown in figure
2.9(b), SCF represents the effect by the set of values which may result from the execution
of optimization at the later stage. These early-stage descriptions of potential later inputs to
the phases are labelled F;cpy and Fycppy respectively in the figure.

(F,C) isthe early-stage description of the possible later inputs to the entire pipeline. F
isthefunctionmul add asbefore. (F,C) isthe set of pairs such that the first element of
the pair is the function F and the second is a record with fields x and y bound to
NON CONSTANT and field a bound to value CONSTANT (1), for all integer i. Similarly,
when constant propagation is performed on some pair (F,c) from (F,C), it will yield afunc-
tion which isin the set |abelled Fycnpy. One of these functions will in turn be input to the
copy propagator at the late stage, so that the output from the constant propagator will be a
member of the set Frcppy.

The sets of possible outputs and inputs are represented explicitly as shown in figure
2.9(b) instead of implicitly via action annotations. Dropping the optimization-specific
action annotations of the previous section in favor of sets of values frees the stager from

reasoning about the semantics of, and interactions between, annotations inserted upstream.
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Aslong asthe stager is able to take an optimization and a set of possible arguments to that
optimization, and produce the set of possible result values for the optimization, instances
of stagers can be chained as shown in the figure with each stager in the chain having no
knowledge of what phase precedes it, and what succeedsiit.

In the rest of the dissertation, we will describe in detail the structure and functioning
of the stager.

2.7 Summary

Staged compilation has the advantage over unstaged compilation in that it can shift some
of the overhead of compilation from the late stages to the early stages. As a result, it can
potentially complement the benefit from traditional optimization-speeding techniques
such as approximation, summarization and selective optimization. Procrastination-based
staged compilation allows the early execution of all optimizationsin apipelineif al inputs
to these optimizations are available, and defers the rest for later stages. Pessimism-based
staging sacrifices optimization opportunities to alow early execution of even those opti-
mi zations whose inputs may not be all available. Preplanning-based staging has the poten-
tial advantage of alowing early stage partial execution of optimizations whose inputs are
not available without necessarily losing optimization opportunities. It does so by produc-
ing a plan for fast completion of optimizations in later stages, when more information is
available. Summarization can be viewed as a staging technique that applies to analyses,
but not pipelines of optimizations. Proposed techniques for preplanning-based staging of
whole pipelines of optimizations have suffered from unacceptable engineering complex-
ity. The automatic technique presented in this dissertation is aimed at signficantly lower-
ing the complexity of preplanning-based staging.
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3. Overview and Example

This chapter presents a high-level view of SCF. First, we see via a schematic how the
framework may be used for staging an arbitrary pipeline of compiler optimizations. The
schematic emphasizes the role of the stager (introduced in the previous chapter) as the
engine which stages optimizations and is therefore the heart of SCF. Second, we continue
the running example of the previous chapter by first describing the form of inputs to the
stager, and then showing concretely how the stager is invoked on these inputs. Third, we
examine the internal structure of the stager. Internally, the stager consists of two main
parts, a partial evaluator and a dead-store eliminator. We use our example to show the
effect abasic version of each of these parts has on its inputs, and to show what the output
of the stager as a whole is, on our running example. Succeeding chapters show how the
stager produces these outputs, and how they can be improved.

3.1 High-Level Description of SCF

Figure 3.1(a) illustrates the compiler writer’s view of SCF. He writes a set of optimiza-
tions O;, some subset of which may be sequenced to form a conventional optimizing com-
piler pipeline O;... Oy, that takesin afunction f to produce an optimized program f,. Each
optimization O; is a function transformer that takes in an arbitrary data structure f; (typi-
cally atree representation of the function to be optimized and possibly additional context
information about the properties of the function’s formal parameters or the characteristics
of the target machine onto which the function is to be compiled) and produces a trans-
formed data structure fi, ;. Writing these optimizations should be the same amount and
kind of work as writing an optimization pipeline in aregular unstaged compiler.

Figure 3.1(b) illustrates the compiler user’s view of staging an initial pipeline of opti-
mizations O;...0, with respect to a partial description F of its eventual inputs f, to pro-
duce a specialized pipeline O’ 1...0’,. The partial description F defines the set of possible
inputs (i.e., functions and context information) on which the specialized pipeline might be
invoked. The specialized pipeline can then be run on any input f that is a member of the set
described by F, to produce a corresponding optimized function fg.
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(b) The Compiler User’s View of SCF

FIGURE 3.1: High-Level View of SCF.
Solid arrows represent producer-consumer rel ationships between boxes. Dotted arrows represent input-consumer and
producer-product relationships: the stager consumes optimizations O; and produces optimizations O’;.

Each specialized optimization O’; is what is |eft of the original optimization O; after
all the parts of its work that can be precomputed based solely on information in F; have

been performed; the work that remains will finish the optimization when it isfinally given

the complete function and context information f;. When staging a whole pipeline, a pipe-
line of specialized optimizations is produced. The specialized pipeline O’;...0’, can be
run just like the original pipeline O;...Op, with exactly the same result foy, aslong asits
input f isamember of the set of expected inputs described by F.

The stager does not run its input optimization, but rather takes as input the source code of
the optimization O; and the partial description F; of the optimization’s possible inputs to
produce the source code of the specialized optimizer O’; and a partial description F, ; of
the optimization’s possible outputs. In the second stage, the specialized optimization pipe-
lineO’;...0", can be run on an input function f to produce an optimized function fyy.
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O: SCF-ML Program

:

stager

F: AbsValue F’: AbsValue

lO’: SCF-ML Program

FIGURE 3.2: Signature of the Stager.
TheaAbsValue datatypeis defined in table 1, and the SCF-ML Program datatype is defined in figure 3.3.

3.2 Thelnterfaceto the Stager

Figure 3.2 shows the interface to the stager discussed in the previous section in more
detail. O and O’ are the optimization to be specialized and its specialized version, respec-
tively, and F and F’ are the partial descriptions of the possible late-stage inputs and out-
puts, respectively, of O'. So far, we have left the precise format of the Os and the Fs
unspecified. In this section, we specify precisely the format of these values and illustrate
them with examples.

When we need to use a specific optimization pipeline as an example, we will pick the
pipeline of figure 2.9(a), i.e., O, O, and O3 are constant propagation, copy propagation
and dead-assignment elimination, respectively. For input information |, we will use vari-
ants of themul add function and associated constant propagation information of figure
2.9(b).

3.2.1 SCF-ML: The Language for Specifying Optimizations

Optimizations are specified in a first-order, purely functional subset of ML called SCF-
ML. SCF-ML provides no support for exceptions. Figure 3.3 specifies the concrete syntax
for thislanguage. All valid SCF-ML programs are valid Standard ML [43] programs, with
identical semantics.
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1 P € program = M;.. .M,

2 M € moduleDef = structure id = struct d;...d;, g;...g, end

3

4 //Type and module definitions

5 d € definition ::= datatype dt, and ... and dt,

6 | type id = t

7 | structure id = MapFn(type key = t; type value = t),)
8 | structure id = SetFn(type value = t)

9 | open id

10 dt € datatype ::= 1id = 1id; [of t;]|...| 1id, [of t,]

11 t € type ::= int | bool | char | string | [id.lset | [id.lmap | tn
12 | (p)

13 p € prodType = t; *...* t,

14 tn € typeName ::=  1id | id.tn

15

16 //Function declarations

17 g € funcGroup ::= fun fd; and ... and fd,

18 fd € funcDef ::= 1d pt = e

19 e € expr ti= x| k| (eq,...,ep)

20 | case e of m; | my | ... |m,

21 | let b;...b, in e end

22 | if e; then e, else e,

23 | SOME e | f e | pr e | e pr e | ¢f (fn pt => e;) e,
24

25 //Value bindings

26 b € Bindings = wval pt = e

27

28 //Pattern matching

29 m € match 1:= pt => e

30 pt € pattern ::= | id | k| £ pt | (pti,....,pty) | id as pt

31

32 //Primitive domains

33 pr € Primop ::= [id.linsert | [id.]find | [id.]lremove | [id.]equal
34 | [id.]union | [id.]delete | [id.]add | [id.]member
35 N

36 c¢f € CurriedFun = [id.]lunionWith | [id.]map

37 k € Constants = [id.]empty | NONE | c

38 f,x€ QualifiedId::= id | id.x

39 ¢ € BaseConst = Int U Bool U String U Char

40 id e Identifier

FIGURE 3.3: Concrete Syntax for SCF-ML Programs.

Briefly, programs (line 1) consist of a set of module definitions; in the style of ML,
modules are called structures in SCF-ML. Structures (line 2) consist of a sequence of
(type and module) definitions followed by a sequence of function declarations. Type defi-
nitions (line 5) include definitions of datatypes (line 5) and the definitions of type syn-
onyms (line 6). Datatype definitions define possibly recursive sum types (analogous to
union typesin C). Type synonyms may be associated with product types (line 13; these are
analogous to struct types in C), base types (line 11; note the two special base types set
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and map that are pre-provided by SCF) and other type names. In general, types may be
prefixed by the names of modules where they are defined (lines 11 and 14). For instance,
the type ArrayList.1list would refer to the 1ist type defined in the ArrayList
module. SCF-ML restricts the definition of modules within a modul e to those representing
map data structures, obtained by applying the predefined MapFn functor (line 7), and
those representing sets, obtained by applying SetFn (line 8). For instance, structure
IntBoolMap = MapFn(type key = int type value = bool), definesa
map from integers to booleans. Finally, SCF-ML allows modules to be opened (line 9), so
that their contents are visible within the current module.

Function definitions bind function names to expressions that congtitute the body of
the functions. Expressions are variables, constants, constructor applications (which create
avalue of a datatype with a particular tag), tuple constructors (which create a value of a
product type), case expressions, let expressions, conditionals, function calls, primitive
operation calls, and a special form for applying map and union operations on map data
structures (lines 23 and 35). As in ML, case expressions in SCF-ML perform pattern
matching and binding of variables. For instance, given apair x of integers, case x of
(L,y) =>vy | (-1, y)=> -y| _ => 0 evauatesto the second element of the
pair, its negation, or to zero, when the first element is 1, -1 and O respectively. SCF-ML
also provides built-in primitives (lines 33 and 34) for manipulating map and set data struc-
tures in addition to the usual primitive operations such as addition and subtraction. The
built-in constructor SOME and the constant NONE represent values resulting from map

1 datatype int list = (* Declare a sum-type with two variants *)
2 Empty (* A zero-ary variant i.e. scalar ¥)
3 | Cons of int * int list (* A binary variant *)

4

5 fun reverse 1 = reverseHelper (1l,Empty)

6

7 and reverseHelper (lInput, 1lResult) =

8 case lInput of

9 Empty => 1Result

10 | Cons (i, lInput’) =»>

11 let val 1lResult’ = Cons (i, lResult)

12 in reverseHelper (lInput’,lResult’) end

FIGURE 3.4: SCF-ML Program for Reversing aLinked List of Integers
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operations. A map lookup for an key not in the map will evaluate to NONE, whereas if the

key maps to value v, it will evaluate to SOME .1

For the benefit of those unfamiliar with ML, figure 3.4 shows how a program to
reverse alinked list of integersiswritten in SCF-ML. Comment syntax issimilar to that of
C, except that the delimiters (* and *) are used instead of /* and */ respectively. It islegal
to have apostrophes in SCF-ML identifiers. Thus, instead of variables named
1Result 1 and lResult 2,wehavelResult and 1Result’.

Built-in support for the map and set data structures is an important feature of SCF-
ML. Built-in maps and sets currently have the limitation that they assume that the equality
function on map keys and set elements respectively is structural equality. Otherwise, the
semantics of the map data structure operations are standard. In particular, the operations
and values have the same meaning as those of the ORD MAP and ORD SET interfaces of
the SML/NJ Utility Library [7]. Figure 3.5 illustrates the semantics of the built-in map

1 - structure IntMap = MapFn (type key = int type value = int)
2 structure IntMap : sig (* signaturefor SCF-ML mapshere*) end

3

4 - IntMap.empty

5 <>

6

7 - val m = IntMap.insert (1,19, IntMap.insert (2,14, IntMap.empty))
8 val m = <1->19, 2->14>

9

10 - IntMap.find(m,2);

11 SOME 14

12

13 - IntMap.find(m,3);

14 NONE

15

16 - IntMap.equal(m, IntMap.empty);

17 false

18

19 - val m’ = IntMap.map (fn x => x * x) m

20 val m’ = <1->361, 2->196>

21

22 - val m’'’ = IntMap.unionWith (fn (x,y) => if (x > 200) then x else y) (m,m’)
23 val m’"’ = <1->19, 2->196>

FIGURE 3.5: Map Operationsin SCF-ML.

1.The two constructors are identical to those of the Option.option typein the Standard ML Basis Library. They are built-
in here because maps themselves are built-in.
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1 structure AST = struct

2 type label = int

3

4 datatypeprog = prog of id * funs * label

5

6 and funs = funs empty

7 | funs of func * funs * label
8

9 and func = func of func signature * id * vars * cmd * label
10

11 and cmd = skip of label

[y
N

| seq of cmd * cmd * label

| assign of var * expr * label

| decl cmd of decls * cmd * label

| if else of expr * cmd * cmd * label
|

|

R
oUW

switch of expr * cases * label
while do of expr * cmd * label

e
w0 © 3

and ...

NN
R O

end

FIGURE 3.6: Defining an I ntermediate Representation for a Subset of C in SCF-ML.

operations. The figure shows the results printed by a (hypothetical) SCF-ML interpreter
when various map operations are typed in at the prompt (-).

Line 1 shows how a map from integers to integers may be defined using the MapFn
functor. Asis conventional with Standard ML map lookups, on a £ind operation, if the
key to be looked up maps to some value v in the map, the operation returns the value
SOME v, otherwise it returns the value NONE (lines 11 and 14 respectively in the figure).
The map operation (line 19) takes an anonymous function f as first argument, and returns
the map that results from applying f to each value in the range of the map. The union-
With operation (line 22) also takes an input function f in addition to the maps to merge.
The operation returns the union of its argument maps: if some key k isin only one of the
maps being operated upon, and it maps to value v, the mapping (k, v) is transferred to the
result map. If some key k maps to values v and v' in the two input maps, the mapping (k,
f(v\v')) istransferred to the result map.

We now turn to how SCF-ML may be used to specify optimizations. We choose to use
abstract syntax trees (AST’s) as our internal representation for programs. Figure 3.6 shows
part of the datatype definition for AST’s (intended to represent C functions) used in SCF.
A possibly puzzling detail isthat every AST node has an integer label attached to it. The
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label for each node is intended to be used as a handle for associating dataflow facts with
that node. Although we expect that most compiler writers will use this pre-defined AST
definition, there is nothing to prevent them from defining their own intermediate represen-
tation (perhaps because they are representing a language other than C, or they want to use
adifferent internal representation than AST’s).

In our example three-optimization pipeline, the compiler writer must write the three
optimizationsin the pipeline in the SCF-ML language. Figure 3.7 shows how dead-assign-
ment elimination may be written in SCF-ML.

Line 1 of the figure indicates that the code for dead-assignment elimination is being
encapsulated in a module named DAE. Line 2 opens the AST module (defined partially in
figure 3.6) to read in the type definitions for the input program abstract syntax tree. Types
such asvar, label, func, cmd and expr used at line 14, 21 and 39 respectively are
defined in this module. Lines and 7 and 11 define modules by instantiating parameterized
modules (called functorsin Standard ML). Line 7 defines a module LiveSet represent-
ing the set of live variables maintained by the anaysis. Line 12 defines the module
AssignMap, whichisamap from labels on commandsin theinput AST to alattice value
1live or dead. Lines 12 and 26 illustrate how components of modules can be accessed
from other modules. AssignMap.map refers to the type named map defined in the
AssignMap module, and LiveSet .delete isthe set delete functioninthe LiveSet
module.

The entry point to the optimization is the function optimi ze. Note that the figure
deviates slightly from the SCF-ML syntax specified in figure 3.3 in that it allows function
definitions to be decorated with optional input and return types. As per line 14, for
instance, the opt imi ze function takes an input of type func and evaluatesto a value of
the same type. The optimization itself is divided into an analysis pass (function analyze-
Fun) followed by atransformation pass (function transformFun).

The analysis pass is a backwards dataflow analysis that computes, using a threaded
set (1set) of live variables, and amap (aMap) which indicates whether each assignment in
the incoming AST islive or dead. Consider, for instance, lines 24-28 of the figure, which
show how the analysis processes an assignment statement of theform v = e with label
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structure DAE = struct
open AST (* Import declarations of input program representation*)

datatype liveness = dead | live

(* LiveSet holdsthe set of live variables at a program point *)
structure LiveSet = SetFn (type value=var)
type live set = LiveSet.set

(* AssignMap recordswhether each assgnment islive or dead at a program point *)
structure AssignMap = MapFn (type key=label type value=liveness)
type assign map = AssignMap.map

fun optimize (f:func) :func =
transformFun(f, analyzeFun(f))

and analyzeFun (func( , ,c, ):fun):assign map =
let val (_, aMap) = analyzeCmd(c, LiveSet.empty, AssignMap.empty)
in aMap end

and analyzeCmd(c:cmd, 1lSet:live set, aMap:assign map)
: (liveSet * assign map) =
case c of
assign(v, e, 1lbl) =>
let val 1lv = if LiveSet.member (1Set, v) then live else dead
in (analyzeExpr (e, LiveSet.delete(1lSet, v)),
AssignMap.insert(aMap, 1lbl, 1lv))

end
| seq(c,c’, ) =>
let val (1lSet,aMap) = analyzeCmd(c’,1lSet,aMap)
in analyzeCmd (c,1lSet,aMap) end
| return(e, ) =>
(analyzeExpr (e, 1lSet), aMap)
| while do(e, ¢, ) =>

analyzeWhile (1lSet, 1lSet, aMap, e, c)
| ... other cmdcaseshere. ..

and analyzeExpr (e:expr, lSet:live set):live set =
case e of

var ref (v, ) => LiveSet.add(lSet, V)
| primop (op,es) => analyzeExprs (es, 1lSet)
| const _ => lSet

| ... other expr caseshere. ..

and analyzeExprs (es:exprs, lSet:live set) :live set=
case es of
exprs (e, es) => analyzeExprs (es, analyzeExpr (e, 1Set))
| exprs none => lSet

FIGURE 3.7: Specifying Dead Assignment Elimination in SCF-ML.

1bl (written assign (v, e, 1bl) inthefigure). Inline 25, the analysis checksif v isin

the set of downstream live variables computed by the analysis so far. If so, the analysis



42

49 and analyzeWhile(live fix:live set, live exit:live set, assigns:assign map,
50 test:expr, body:cmd)

51 : (live_set * assign map) =

52 let val live head = analyzeExpr(test, live fix)
53 val (live taken, assigns’)= analyzeCmd(body, live head, assigns)
54 val live fix’ = meet (live taken, live exit)
55 in

56 if LiveSet.equal(live fix, live fix’) then

57 (live head, assigns’)

58 else

59 analyzeWhile (live fix’, live exit, assigns’, test, body)
60 end

61

62 and meet (livel:live set, live2:live set):live set =
63 LiveSet.union(livel, live2)

64

65 and transformFun (func (fname, formals, <, 1lbl):func,
66 aMap:assign map) :func =

67 func (fname, formals, transformCmd(c, aMap), 1lbl)
68

69 and transformCmd(c:cmd, assigns:assign map) :cmd =
70 case c of

71 assign(v, e, 1lbl) =>

72 case AssignMap.find(assigns, 1lbl) of

73 SOME dead => skip(lbl) (* replace with empty cmd  *)
74 | SOME _ => C (* leave unoptimized =*)
75 | seq(c, c¢’, 1lbl) =»>

76 seq(transformCmd (c, aMap) , transformCmd (c’ ,aMap) , 1bl)
77 | while do(e, ¢, 1lbl) =>

78 while do(e, transformCmd(c), 1lbl)

79 | return _ => c

80 | ... other cmdcaseshere ...

81

82 end (* structure DAE *)

FIGURE 3.7 (continued): Specifying Dead Assignment Elimination in SCF-M L

deduces that the assignment is live (and sets 1v to liveness value 1ive), otherwise it
deduces the assignment is dead (and sets 1v to dead). In line 26, it removes v from the
set of live variables and then checks the right hand side of the assignment (via the call to
analyzeExpr) to add all variables used there to the set of live variables; this set is
returned as the set of variables live before the assignment. Finaly in line 27, the analysis
updates (in the functional sense) aMap to record that the statement labelled 1bl has
livenessvalue 1v.

Lines 75 through 79 perform the actual pruning of dead assignments. Given assign-
ment assign (v, e, 1bl) the optimization looks up the liveness value associated with
label 1b1 in the assignment map (line 77). If the assignment has been deemed dead by
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the analysis, it is replaced by ano-op (the skip command of 78), otherwise the command
isleft unchanged (line 79).

The example illustrates some important points. First, optimizations are typically
divided into analysis and transformation functions. Second, the analysis function typically
computes amap from program labels to properties that hold at that label. This map isthen
consulted by the transformation. This map, and related ones, are propagated throughout
the program. Third, two classes of recursive functions are prominent in optimizations. The
functions that analyze individual commands and expressions often call each other recur-
sively. Inthis case, the recursive call has as its argument a sub-command/expression of the
command/expression that was the argument to the original call. On the other hand, com-
mands that cause iteration (such asthe while do command) are processed by recursive
fixpoint functions (such as the analyzewhile function of the figure) where the recur-
sive call to the fixpoint function is on the same command as the initial call. SCF contains
machinery to handle accurately these two kinds of recursive calls. Finally, the optimiza-
tion is specified quite naturally using SCF-ML. This has been our experience with other
intraprocedural analyses we have implemented in SCF-ML.

We end this section with a few details on the other two optimizations in the pipeline.
These detailswill be useful in understanding how exactly the stager isinvoked at the early
stage. In line with the example of chapter 2 (see figure 2.3 for instance), we assume that
the constant propagation optimization (implemented, say, in module cnP) has a dightly
non-traditional interface. The optimization uses the traditional constant-propagation lat-
tice with elements that belong to the datatype lattice val = NON CONSTANT |
CONSTANT of int | UNDEFINED.However, in addition to the body of the function
f to be optimized, the entry function CnP . optimize of the constant propagator takes as
argument a list of bindings providing the constant-propagation lattice values to which the
formals of f should be bound at the beginning of constant propagation onf, i.e.,
CnP.optimize: AST.fun * (CnP.lattice val 1list) -> AST.fun.
Finally, we assume the copy propagation pass is implemented as a conventional function-
to-function transformer in module CppP, i.e, CpP.optimize: AST.fun->
AST. fun.



An integer:
1

The empty list []:
nil

The 1list [12]:
cons (12, nil)

A tuple with three elements, the second of which is a tree:
(1, tree(13, empty tree), false)

An association list-based implementation of the map [1 -> 19, 2 -> 14]:
cons((1,19), cons((2,14), nil))

A representation of the command x = y + Z:
assign(var (“x”),primop (op_add, exprs (var (“y”), exprs(var(“z”), expr none))))

FIGURE 3.8: Concrete Values That May Be Defined in SCF-ML Programs.

3.2.2 Augmented Regular Tree Expressions

In the previous section, we discussed how one of the inputs to the stager, the optimization
program, is represented using the SCF-ML language. In this section, we specify how the
other input, the abstract value that captures possible late-stage inputs, is represented.

As discussed in section 2.9, the abstract value represents the set of possible values
that may be input to the optimizer at the late stage. A representation for the abstract value
must therefore be able to represent sets containing any input to an optimization program.
Now since an optimization may be an arbitrary SCF-ML program, its input may be any
value (called a concrete value) an SCF-ML program may manipulate. To understand the
requirements on abstract values, we must therefore first understand the structure of con-
crete valuesin SCF-ML.

We can use the structure of SCF-ML types (as specified in figure 3.3) asaguide to the
structure of SCF-ML values. Since the type of an expression in SCF-ML is either a primi-
tive constant (integer, boolean or string), a sum-type, or a product type, all values manipu-
lated by SCF-ML are either primitive constants, values tagged by constructor names, or
tuples of values. Figure 3.8 illustrates the kinds of concrete values manipulated by SCF-
ML. The figureisintended to convey the fact that a combination of tuples, tagged variants
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and atomic types is sufficient to encode most data structures including lists, maps, trees

and program fragments in a straightforward fashion.

3.2.2.1 The Concrete Domain

Intuitively, the concrete values manipulated by SCF-ML programs are primitives, tuples
and tagged values. Formally, the concrete value domain isthe Herbrand Universe H, given

by the smallest set satisfying the equation:*
H = {c(ty,...tarity(o))| € € Constructor At € H}{(ty,...tp)| N> 1 At € H}

Integer, boolean, character and string constants are viewed as constructors with arity O.
For concreteness, assume that built-in maps have an association list-based implemen-

tation?. In ML, one may write:

type (*‘a,'b) map = (*‘a * ‘b) list
Sets may be implemented by maps representing their membership function, and will not
be discussed explicitly below:

type ‘‘a set = (‘‘a, bool) map
Built-in maps and sets therefore have a concrete representation in H. In what follows, we
will always print concrete maps as association lists, although in practice SCF uses a more
efficient internal representation for maps.

3.2.2.2 Syntax and Semantics of Abstract Values

Given that we are trying to represent sets of possible concrete values using abstract values,

an abstract val ue represents a member of the set AbsValue = 21, the powerset of the above
concrete domain. Much prior work in abstract interpretation and set-based program analy-
sis[54, 31, 4, 26] has gone into formalisms for representing this domain. We choose as our
representation a modified version of the Regular Tree Expression (RTE) representation of

1.Thisisaslightly augmented form of the traditional Herbrand Universe sincethe latter does not contain untagged tuples.

2.Those familiar with ML will notice that the type parameter * *a isan equality type, i.e., equality on these values is
given by structural equality. In fact, built-in maps assume the equality testing criterion between two concrete values that
are map keysis structural equality. The user cannot define his own equality function over keys. We have not found this
restriction to be too onerous. On the other hand, the precision of abstract map operations in SCF depends crucially on
this restriction.
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Table 1: Augmented Regular Tree Expressions (Abstract Values): Syntax and Semantics
The set v of concrete values represented by a closed abstract value vis Uye « 1 'V, [/, 9; [] isthe empty substitution.

Set represented by v under substitutions o; .

v € Abs\alue ::= AV, o, ) e 21
no values 0 {}
al vaues 1#i {t|t= %i] At eH}
tuples (V1o Vi) # i {t=(tyt) [t=A1] A Vic1 n-tj € HV, 00}
constants  |c € O-ary Constructors  |{c}
tagged (cVv #i {t=ct |[t=Hi] At € HV, 0T, )}
values
dternative |(vq]...| vy)#i {tIt= il rte Hvy, 0,9 v... v AV, G D}
values
recursively |(fix. v') #i {t]t= Ai] A
defined t eleast fixpoint of
values T= Uy etxn UV, ol rec—T], )}
rec#i {t|t= Ai] nt e olrec]}
maps map ( {t=1[(ty t) ... (t t)] |

must (Uy,Uy’)-.(Un, U )],
may[ (v1,v1')..-(Vy,vim )]) #1

t= Ai] A
(Vi(el...n'
= HUy, 0, ) 2
S = Hu,0, ) A
J_iel... :
{t]} = Sk/\tj’ ESk’)/\
(Vier.pStfie t=1.nHu, 0, ).
kel..m:
= HV, 0, N~
K= AV, 0, DA
tj ESk/\tj’ ESk’)

Aiken and Murphy [3]. The syntax and semantics of our augmented version of RTE'’s,
simply called “abstract values’ below, isin table 1.
On the left of the table isthe syntax of abstract values v. These may include a special

“variable’ named rec.! Further, some abstract values v are tagged with integers i as

denoted by the notation v#i. We will call these integers abstract value identity tags or sm-
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ply ID’sinwhat follows. On the right of the table is the set, written (v, o, ), of concrete
values represented by v under substitutions y from ID’s to concrete values (i.e., elements
of H), and o which may contain a binding from rec to a set of concrete values (i.e., to an

element of 2). We say that an occurrence of rec is bound if it is enclosed in a fix value,
otherwise we say it is free. If abstract value v has no free occurrences of variable rec, we
say that v is closed. In the rest of the dissertation, we assume that all abstract values we
deal with are closed. For closed v, we say that concrete value t conformstoviff t € Uyeix
nAV, /], 7), where[] isthe empty substitution. As a convenience, in what follows we will

write the set of conforming concrete values of abstract value v asv.

3.2.2.3 Abstract Value I dentity Tags

Abstract value identity tags (ID’s) are an innovation particular to SCF. To gain some intu-
ition on their role, recall that abstract values encode at the early stage a set of values such
that the corresponding late stage value will be an element of this set. The basic idea behind
ID’sisthat if two abstract values are tagged with the same ID at the early stage, it is guar-
anteed that the late stage value corresponding to the one will be the same as that for the
other, i.e., the abstract values are “ correlated.” If, at the early stage, we needed to evaluate
an equality test on two such values, we could therefore determine that the values will def-
initely be equal at the late stage. Since equality testing is commonly used in the optimiza-
tions being staged (in order to check if the dataflow analysis has reached fixpoint),
accurate early equality testing is important.

The mapping y enforces that if two abstract values v and v' have the same ID i, and
are not nested in different fix values, then they are guaranteed to represent the same con-
crete value y[i]. The ID tags therefore correlate concrete values that conform to different
abstract values. Asasimpleexample, if v= (1| 2) #31and v’ = (1| 2) # 31, then the pos-
sible concrete values represented by (v, V' )#734 are (1, 1) (in which case yis the map {31-
>1,734-> (1,1)}) and (2, 2) (y={31->2, 734 -> (2,2)}), but not (1, 2) or (2, 1).

1.Infact, since the variable always has the name rec, we may aswell call it akeyword. However, traditional presentations
of RTE's allow variables of arbitrary names, a feature not included in abstract values. We choose to preserve the name
in order to highlight the parallel.
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Although table 1 seems to consider arbitrary mappings y from ID’s to values, since
the semantics of a given value v are specified in terms of the union over the value of ¥y,
[/, 7) under all values of y € | x H, the rules of table 1 implicitly impose a set of consis-
tency requirements on 7. For instance, the rule for tagged values implies that an abstract
value (cons 1)#21 has no valid interpretation under ay that maps ID 21 to nil. Again, in the
example of the previous paragraph, Y may only map tag 31 to the integer 1 or 2 (as per the
rule in the table for processing alternates vq|...|v,,) and not, for instance, to an arbitrary
343. Asafina example, the rule for tuplesin the tables prohibits the mapping {31->1, 734
-> (2,2)}.

The rule for processing fix abstract values has a subtlety that deserves explanation.
First, consider how fix values work in conventional RTE's (i.e., those without ID’s). The
fix form could be used to represent the set of al lists that contain the integers 1 or 2 by
writing fix(nil | cons(1] 2, rec)). This expression expands to the set {nil, cons(1, nil),
cong(2, nil), cons(1, cons(1, nil)), ...}. The set corresponding to the expression fix. v would
be the least fixpoint of T = #v, ofrec -> T)). Intuitively, we generate values in the set by
recursively replacing all occurrences of rec in v by the fix expression itself.

When we now add I1D’s to the abstract value, we are faced with the question of what
value of 7y to use when processing these recursively substituted values. We could use they
we were using for the original fix expression, so that ‘H(fix. v, o, ) = ¥V, ofrec-> T/, ).
Consider aversion of the above example with ID’s. (fix(nil | (cons((1| 2)#11, rec#12)#13
W14)#15)#16. A consistent value for vy is {16->cons(1, nil), 14->cons(1, nil), 11->1, 12-
>nil}. Note, however that using these semantics, we cannot specify ay wherethe ID 16 is
mapped to value cons(1, cons(2, nil)), since this would entail 1D 11 being mapped to both
1 and 2. In order to allow different versions of “alternates’ (such as 1|2 above) to be cho-
sen in different recursive instantiations of a fix expression, we remove the restriction that
the recursively instantiated fix expression is evaluated with the same v as the original, and
instead allow the recursive instantiations to be evaluated with arbitrary v, leading to the
rule of table 1 for Hfix. v, o, .

Figure 3.9 gives further examples of abstract values and the set of concrete values that
each abstract value represents. In particular, the figure demonstrates that 1D’s increase
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Abstract Value, v Conforming Concrete Values, v
(1]2]17)#23 {1,217}
(cons((1|2)#7, 1#234)#717)#22 {econs(i, ) | i € {1,2},] € H}
(1#212, 1 # 212)#765 {60 Ii H}/ n i s &A
((fix.((4,recH12)#34|4)#27)#3, 0, {(4.(4,.(44)), 0, (4,4,.(44)), 0, (4(4,..(44))| n> 0}
(fix.((4,rect13)#35|4)#28)#3, 0, (fix.((4,rec)#14|4)#29)#3
Y1171
(fix. ((tree(* @” , recHL)#2)#3 | empty_tree)#4)#5 {empty_tree, tree(* @, empty_tree), tree(* a”, tree(* @”,

empty_tree)), ...}

map(must [ (1,(7]19)#1)], may [((2|14)#2, 9)])#113 {{@n1, [(L7), (291, [(1,7), (149)],[(1.7), (2.9),

(14.9)], [(L19)], [(1,19), (29)], [(1.19), (14.9)], [(1,19),
(29), (1491}

FIGURE 3.9: Examples of Some Abstract Values and the Setsthey Represent.

fundamentally the expressiveness of abstract values relative to the RTE's on which they
are based: RTE's are known to be equivalent to context-free grammars (CFG’s) [13] in

expressivity. It is known further that CFG’s cannot encode the set of strings 4"04"04" [29].
The fourth example of figure 3.9, on the other hand, shows how to encode this set of
strings using abstract values. ID’s therefore add a form of context sensitivity to abstract
values.

To ease reading and writing abstract values, in the rest of this dissertation if the ID of
an abstract value is irrelevant to the discussion, we will simply drop it. The first abstract
value of figure 3.9 would thus be written simply as (1 | 2 | 17). We will also use italics

when we write abstract values.

3.2.2.4 Abstract Maps

A second distinctive feature (relative to conventional Regular Tree Expressions) of our
abstract values is the special representation for sets of possible map data structures. This
representation consists of two association lists. Both map abstract values to abstract val-
ues. Thefirst list, tagged must in the figure, is used for keys that are required to be in any
conforming concrete map and that are known exactly, i.e., that are singleton abstract val-
ues. If an abstract value pair (v,\v') isin the must list of abstract map m, then every concrete
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map that conforms to m must map the single member of v to a member of v'. The second
list, tagged may, records more approximate key/value bindings. For every entry (t,t') in a
conforming concrete map such that t is not in the domain of the must list, there must exist
apair (vv') inthemay list suchtisinvandt’ isinV'. Thus, any key in a conforming map
that is not in the must list is required to be in the may list, but not all keysin the may list
need be in a conforming map.

The last row of figure 3.9 gives an example of how sets of maps are encoded. On the
left side of the row is an abstract map, and on the right is the set of maps represented by
that map. Because 1 isakey in the must list, all the maps on the right are required to have
1 asakey. On the other hand, since 2|14 is only amay key, the maps on the right may have

one, both or neither of 2 and 14 as keys.

fu=x*1| ielnt) U{u =y * i | ielnt}

(a) Set of Input Commandsto be Represented

assign(“u”,
primop( op_times,
exprs( var(“ X", (label 23))| var(“y”, (label 24)),
exprs( const( int(1), (label 77)),

eXprs_none,
(label 76)),
(label 75)),
(label 78)),
(label 79)

(b) Abstract Value Representing the Above Set

u= (x| y) * ‘Int

(c) Compact Notation for the Above Abstract Value
mul add (x, y, a){
u= (0| x| (x* ‘Int));

v=(y | ((ulx) +y));
return (v [ y);}

(d) Compact Notation for the Set Fcppy of Figure 2.9(b)

FIGURE 3.10: Representing Input Functions as Abstract Values.
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3.2.2.5 Some Conventionsfor Writing Abstract Values
One class of abstract values that will come up often in the rest of the thesis is that of
abstract values representing sets of AST fragments (such as expressions, commands and
functions). As figures 3.10(a) and 3.10(b) illustrate, these abstract values can get very
tedious to write. Figure 3.10(a) shows a set of commands to be represented by an abstract
value. Figure 3.10(b) is an abstract value representing this set of commands, and is diffi-
cult to read because of the profusion of identity tags and labels. Figure 3.10(c) introduces
a compact notation for writing abstract values that represent sets of input (AST) functions
or their fragments. The basic ideaisto omit writing the tags for the non-scalar abstract val-
ues, to omit labels on the incoming instructions, and to write all operations infix as the
concrete syntax of the input language would dictate. In addition to the vertical bar separat-
ing variables x and y (which parallels that in the abstract value), the compact notation
uses aspecial terminal * Int to represent the set of all integers. In future uses of this nota-
tion, we use terminals *String and ‘Bool to represent the universal sets of all strings
and booleans respectively. In keeping with our previoudy established convention, we use
italic font to write the abstract value, except that we denote that it is a an abstract value
denoting input code by using courier font in addition: theresult isthe courier italic
font.

As afurther illustration of the notation, figure 3.10(d) shows an abstract value repre-
senting the set of functions Fcppy of figure 2.9 written in the compact notation. In what

follows, when tag numbers of abstract values and label numbers of input program frag-

ments are unimportant, we will use the compact notation to represent the fragments.

3.2.3 How the Stager isInvoked

Having defined precisely the format of inputs to SCF, we now turn to how the compiler
user stages a pipeline containing the three example optimizations. The user isinterested in
compiling and running a C program, of which the mul add function of figure 2.3 isa
part. Typicaly, at static compile time, the user would have determined via profiling that
the function is heavily used by their C program, and is therefore worth dynamically opti-
mizing. Further, value profiling may have revealed that the variable a changes infre-
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CnP CpP DAE
I I I
F=F, vV_F V__ g
stager}—2 (" stager)— 3y stager
a9 - compiletime
......... L
v v - run time

FIGURE 3.11: Saging a Three-Phase Compiler Pipeline.

1 letwval f: AST.func = AST.parse “mul_ add.c”

2 val args =

3 [“CnP.NON_ CONSTANT”, “CnP.NON CONSTANT”, “CnP.CONSTANT ('‘Int)”]
4 val Fl: AbsValue = toAbsValue (f, args)

5 val Ol: SCF ML.Program = SCF ML.parse “const prop.scf-ml”
6 val 02 = SCF_ML.parse “copy prop.scf-ml”
7 val 03 = SCF_ML.parse “dae.scf-ml”

8 val (01’, F2) = stager (01, F1)

9 val (02’, F3) = stager (02, F2)

10 val (03', ) = stager (03, F3)

11 in (SCF _ML.print(Ol’, “const prop.staged.scf-ml”);

12 SCF _ML.print (02’, “copy prop.staged.scf-ml”);

13 SCF ML.print (03’, “dae.staged.scf-ml”))

14 end

FIGURE 3.12: Invoking the Stager at Satic Compile Time.

guently and is therefore a good candidate to be designated as a run-time constant. At this
point, the user might want to use the SCF framework to stage the optimization pipeline
0;...0,, and thereby produce a version of this pipeline specialized to optimize the

mul add function under the assumption that its third argument a is some integer con-
stant, whose value will be revealed at run time.

Figure 3.11 (which is essentially the same as figure 2.9(a) from the previous chapter)
illustrates the steps involved in staging our example compiler pipeline. At compile time
(above the dotted line in the figure), the user invokes the stager in a sequential manner to
generate the specialized optimization phases CnP’, CpP’ and DAE’. At run time (below
the dotted line in the figure), the specialized pipeline is invoked to produce the optimized
program Fop.

The stager in SCF is implemented in Standard ML. Figure 3.12 shows the Standard
ML expression that implements figure 3.11. We assume that the modules CnP, CpP and
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( int mul_add(int x, int y, int a) {

int u = x * a; //command 1
int w =u + y; //command 2
return w;} , //command 3

(NON_CONSTANT, NON_CONSTANT, CONSTANT(1)))

(a) F4: The Abstract Value Input to Constant Propagation

int mul add(int x, int y, int a) { int mul add(int x, int y, int a) {
int u = (0 | x | (x * 'Int)); int u = (x | (x * ‘Int));
int v = (y | (u+y)); int v = ((u | x) + y);
return v; } return v; }

(i) (ii)

b) F,: After Staged Constant Propagation on Fq. Version (i) assumes a more aggressive optimization,
2 1
version (ii) aless aggressive one.

int mul add(int x, int y, int a) { int mul add(int x, int y, int a) {
int u = (0 | x | (x * ‘Int)); int u = (x | (x * ‘Int));
int v=(y | ((ul x)+y)); int v = ((u | x) + y);
return (v [ y); } return v; }

(i) (ii)

(c) F5: After Staged Copy Propagation on F,. Versions (i) and (i) correspond to inputs (i) and (ii) respec-
tively from figure 3.13(b).

FIGURE 3.13: Abstract Values | nput and Output by the Sager at Compile Time.

DAE are defined in files const prop.scf-ml, copy prop.scf-ml and dae.scf-
ml, respectively. In lines 2-4, the expression constructs, using a call to the function
toAbsVal, an abstract value F1 representing the early-stage input to the first optimiza-
tion in the pipelineg, i.e., constant propagation. toAbsVal isafunction that takesan AST
representing an input function, and a list of strings (each string encoding as an abstract
value an argument to the function), and returns an Absvalue that represents the set of
tuples with the function as the first component and alist of concrete arguments as the sec-
ond. In lines 5-7, the ML expression reads in the SCF-ML programs corresponding to the
three optimizations. In lines 8-10, it invokes the stager on the optimizations 0i in a
sequential manner to produced specialized optimizations 0i’. The values F2 and F3,
which represent the possible results of executing optimizations 01 and 02, are used as
inputs to stage the next optimization in the pipeline. Finaly (lines 11-13), the expression
writes the specialized optimization programs to disk.
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1 fun optimize mul_add on_arg af(a:int): code array =
2 letval f1 AST.parse “mul_add.c”

3 val f2 CnP_Staged.optimize

4 (P1, [CnP.NON_CONSTANT, CnP.NON CONSTANT, CnP.CONSTANT al)
5 val £f3 = CpP_Staged.optimize £2

6 val fopt = DAE Staged.optimize £3

7 in CGen.codegen fopt end

FIGURE 3.14: Sub Function Providing Run-Time Interface to Staged Optimizers.

Thevariables F1, F2 and F3 denote the early stage abstract inputsto constant propa-
gation, copy propagation and dead-assignment elimination, respectively. We saw the sets
of values represented by these abstract values (called Fa, Fycnpy and Fycnpcpry) in figure

2.9 of the previous chapter. Figure 3.13(a), (b)(i) and (c)(i) respectively show how these
abstract inputs may be represented as abstract values, using the compact notation for
abstract values discussed previously. For future reference, we also show in figure
3.13(b)(ii) and (c)(ii) the corresponding output abstract values if we assume that the con-
stant propagator does not replace a multiply-by-zero with the constant expression O.

We have thus far discussed what the user of SCF needsto do at compile time. We now
describe how the results of the compile-time stage are used at run time. At run time, when
the C program containing mul add is about to invoke it with some concrete value of
argument a for the first time, it first invokes the specialized optimizers (written to the files
suffixed “ . staged.scf-ml” infigure 3.12) by calling the stub function of figure 3.14
with the value of a as argument, and then jumpsto the array of machine code returned by
this function call. The stub function is generated (at static compile time) specifically to
alow its caller to optimize function mul add with respect to the late-stage value of a
and the pipeline discussed above. The stub istypically generated as part of the expression
in figure 3.12. The step generating the stub is omitted from that figure for clarity.

The run-time optimizer of figure 3.14 is not as efficient as it could be. Although for
smplicity we show (in line 2) the optimizer as parsing themul add function from disk,
sncemul add wasknown at static compile time, it could have been parsed at that stage,
and itsresulting AST stored in the text segment of the C program (or the specialized opti-
mizer) so that run-time parsing could be avoided.

The last action of the stub is to generate (line 7) machine code for the optimized
mul add function viathe codegen function. Thisillustrates a useful level of flexibil-
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O: SCF-ML Program

—=

F: AbsValue . F’ . AbsValue
Y partial Evaluator - v

o"’:
%j\ SCF-ML Program +

Dead-Store Auxiliary information
Eliminator

N /
Y

O’: SCF-ML Program

FIGURE 3.15: Internal Structure of the Stager.

ity provided by our framework: a staged pipeline may be succeeded by unstaged optimiza-

tions.

3.3 Internal Sructure and Interfaces of the Stager

We have so far specified the input and output formats of the stager. In particular, the stager
takes two inputs (a SCF-ML program and an abstract value) and produces two outputs (a
specialized SCF-ML program and an output abstract value). In figure 3.7, we gave an
example of an input SCF-ML program. In figure 3.13, we showed examples of input and
output abstract values. We have so far not described in any detail the specialized SCF-ML
optimization produced by the stager. In this section, we examine the structure of these
optimizations (the modules CnP’, CpP’ and DAE’ of figure 3.11), and show how these
specialized optimizations relate to their unspecialized variants. We explain the net special-
ization effect as a combination of the individual effects of the two main constituents of the
stager, the partial evaluator and the dead-store eliminator.

Figure 3.15 shows the internal structure of the stager. The incoming abstract value F
and optimization program O are fed into the partial evaluator, which produces the output
abstract value F’ (which represents the possible results of executing O on valuesin the set
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represented by F), a partially evaluated version O” of O, and some auxiliary information
related to O” . The dead-store eliminator takes as input these two values and produces opti-
mization program O’, which is the specialized program output by the stager.

In what follows, we will assume that the abstract value F is the value F3 of figure
3.13(c)(ii), i.e., the early stage input to dead assignment elimination in our example pipe-
line. Further, we will assume that the optimization O is the dead-assignment elimination
(DAE) module defined in figure 3.7.

Figure 3.16 illustrates the effect of the partial evaluator on itsinputs. On the left of the
figure are the inputs to the partial evaluator, presented in a format different from those
used so far. Figure 3.16(a) is the call-graph of the optimization O. Each node in the graph
corresponds to a function in the module, and is labelled by an abbreviation of the name of
the function (function names analyze [Fun |Cmd |Expr |Exprs] are abbreviated to
al[F|C|E|Es] respectively, and transform[Fun|Cmd] to t[F|C]). Wedraw an
edge between two nodes labelled f and f* iff a call exists from function f to function f* in
the definition of the module.

Figure 3.16(b) is a graphical representation of the abstract input value F. The tree is
simply a parse tree for F with respect to the abstract syntax of table 1. Some of the nodes
are labelled with numbers 1 through 7 using the notation (:0, : 1 through :7). We use these
numbers simply as a way to name the different nodes in what follows.

Figure 3.16(c) shows the callgraph for O”, the result of partially evaluating the opti-
mization O with respect to F. The figure may be understood as the “unrolling” of the graph
of figure 3.16(a) over the tree of figure 3.16(b) in the following sense. For each AST node
in F, the partial evaluator produces a corresponding specialized version of the analysis and
transformation functions for that node. For example, for the AST node numbered O (which
happens to represent a command), the partial evaluator produces the functions
analyzeCmdo (written ac0 () ) and transformCmd0 (tCO () ) respectively.

Each specialized function thus corresponds to a node in the input AST. The body of
the specialized function is specialized to the argument node in two primary ways. First,
whenever thereisacall in an analysistransformation function specialized to nodei to ana-
lyzeltransform a node j that is the child of i, then we specialize the callee to node j. For
example, since commands 1 and 2 are children of the sequence command O, the recursive
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analyzeCmd cals to analyze the first and second commands in the sequence are
replaced by callsto analyzeCmdl and analyzeCmd2 respectively. Note that in figure
3.16(c), nodes labelled ac1 () and ac2 () arechildren of the node labelled aco () .
Figure 3.17 shows the second way in which analysis and transformation functions are
specialized to their argument nodes. The basic functionality can be thought of as aform of

constant folding. Whenever an expression evaluates to a constant value, it is replaced by a

optimize () optimize’ ()

/\

aF () tF(
Gj() T - tcC
¢ am () \)
aE () ‘/+
#f meet ()
aEs()O

(a): Callgraph for Input DAE Module (O) aE_ﬁ 0 aE7 ()
I
tF’ () -
fun\A
“mul_‘add/” ; 0 ‘

/\ tCo()
:1 ;o
/\ ec1() £cz ()
u / <5 : H
’/\‘ ’/\ \V 27 /\

tC3 () tC4 ()
X + v + 6
X’/\\y /\y FIGURE 3.16(c): Callgraph for Partially
Evaluated Dead-Assignment Elimination
y/\ Module (O")
u X

(b) Input Abstract Value (F)

FIGURE 3.16: Inputs To, and Output From, the Partial Evaluator.
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and analyzeCmd3 (c, 1lSet, aMap) =
case c of
assign(v, e, 1lbl) =>
let val 1lv = +fE hiveSetmember{iSet—v—then ltiveelsedead live
in (analyzeExpré6 (e, LiveSet.delete(lSet, Vv)),
AssignMap.insert (aMap, b+ 3, I¥ live))
end

00 J 0 Ul b W N

| o [enl 11 \
—Seg{te—¢€ 7

\e)

e
= o

12 and transformCmd3 (c, aMap) =
13 case c of

14 assign(v, e, 1lbl) =>

15 ease—AssignMap-—findftassigns—3bi)—of

16 SOME—dead—>—skip{ib>- c
17 +-soME——=>—=¢

18  +——

FIGURE 3.17: Partially Evaluated Dead-Assignment Elimination .
simpler expression that evaluatesto that value. In the figure, these simpler expressions are

indicated in bold italics.

The figure shows the bodies of the analysis and transformation functions for com-
mand 3. Recall that command 3 istheassignmentv = (u|x) + y. Since, inthefunc-
tionmul add being analyzed, command 3 isfollowed by command 4, i.e., return v,
the variable v is guaranteed to be live at command 3, so that the membership test
(LiveSet .member (.. .)) onthelive-variables set on line 5 is guaranteed to evaluate
to true, and the whole expression is guaranteed to evaluate to the constant value live. The
if-expression on line 5 can therefore be folded away (as indicated by the strike-through)
and replaced with the expression 1ive. Also, since analyzeCmd3 isthe analysis func-
tion for command 3, the value of variable 1b1 is guaranteed to be 3, as indicated by the
replacement on line 7 (where the variable 1v is also replaced by its constant value).
Finally, ¢ is guaranteed to be an assignment statement (of the form
assign(v,e,1lbl)), astested in line 4. All other options on the form of ¢ can also
therefore be folded away, asinline 9.

The transformation function for command 3 (beginning at line 12) also benefits from
constant folding. Since the analysis command for command 3 associated the constant
value live with label 3 in the assignment map (line 7), the lookup on the assignment map
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in (analyzeExpré6 (e, LiveSet.delete(lSet, Vv)),
AssignMap.insert (aMap, 3, live))

1

2 and analyzeCmd3 (c, 1lSet, aMap) =
3 case c of

4 assign(v, e, 1lbl) =>

5 let val 1lv = live

6

7

8

end

o)

10

11 and transformCmd3 (c, aMap) =
12 case c of

13 assign(v, e, 1lbl) =>

14 c

FIGURE 3.18: Analysis and Transformation Functions After Partial Evaluation.

(at line 15) is guaranteed to return value SOME(live), so that (as per the case on line 17)
the entire case statement may be replaced by the expression c.

A final point to note isthat as aresult of folding, certain variables that were bound in
pattern matches now become dead. Variable 1b1 of line 4 and variablese, v and 1b1 of
line 13 all fall into this category. Since these variables are dead, we can avoid binding
them in the patterns, and thereby avoid a potential 1oad operation for each of them.

Figure 3.18 shows the versions of functions analyzeCmd3 and t ransformCmd3
that result from these transformations. The figure illustrates the benefits of partial evalua-
tion, but reveals opportunities for eliminating a few dead operations. First, the dead bind-
ing of 1b1 on line 4 can be avoided. Instead we indicate that we “don’t care” what the
value in this place is by inserting a wild card match . Second, consider the binding of
variable 1v on line 5. Since 1v is not used downstream, the binding is dead and can be
eliminated. Third, consider the case statement of lines 12-14. Since variables v, e and
1b1 are not used downstream, and the sole purpose of the case statement is to bind these
variables, the entire case statement may be folded away and replaced its body, the expres-
sion ct. These two transformations are fairly routine instances of dead-store elimination.

The map insertion at line 7 is a more subtle, and very important, instance of a dead
store. The insertion associates the value live with the label 3. The intention is that the

1.Unlike Standard ML, SCF-M L has undefined behavior when input values are unexpected variants of expected types. In
particular, where traditional ML would raise a“non-exhaustive match failure” if t rans formCmd3 wereinvoked with
thewrong variant of command as argument, the SCF-ML program could (as aresult of the current optimization) simply
return the argument command.
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and analyzeCmd3 (c, 1lSet, aMap) =
case c of
assign(v, e, ) =>
(analyzeExpr (e, LiveSet.delete(lSet, v)), aMap)

0 J 0 Ul b W N

and transformCmd3 (c, aMap) = c

FIGURE 3.19: Analysis and Transformation Functions After Dead-Store Elimination.

downstream transformation function for command 3 can refer to the liveness value for
label 3 in the assgnment map aMap, when deciding whether command 3 is live or dead.
For command 3, this lookup in the map happens in line 15 of figure 3.17. However, since
that read is folded away, it turns out that the binding inserted into the map has no readers,
and can be omitted. The map insertion into map aMap issimply replaced by an expression
that returns aMap unchanged.

We have so far not discussed at all the nature of the “auxiliary information” returned
by the partial evaluator as per figure 3.15. At this point, we will just mention that this
information is used for eliminating dead map accesses such as those described in the pre-
vious paragraph. The format and use of this map will be specified precisely in the next
chapter.

Figure 3.19 shows the analysis and transformation functions for command 3 after par-
tial evaluation and dead-store elimination. Comparing with figure 3.17, it is clear that the
staged version of the optimization executes significantly fewer instructions than the un-
staged version.

3.4 Summary

In this chapter, we have specified the format of inputs and outputs of the stager, and
described the two major components of the stager in terms of their desired effect on an
example. In the next three chapters, we will describe how these components achieve these
effects, beginning with the partial evaluator.
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4. The Partial Evaluator

In the previous chapter, we explained that the stager is composed of a partial evaluator and
a dead-code eliminator. We described the partial evaluator only by its desired effect. In
this chapter, we describe in detail the structure of the partial evaluator.

The partial evaluator in SCF is an online partial evaluator. An online partial evaluator
may be understood as a program interpreter with two differences. First, instead of evaluat-
ing program fragments (such as functions and expressions) to get their concrete values,
the partial evaluator performs a form of abstract interpretation where program fragments
evauate to abstract values which represent sets of concrete values. Correspondingly,
while interpreting the fragment, instead of maintaining a concrete environment mapping
variables to concrete values, partial evaluators maintain an abstract environment mapping
variables to abstract values. Each abstract environment E represents a set of concrete envi-
ronments E. We say that the concrete environments in E conform to E. Second, for each
fragment it evaluates in a given abstract environment, the partial evaluator produces, in
addition to the abstract value of the fragment, a version of the fragment (called aresidual-
ized version) specialized to the abstract environment.

Figure 4.1 shows the signature for the partial evaluator module using Standard ML
(SML) syntax. In what follows, we write al code that is part of the definition of the stager
initalics. All SML keywords are in bold italics. In all examples that follow, modules that
will be precisely defined later in the chapter are underlined the first time they are men-
tioned.

The signature specifies that all modules that conform to it are required to provide a
single function PE;, (the subscript p stands for “program” to indicate that the SCF-ML

fragment to be partialy evaluated is the incoming program), which given an incoming

SCF-ML optimization program and input abstract value returns a residual optimization

signature PARTIAL_EVALUATOR = sig
val PE,: SCF_ML.program* AbstractValue.value ->
SCF_ML.program* AbstractValue.value * Label AbstractValueMap.map

end

FIGURE 4.1: Signature of the Partial Evaluator
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program, the abstract value that the input program evaluates to given the abstract input,
and a map from labels to abstract values which will be explained later in this chapter and
in chapter 7. The last data structure is the same as the “auxiliary information” of figure
3.15.

4.1 Signaturesof Some Key Data Structures

The conventional design [56] of an online partial evaluator is as aworklist algorithm over

the functionsin the program being evaluated. Asis typical with these algorithms, our par-

1 datatype ‘a option = SOME ‘a| NONE

2 datatype ‘achoice= MUST ‘a| MAY ‘a| NOT

3

4 signature ABSTRACT_ENVIRONMENT = sig

5 type env

6 val empty:  env

7 val find: env* SCF_ML.var -> AbstractValue.value
8 val insert:  env* SCF_ML.var * AbstractValue.value -> env
9 val meet: env* env-> env

10 val shadow: env* env-> env

11 end

12

13 signature CACHE = sig

14 typecache

15 typecontour_key

16 typecache info =

17 {argVval:AbstractValue.value, retVal: AbstractValue.value, resExp: SCF_ML.exp, numEvals: int}
18 val empty: cache

19 val find: cache * contour_key -> cache_info option

20 valinsert: cache* contour_key * cache info-> cache

21 val flush: cache-> SCF_ML.fun list

22 end

23

24 signature WORKLIST = sig

25 typeworklist

26 typecontour_key

27 typeworklist_info = {key: contour_key, value: AbstractValue.value} choice
28 val empty:  worklist

29 val add: worklist * worklist_info -> worklist

30 val take: worklist -> (worklist * worklist_info) option

31 end

32

33 structure AbstractEnvironment : ABSTRACT_ENVIRONMENT
34 structure Cache : CACHE

35 structure WL : WORKLIST

FIGURE 4.2: Signatures of Primary Data Structures Used by the Partial Evaluator
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tial evaluator maintains three primary data structures, which we will call abstract environ-
ment, cache and worklist. Figure 4.2 gpecifies the signatures, named
ABSTRACT_ENVIRONMENT, CACHE and WORKLIST respectively, for these modules.
Since these data structures are standard, we will only define formally their signature and
not their implementation, and summarize informally their required behavior.

Lines 1 and 2 define two types that will be used frequently in what follows. The first
isthe parameterized type option. It hastwo variants, the unary variant SOME and the zero-
ary NONE. The typeis intended to describe expressions that either return a value in some
domain or no value at al (such as a map lookup that either succeeds with some value or
fails with none). The second type, choice, is similar to option, but has three variants. It is
intended to be used in situations where a value represents one of a variety of actions,
which must, may and should not be performed (represented by the MUST, MAY and NOT
constructors respectively). We will see examples of both types below.

Lines 4 through 11 of the figure delimit the signature ABSTRACT _ENVIRONMENT
that must be satisfied by the abstract environment module. As per line 5, the module must
provide a type named env, which will correspond to the variable-to-abstract-value map
that congtitutes the environment. In addition (line 6), the module is required to provide a
value named empty (which is intended to stand for the empty map) of type env. Line 7
requires an accessor function find, which given an environment and a variable returns the
value corresponding to the variable in the environment. It is undefined what happens if the
variable is not in the environment. Line 8 requires an insert function which, given an envi-
ronment, variable and value, returns the result of updating the environment with the vari-
able-value binding. Line 9 requires a meet function, which given two abstract
environments, each representing a set of concrete environments, returns a third abstract
environment that represents (possibly a superset of) the set of environments comprising
the union of the incoming two sets. Finally, line 10 requires a function shadow, which
given two environments E and E’ as arguments, returns the result of replacing any key-
value pair (k, v) in E with the pair (k, V') if kisboundto Vv’ in E’. In what follows, we will
assume a module AbstractEnvironment (line 33) that conforms to this signature.

The cacheis essentially a map from function names to a pair of abstract values repre-
senting the inputs and outputs calculated thus far by the partial evaluator for each function.
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It is standard [46, 60, 58, 25] to implement interprocedural analyses using partial transfer
functions represented by caches of this kind. Lines 13 through 22 delimit the definition of
the CACHE signature which defines the abstract interface of the cache. Lines 15 through
17 define the domain and range of the map underlying the cache. The domain is repre-
sented by an opaque type contour_key (line 15). The contour key type istypically atuple
consisting of the name of a function in addition to other information that distinguishes
invocations of the function made in different contexts. We will see an example contour
key later in this section. The range of the map is a record type cache _info (lines 16-18),
which has four fields: argval and retVal, the argument and return abstract values respec-
tively computed for the current contour, resexp, the residualized version of the expression
congtituting the body of the function represented by the contour key, and numEvals, an
integer counting the number of times the cache entry for this contour key has been modi-
fied.

The find function (line 19) on the cache returns a value of type cache info option.
Thisis an instantiation of the parameterized type ’a option discussed above. The intention
isthat if the find fails in the map, it returns NONE, otherwise it returns value SOME ci,
assuming ci is the cache information found. The final function in the signature for the
cache is the flush function which essentially returns the list of all the residualized func-
tions in the cache. In what follows, we will assume a module Cache (line 34) that con-
forms to this signature.

The worklist (lines 23-30) is typically either a stack or queue of elements of type
worklist_info. Each element contains a choice of a contour (which in turn, as mentioned
above, typically contains a function name) and the argument value with which to partially
evaluate the function named by the contour. The add function adds an element to the
worklist. Asindicated by the option in the return type of the take function, invoking this
function on worklist wi optionally returns NONE if the worklist is empty, and SOME(WI’,
wli) where wli is an element of wl and wl’ is the result of removing wli from wi. In what
follows, we will assume a module WL (line 35) that conforms to this signature.
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P € program = dy,...,dy 91,y In
d € typeDec = tn = k; of t;, ..., kp of t,
t € type = int | bool | string | char | tn | p
p € prodType = t; * ... * t,
€ funDef = fx=e¢e
e € expr = x| c| ce | (eq,...,ey) | case e of m;y my ... my| £ e |
pr e | cf (fn x => e;) e,
m € match = pt => e
pt € pattern = | x| ¢| ept | (pt;,...,pty) | x as pt

pr € primop

map_insert | map_find | map_equal | map_remove
| + ] - | ...
cf € curriedFuns::= map_unionWith | map_map
constructors = Identifiers U Int U Bool U String U Char
, tn € Identifiers

FIGURE 4.3: Abstract Syntax for SCF-ML Programs

HoQ
X om

4.2 Core SCF-ML and Notational Conventions

We discuss below the abstract syntax of SCF-ML (in which optimizations are written),
followed by some notational conventions for abbreviating Standard ML (in which SCF
itself is written).

SCF desugars the concrete SCF-ML syntax of figure 3.3 into the abstract syntax of
figure 4.3. Modules are eliminated by inlining. The 1et and if specia forms are desug-
ared into the more general case form. All operations on set data structures are replaced
by their implementation using map operations; the abstract syntax has only built-in map
operations.

In what follows, we will be specifying various parts of SCF itself. SCF is written in
Standard ML. We write al Standard ML code comprising SCF in italics with keywords
additionally in bold. We use certain abbreviations throughout. We will uniformly omit the
val keyword in let bindings. The Standard ML expression let val x = g 3 in f x end will
instead be written let x = g 3in f x end. Further, when we wish to perform an assignment
as part of a sequence of let bindings, instead of using the notation let ... = (x:=..) ...in
... end, wewill writelet ... x:= ... ... in ... end. Finaly, we use vertical bars|...| to delimit
either patterns or constructor applications written in concrete syntax, possibly omitting
uninteresting parts. For instance, instead of writing SCF_ML.constructor(c, €), we will

write |c €], and instead of AbsValue.tuple(vs, id), we write |(vs)|. By omitting explicit con-
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structors, the notation potentially confuses different entities that share the same concrete

syntax. When the context does not resolve the ambiguity, we use explicit constructors.

4.3 Initialization and Fixpointing

In this section, we specify the fixpoint loop that iterates over the functionsin the incoming
SCF-ML program. The underlying structure of the loop is common to many interproce-
dural analyses, and this structure has been proposed for online partial evaluators as well
[56]. However, the partial evaluator in SCF provides more aggressive versions of tradi-
tional modules used by the fixpoint loop, and performs pre-processing steps not common
to conventional fixpoint-based online partial evaluators. We use the precise specification
of the fixpoint loop to highlight both similarities with, and differences from, existing
schemes. Where the differences are important, we will go into them in more detail later in
the chapter.

Figure 4.4 specifies the entry function and the fixpoint loop of the partial evaluator
module. Lines 1-5 of the figure define global variables which (as indicated by the ref key-
word) may be side-effected. In this section, we will focus on the first three definitions
(lines 1-3), which define the cache ¢, worklist wi and program p to be partialy evaluated
as described above. These data structures are represented as global variables that are side-
effected so as to avoid having to thread them throughout the partial evaluator as done in
conventional presentations. Lines 4 and 5 define variables that store the pre-processing
and analysis results, and will be discussed later in this chapter.

Lines 8-15 define the entry function PEp On line 8, we use pattern-matching to split

the incoming program into type-declarations ds and function declarations which are
delimited by the vertical bars ||, as discussed in the previous section. We digress briefly to
elaborate on the notation using line 8 as example. Pattern |gl,...,gn| would match against a
list of n elements with g1 and gn matching the first and last elements. |f x = e,...,gn|
requires that the first element in thislist be a function whose name is matched against vari-
able f, formal against x and body against e. Similarly, if variables f, x and e are bound to
function name, formal name and SCF-ML expression respectively, we will often write |f x
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1 vac = ref Cache.empty

2 valwl = ref WorkList.empty

3 vap = ref Program.empty

4 vallvm = ref LabelAbstractValueMap.empty

5 val fm = ref FinitenessAnalysis.emptyFinitenessMap (* FinitenessAnalysis written as FA below*)
6

7 (* Seefigure 4.1 for signature of function PEp *)

8 fun PEp (p asprogram(ds, | fx = e,...,gn|),v) =

9 letfm := FA.analyzep
10 = RematStrategy.reset();

11 ck = ContourKey.mkContourKey (f, 'fm, v, Contour Key.empty)
12 wl = WorkList.add(WorkList.empty, MUST(ck, Vv))

13 _ = fixpoint ()

14 gs = Cacheflush!c

15 in (RematStrategy.postProcess(program(ds, gs')), !lvm) end

16

17 (* fixpoint: unit -> unit *)

18 and fixpoint () =

19 case WorkList.take 'wl of (* ContourKey written as CK below*)

20 NONE => ()

21 | SOME(W’, MAY(ck, v)) => (Wl := wl’; processFun(ck, v, false, Map.find(!fm,CK.func ck))
22 | SOME(W’, MUST(ck,v)) => (Wl := wl’; processFun(ck, v, true, Map.find(!fm,CK.func ck))
23

24 (* processFun: ContourKey.contour_key * AbstractValue.value * boolean * FA.FP -> unit *)
25 and processFun(ck, v, mustExec, fp) =
26 let (VArggqg, VRetyq, € i) = case Cache.find(!c, ck) of

27 SOME ci => (ci#argVal, ci#retVal, ci#resExp, ci#tnumEvals)
28 | NONE => (v, AbstractValue.top, |()|, 1)

29 c := Cache.insert(!c, ck, {argVal = VArgyq, retval =vRetyq,

30 resexp = e, numevals = i})

31 VArg' = AbstractValue.meet(v,vArggq)

32 VArg = Widening.widen(vArg', i, fp)

33 inif (not mustExec) andalso AbstractValue.mustBeEqual (VArg, vArg,q) then
34 fixpoint ()
35 elselet (€, vRet) = PE;(ck, VArQ)

36 newinfo = {argVal = VArg, retVal = Widening.widen(vRet,i,fp),
37 resexp = € ,numEvals = i+1}

38 c := Cache.insert(!c, ck, newlnfo)

39 in if not AbstractValue.mustBeEqual (meet(vRet,,q,VRet),VRet ) then
40 (addClrs ck;

41 fixpoint ())

42 elsefixpoint ()

43 end

44 end

45

46 and addClrs (ck: Contour Key.countour_key):unit =

47 ...add calling contours of ck to worklist 'wi...

48

FIGURE 4.4: Initialization and Fixpoint L oop for Partially Evaluating Programs.
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= ¢ (instead of SCF_ML.funDef(f,x,e)) for the SML expression constructing an SCF-ML
function.
The body of PEp essentially does some pre-processing before performing the fixpoint

analysis at the heart of the partial evaluator. In particular, it performs a pre-processing
analysisto be discussed later (line 9), resets a persistent data structure (line 10), constructs
acontour key containing the name of the entry function of theincoming SCF-ML program
(line 11), pushes a pair containing this contour key and the incoming abstract value v on
the worklist (line 12), performs the fixpoint computation which side-effects its results into
cache c (line 13), and extracts (line 14) and returns (line 15) the results of the fixpoint
computation. Before returning the program, it performs (on line 15, via the RematSrat-
egy.postProcess call) some post-processing to be described later.

The fixpoint computation pops a task off the worklist (lines 18-22) and processes it
(lines 25-44). Each task is a choice (MAY or MUST) of a contour key and an abstract
value. Given a contour key, we first (lines 26-28) check in the cache to see if the key has
been processed before, and if so what the cache information corresponding to the key was.
In particular, we are interested in the abstract argument value (argVal), result value (res-
Val) and the number of times this contour has been evaluated (numEvals), and therefore
read these fields off the cache-info record ci (the notation r#f reads field f of record r). If
no entry exists in the cache for the key (line 28), we construct suitable default cache infor-
mation. Before analyzing the contour, we record (lines 29-30) in the cache that we are
about to analyze it; this step is necessary so that if no entry existed in the cache for the
contour, we will now have an entry mapping its return value to top, thus avoiding
unbounded recursive analysis of the contour. Given the previous abstract argument VArgq g
with which the contour was processed, we (line 31) add in the current argument v by
invoking the lattice meet function on values v and VArg 4. The abstract valueis next (lines
32) widened as necessary. Widening enables abstract interpreters to terminate when their
domains are infinitely tall.

Apart from the particular meet function and widening strategy used (which will be
discussed later), al other steps are standard. The abstract interpretation performed by the

partial evaluator has as its domain the power set of the (infinite) Herbrand Universe of
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section 3.2.2.1, with set containment as the lattice ordering relation. The interpretation | at-
tice is therefore infinitely tall, necessitating a widening-based abstract interpretation. The
meet operation on this lattice is simply set union. In chapter 6, we will discuss how to
widen while preserving sufficient accuracy, and also how to compute meets on abstract
values efficiently. The Widening module invoked as a pre-processor in the figure aids in
the former task, whereas the AbstractValue module aids in the latter.

Lines 33-38 complete the processing of the worklist task. In the case that the widened
abstract value is one that was previously processed and the task is not a MUST task, there
is nothing more to be done; we just ignore the task and revert to the fixpoint loop to get the
next task (line 34). Alternately (lines 35-43), we perform partial evaluation of the individ-
ual function (line 35) with acall to PE;, and record the result in the cache (lines 36-38).

Finally, if the return value for the contour just analyzed changed, we place on the
worklist for re-analysis all contours whose analysis depended on the return value of the
contour just analyzed, and return to the fixpoint loop (lines 39-41). The helper function
that adds contour keys ck for re-analysis, defined only with a brief comment on line 47,
first determines the argument value v recorded for ck in the cache and places the task
MUST(ck,v) on the worklist. As described above, the MUST task forces re-evaluation of
the corresponding function even if the argument of the function has not changed since the
last time it was processed, to account for the fact that the return value for one of its callees
may nevertheless have changed. If the return value is unchanged, we omit placing callers
on the worklist and directly return to the fixpoint loop (line 42).

Again, these steps for processing worklist tasks are standard, although for our particu-
lar representation of abstract values (Augmented Regular Tree Expressions), implement-
ing the mustBeEqual test in an efficient, conservative but sufficiently effective way

requires careful design.

4.4 Partial Evaluation of Individual Functions

In the previous subsection, we described afixpoint loop that processes (contour keys cor-
responding to) individual functions. Each function was processed by a call to the unde-
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fined function PE;. In this section, we specify PE;, as usual paying particular attention to
how it differs from standard versions.

Figure 4.5 defines PE; and its main helper functions, in particular the function PEg,
which is responsible for partially evaluating expressions. Given, in PE;, a contour key ck

corresponding to the function f x = e to be specialized and the abstract value v of the func-
tion argument, we smply invoke PEto partialy evaluate e in an environment where vari-

able x is bound to value v (lines 1-7).

Lines 11-47 define the function PE,. Given an expression to be partialy evaluated, an

abstract environment in which to evaluate this expression and a contour key defining the
context in which to evaluate, it returns a pair consisting of the residualized version of the
expression and the abstract value of the expression. In the rest of this section, we discuss
how each type of expression is processed, going into detail where we deviate from typical
online partial evaluators.

441 Literals

Line 11 shows how scalar literal expressions are handled. Recall that the residualized ver-
sion of an expression is just asimpler (in terms of number of steps needed to evaluate it)
version of the expression that nevertheless computes the same values as the expression.
Scalar literals are already in the simplest possible form, and the residual expression isthe
same asinput expression e. The abstract value of ascalar expression cissimply the single-
ton abstract value c.

4.4.2 Variables

Lines 13-15 handle variables. If v is the value of a variable x in abstract environment E,
the abstract value of the expression issmply v.

The residualized expression replacing variable x is determined by the rematerializa-
tion strategy, encapsulated in the RematSrategy module referenced on line 50. The mod-
ule decides how to replace a given expression by a simpler one. When value v is a
singleton scalar (by scalar, we mean integers, characters, booleans and strings), for
instance, it replaces the variable x with the literal expression g, the literal that evaluates to
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1 (* PEg ContourKey.contour_key * SCF_ML.val -> SCF_ML.exp* SCF_ML.val *)

2 and PE; (ck, v)=

3 let |fx=¢e| = findFun ck

4 (¢, V') = PEg (e, AbstractEnvironment.insert(AbstractEnvironment.empty,x,v), ck)

5 in(e’,Vv)end

6

7 and findFun (ck: ContourKey.contour_key): AST.fun = ... find the function definition for key ck...
8

9 (* PEg SCF_ML.expr * AbstractEnvironment.env * Contour Key.contour_key ->

10 SCF_ML.expr * AbstractValue.value *)

11 and PEq(eas]c|, _, ck) = (e |c|)

12
13 | PEq (eas|x|, E, ck) =

14 let v= AbstractEnvironment.find(E, x)

15 inrematerialize(e,v) end
16
17 | PEc(I(e9)], E, ck) =

18 let evs = List.map (fn e=> PEg(e, E, ck)) es

19 (es, vs) = List.unzip evs
20 in(|(es)], [(v9)]) end

21

22 | PE(|c€l, E, ck) =

23  let(e',v) = PEg(e E, k)
24 in(|c€],|cv]) end

25

26 | PE.(Jmap_insert e, E, ck)
27 | PEe(Jmap_find €], E, ck)
28 |PEg (Imap_equal €, E, ck)
29 | PE.(Jp €Arg|, E, ck) =

...defined infigure 4.6 ...
...defined infigure 4.6 ...
...defined infigure 4.6 ...

30 let (eArg,VvArg) = PE.(eArg, E,ck)
31 \Y = AbstractValue.eval Primop(p, VArg)
32 inrematerialize (p eArg’|, v) end

33

34 | PE, (Jcase eof ms|, E, ck) =

35 let (€,v) = PEs(e E, cKk)

36 (ms',Vv) =PEy(ms,v,Eck) (¥ PE,gdefinedinfigure4.7*)

37 inrematerialize (Jcase€ of ms'|, V') end

38
39 | PE.(|f €], E, ck) =
40 let (¢,v) = PEq(e E, ck)

41 ck’ = ContourKey.mkContour (f, Ifm, v, ck)
42 Vi = caseCachefind(!C, ck’) of

43 SOME ci => ci#retVal

44 | NONE => AbstractValue.top
45 wi := WorkList.add('wl, MAY(ck’, v))

46 f = ContourKey.getSpecializedFName ck’

47 inrematerialize (|f' €|, v;e) end

48

49 (* When vissingleton, return a simpler version of e equivalent to e under all feasible contexts *)
50 and rematerialize(e: expr, v: value): (expr * value) = (RematStrategy.rematerialize(e,v), v)
FIGURE 4.5: Partial Evaluation of Functions and Expressionsin SCF.
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the lone element of |v|. This replacement satisfies the requirement that the new expression
issimpler to evaluate than the first. Rematerialization is more complex in other cases, and

section 6.4 discusses the matter further.

4.4.3 Tuplesand Constructors

Partially evaluating tuples and applications of constructors (17-24) is a straightforward
matter of partially evaluating sub-expressions and composing the results. For instance,
partially evaluating a tuple of expressions (lines 17-20) consists in first partialy evaluat-
ing the component expressions to obtain alist of residual expression-result value pairs (via
the map functional of line 18), and reconstituting this list of pairs into a pair of lists (of
expressions and values) via the unzip functiona of line 19. These lists are packed into a

tuple expression and a tuple abstract value respectively in line 20.

4.4.4 Primitive Operations

Expressions representing arguments of primitive operations are first evaluated abstractly
to get their value VArg. The abstract application of the primitive operation is performed by
the eval Primop function of the AbstractValue module (line 31). As with variables, if the
resulting abstract value v is a singleton scalar, we return as the residualized version the
corresponding literal expression, otherwise we return an application of the primitive oper-
ator. We return v as abstract value of the expression. This conventional sequence of steps
is detailed on lines 31-32 of figure 4.5.

Asshown in figure 4.6, the map operations map_insert, map_find and map_equal are
treated specially, in anticipation of the dead-code elimination pass that follows the partial
evauator in SCF. In particular, while these primitive operations are abstractly evaluated
and residualized just as other operations, we also record for each of them an abstract value
representing the set of map keys that will, in the later stage, be necessary for performing
the operation on the incoming map (or maps). We call this set of keysthe live keys.

In the case of the map_insert and the map_find operations, the live keys are exactly
the incoming abstract key Ve, being inserted and found respectively. In the case of

map_equal, however, we use the special function findLiveKeys of the AbstractValue mod-
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1 | PEg(eas|map_insert eArg|, E, ck) =

2 let (eArg’, VArg) = PEg (€Arg, E, ck)

3 Viey = AbstractValue.match(|(_,x,_)|, VArg)).find(|x|)

4 Y = AbstractValue.evalPrimop(|map_insert|, VArg)

5 € = |map_insert eArg’|

6 lvm := Label AbstractValueMap.insert(!lvm, label Of €', Vi)
7 inrematerialize (¢', v) end

8

9 | PEg(eas|map_find eArg|, E, ck) =

10 let (eArg, VArg) = PEg (€Arg, E, ck)

11 Viey = AbstractValue.match(](_X)|, VArg)).find(|x|)

12 Y = AbstractValue.eval Primop(|map_find|, VArg)

13 € = |map_find eArg’|

14 lvm := Label AbstractValueMap.insert(!lvm, label Of €', Vi)
15 inrematerialize (¢', v) end

16

16 | PE (e as|map_equal eArg|, E, ck) =
18 let (eArg’,VvArg) = PE.(eArg, E, ck)

19 Vieys = AbstractValue.findLiveKeys VArg

20 Vool = AbstractValue.evalPrimop(|map_equal|, VArg)

21 € = |map_equal eArg’|

22 lvm := Label AbstractValueMap.insert(!lvm, label Of €', Vi)

23 inrematerialize (€', Vo) €nd

FIGURE 4.6: Three Special Cases of PE, of Primitive Oper ations

ule to return an abstract value that represents the set of keys whose equality (or lack
thereof) is not fully determined at the early stage. For instance, if the incoming abstract
maps are map(must[ (1, 2), (3, (7|19))], may[23, 12]) and map(must[(1, 2), (3, (7|19))],
may[ 23, 27]), findLiveKeys should return the value 3|23, since we can determine at the
early stage that the value corresponding to key 1 will be equal for the two maps, and this
key therefore does not have to be compared later on.

Recall from figure 4.1 that the partial evaluator returns a map from SCM-ML labels
to abstract values. This map is implemented as a global variable Ivm and initialized as a
reference to an empty map in figure 4.4, line 4. We are now ready to explain what the map
contains: it records, for each residualized map operation map_insert, map_find and

map_equal, the live keys for that operation. The operations are identified by their SCF-

ML labels. As shown in lines 6, 14 and 22, we side-effect the gloal variable lvm® to add a
new mapping from the label of the residual operation created to the abstract value repre-

1.The variable name 1vm is an abbreviation for “live variable map”.
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(* PEs: SCF_ML.match list * AbstractValue.value * AbstractEnvironment.env *
Contour Key.contour_key -> SCF_ML.match list * AbstractValue.value *)

and PE (1, v, E, ck) =

([1, AbstractValue.top)

| PEms(_, AbstractValuetop, _, ) =
([1 , AbstractValue.top)

W J 0 Ul b WN B

e}

| PEpg(miims, v, E, ck) =
10 case PE,(m, v, E, cK) of
11 SOME (M, Vg, Viem) => let (MS', Viy") = PE(MS, Viems E, €K)

12 in  (m'::ms’, AbstractValue.meet(vy4, Vg ') end

13 | NONE => PE(ms, v, E, ck)

14

15

16 (* PEy,: SCF_ML.match * AbstractValue.value * AbstractEnvironment.env * CK.contour_key ->
17 (SCF_ML.match * AbstractValue.value * AbstractValue.value) option*)

18 and PE.(lp=> €|, v, E, ck) =
19 case AbstractValue.match(p,v) of

20 NONE => NONE
21 | SOME (E, Viem) => let(€',V') = PEg (e, AbstractEnvironment.shadow(E, E’), ck)
22 in SOME (Jp=> €[, Vtem, V') end

FIGURE 4.7: Partially Evaluating Pattern Matching
senting the live keys. The next chapter shows how we use the live keys for a map opera-
tion (in conjunction with other information) to determine whether the operation can be
declared dead and removed altogether from the residualized optimization program.

4.4.5 Case Expressions

Lines 34-37 of figure 4.5 process case expressions. The partial evaluator first computes
(on line 35) the abstract value v of the controlling expression e of the case expression.
Function PE, partially evaluates the sequence of matches in the case expression using v

as theincoming abstract value to match against (line 36).
Figure 4.7 defines PE,, It shows how a sequence ms of matchesis partially evalu-

ated. The incoming value v is partially evaluated with respect the first match m in

sequence m via a call to PE, (line 10). Recall that matches m are of the form p => e,
where p is the pattern guarding execution of expression e.
oIf it is certain that no concrete value in v matches the pattern guarding m (line 13), we

discard m and continue matching against the remaining matches in ms.
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case i of

Int 0 => 0 (* match m; *)
| Int x => x + 1 (* match m, *)
(a) Expression ey to be Evaluated
{i > Int (0[2)}

(b) Environment E for Evaluating &,

m = Int 0 => O, Vyal = 0, Viem= Int1 procng ml *
m = Int x => 2, Vyal = 1, Viem= 0 * processing m2 *

(c) Results of Evaluating Matchesmq and m,

m = Int 0 => 0, Vg = 0, Viem = INt 0|1 procng ml*
m = Int x => x + 1, Wg = Int 12, Viem= * processing m2 *

(d) Alternate Results of Evaluating Matchesm; and m,
FIGURE 4.8: Partially Evaluating Case Expressions: An Example

*If mis a possible match (line 11), PE,, returns the residualized match m', the abstract
value v, of expression e and avalue V¢, Which is (possibly a superset of) the part of v
that did not match p. We use v, as the value to match against the remaining matchesin
ms(line11). If vy’ isthe abstract value resulting from partially evaluating the remaining
matches in the sequence, the abstract value for whole sequence is the meet of v, 4 and
Vyg (line 12). Similarly, if ms represents the residualized version of the remaining
matches, we get the residualized version of the entire sequence by prepending m' onto
ms'.

Figure 4.8 gives an example of how case expressions are handled, and in particular,
why getting an accurate estimate of the unmatched part v, isimportant. Consider invok-
ing PEg with an input expression (call it e;) and environment E as shown in figures 4.8(a)
and (b). We first evaluate the controlling expression (which in this case is ssmply the vari-
able i) to get itsvalue v = Int(0]1). Next we invoke PE,swith alist of matchesms= [m;,
m,] with my and m, as shown in figure 4.8(a), and v = Int(0]1). The first lines of figures
4.8(c) and (d) show two possible results of specializing match m; to v = Int(0|1) (viaacall

to PE,,, as per line 10 of figure 4.7). The two versions agree on the residual version m’ of
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the match, and on the value v, 4 of theliteral O on the right-hand-side of the match, but dif-
fer on vem, Which is supposed to represent the part of Int(0 | 1) that did not match pattern
Int 0 of match my. In particular, thefirst version isable to constrain v,qy, to asmaller set

of values than the latter.
The benefit of the increased accuracy is evident from comparing the second lines of
figure 4.8(c) and (d), which show the results of partially evaluating match m, with the new

incoming value v set to the v,y Of the preceding match. In the former case, the variable x

of pattern Int x isboundto 1 whereasin the latter case, it isbound to 0|1. Asaresult, in
the former case we are able to replace the expression 1 with the simpler residua expres-
sion 2, whereas in the latter case, we have lost this opportunity.

As line 19 of figure 4.7 specifies, the essential computation of matching an abstract

value against a pattern and determining the remainder value Vo, iS performed by the

match function of the AbstractValue module. We will discuss this module and function in
more detail in chapter 5. We will discuss an alternate technique based on aggressive spe-
cialization to improve residual case expressionsin section 6.2.2.

The scheme described above for pattern matching against abstract values is novel to
the best of our knowledge. It is most similar to the methods used in class hierarchy analy-
sis [18] of object oriented languages. In that case, functions are defined in terms of a
sequence of cases distinguished by the classes of their formals. Given a set of possible val-
ues for the classes of the actual s, the analysis divides the set of classes up into subsets such
that each subset is associated with a case. A value in a subset is associated with a particu-
lar caseif that case is the most closely matching. SCF-ML, on the other hand, has a“first-
match” rather than a “closest match” semantics, matches against patterns rather than
classes, and represents sets of values implicitly with abstract values rather than explicitly
as sets of values. SCF-ML also makes different decisions in how to approximate the match
process. In particular, it avoids intersection of sets since intersection is expensive on
abstract values.
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4.4.6 Function Calls

On encountering afunction call |f €| wefirst partialy evaluate expression e (line 40 of fig-
ure 4.5), construct a new contour key for the callee function f given the current context
represented by contour key ck and value v of e (line 41), look up any previously computed
return value (if one exists, otherwise use the abstract value 0) recorded for ck in the cache
(line 43-44), and schedule the function corresponding to ck for re-execution on argument
value v by pushing the tagged pair MAY(ck,v) on theworklist (line 45). Asexplained in the
previous section, the MAY tag ensures that when the worklist task is processed, if the
cache already has an entry for ck with argument v (or an abstract value lower than v in the
abstract value lattice), the task will not be re-processed. To this end (line 31, figure 4.4),
the partial evaluator meets the new value v with the existing value vArgq4 in the cache and

optionally widens the result (line 32, figure 4.4); only if the result of meeting and widen-
ing is not different from v does the partial evaluator process the value.

The above steps are, for the most part, standard when processing function callsitesin
context-sensitive interprocedural analysis. One deviation is the manner in which the con-
tour key is constructed, i.e.,, how the mkContour function works. This function is
explained in chapter 6.

A more subtle issue is that of “breadth-first” processing of contours, i.e., the fact that
we place a callee contour on the worklist instead of processing it immediately. We discuss
in section 6.3 an unexpected negative interaction between this order of processing and our
widening strategy, and a workaround for this problem.

4.4.7 Special Formsfor Manipulating M aps

Figure 4.9 shows how the two remaining kinds of expression are partially evaluated. In
particular, it shows how the map_map and map_unionWith special forms are evaluated.
Each of these forms contains an anonymous function which needs to be handled with care
to maximize the accuracy of evaluating the form. In what follows, we will focus on the
map_map form. The map_unionWth form has a similar implementation.

Recall the intended concrete semantics of the map_map form. Given, for instance, a
map m equal to [(1, 13), (23,22)], the expression map map (fn x => x * 2) m
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1 | PEs(enas|map_map (fnx => €) engyl, E, ck) =
2 let (€' map: Vmap) = PEe(€map, E, CK)

3 (&out: Vout) = execMapMapConservatively(&in, E, Vinap, € map: k)

4 in if isLeafExp ethen

5 let Vo = AbstractValue.mapMap

6 (fnv=>let E = AbstractEnvironment.insert(E, X, V)
7 (V') =PEs(e E,cK

8 inVv'’ end)

9 Vimap

10 in (eputs V out) €Nd

11 else (€out: Vout)

12 end

13

14 | PEg(enas|map_unionWith (fnx => €) eygpd, E, k) =
15 let (€' maps: Vmaps) = PEe(Bmaps E, CK)

16 (eouts Vout) = execMapUnionWithConservatively(ey, E, Vinaps € maps €K)

17 inif isLeafExp ethen

18 let Vo = AbstractValue.mapUnionWith

19 (fn vsTuple=> let E = AbstractEnvironment.insert(E, x, vsTuple)
20 (V') =PEs(e E,cK

21 inv'’ end)

22 Vimaps

23 in (eguts V out) €Nd

24 else (€out: Vout)

25 end

26

27 and execMapMapConser vatively(|map_map (fn X => €) eygpl, E, Vimap, € map, CK) =

28 let (Vi) = AbstractValue.collapseMap Vi

29 E = AbstractEnvironment.insert(E, X, Ving)

30 €',V = PEq(e E', k)

31 Vout = AbstractValue.mapMap (fn _=>AbstractValue. freshenlds v'") Viyap
32 in(Imap_map (fn x=> €') € pgp|, Vour) €N

33

34 and execMapUnionWithConservatively(|map_unionWith (fn X => €) €papgl, E, Vimaps: € maps: CK) =
35 let (VimapV' map) = l€t E = AbstractValue.match(|(my, mp)|, VArg))

36 in (E.find(]x]), E.find(]y])) end

37 (L Ving) = AbstractValue.collapseMap Vi

38 (L Ving = AbstractValue.collapseMap V' g

39 E = AbstractEnvironment.insert(E, X, |(Vrng,V' rng)|)

40 CA) = PEq(e E', k)

41 Vout = AbstractValue.mapUnionWith (fn _=> AbstractValue.freshenldsVv'’) Vipaps
42 in (Jmap_unionWith (fn X => €") € yapd|, Vour) €nd

43

44 andisLeafExp (e: SCF_ML.expr): bool = ... trueif e calls no functions, else false...

FIGURE 4.9: Partial Evaluation of Map Iteratorsin SCF

evauates to the map [(1, 26), (23,44)]. The map_map special form istherefore an iterator

to map the range of the incoming map.
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Given the above example, atraditional ML interpreter for this expression would first
evaluate the anonymous function (to get a closure asits value), evaluate the map m (to [ (1,
13), (23,22)]), and then apply the primitive operation map map to these two argument

values.! In particular, the primitive operation would iterate through the range of the sec-
ond argument value (the map), replacing each element in the range with the result of
applying the first argument value (the closure) to it. Thisis a higher-order approach since
it assumes away to represent functions as values. This approach allows the interpreter to
avoid special rules for the many special ways in which we may use an anonymous func-
tion. In particular, the module for representing concrete values (which presumably per-
forms primitive operations on these values) can provide a single apply function of type
primop * value -> value which evaluates all primitive operations, including ones with
function-valued arguments.

Figure 4.10(a) shows how themap map primitive operation is handled in the higher-
order case. As the code emphasizes, themap map operation does not have to be handled
differently from any primitive operation p. The code assumes that the module that repre-
sents concrete valuesis called Value.

The higher-order approach assumes the ability to represent functions as values. If,
however, an interpreter cannot represent functions as values, it can still handle particular

1 lglpe,E)=
2 let v=lq(e E)in Valueapply(p, v) end

(a) Higher-Order Approach to Evaluating Primops on Function-Valued Expressions

1 le(map_map (fnx=> e) €|, E) =

2 let Vpgp= g€, E)

3 in Value.apply_mapMap (fn rngval =>

4 let E' = Environment.insert(E, x, rngval)
5 inlge E") end)

6 Vimap

7 end

(b) First-Order Approach to Evaluating Primops on Function-Valued Expressions

FIGURE 4.10: Partial Evaluation of Map Iteratorsin SCF

1.In fact, assuming as we do that map_map is a primitive operation, a traditional ML interpreter would first construct a
closure to represent the curried application of the primitive operation map_map to the anonymous function, and apply
this closure to get the effect we describe. The currying, however, isincidental in our case, and we could just aswell write
map map £ easmap map (f,e).



80

gpecial forms that contain the syntax of anonymous functions on a case-by-case basis. We
will call thisthefirst-order approach to interpreting anonymous functions. Figure 4.10(b)
shows how this approach works.

Suppose the Value module which implements primitive operations on concrete values
has an additional function called apply_mapMap of type (value -> value) * value -> value
which takes a function f and a value vy, (M is required to represent a map), iterates

through vy, and applies f to each value in viu,'s range, and returns the resulting map.

Now the interpreter could, given the form map_map (fn x => €) € to evaluate, and envi-
ronment E to evaluate it in, first evaluate € to get its value Vg, (line 2), and then invoke

apply_mapMap on this map with the appropriate function as argument (lines 3-6). The
closure, which will be applied to every value in the map, first augments the environment
to contain the range value (line 4), and then calls back to the core interpreter to evaluate
the expression el in this augmented environment (line 5).

In the last two paragraphs, we have discussed concretely evaluating (SCF-)ML
expressions. For concrete evaluation, representing functions as values is well understood,
and a modern language that featured anonymous functions would likely use the higher-
order approach above. For abstract evaluation, however, the picture is quite different.

There is no standard approach for directly representing sets of functions.! In particular, the
Regular Tree Expression formalism on which our Abstract Value representation is based
does not represent sets of functions. The partial evaluator in SCF-ML therefore uses a
variant of the first-order approach outlined above. Comparing lines 2 and 5-9 of figure 4.9
with lines 2-6 of figure 4.10(b), we see that except for the use of the AbstractValue and
AbstractEnvironment modules instead of the Value and Environment modules respec-
tively, the partial evaluator uses precisely the first-order approach described in the previ-

ous paragraph.

1.Constraint-based approaches such as set-based analysis [26] and various type-inference a gorithms (such as the popular
Hindley-Milner [42] scheme for type inference of ML programs) represent sets of functions implicitly by gathering
constraints on the domain and range of the function. It isunclear, however, how to perform these analysesin acontrolled
context-sensitive manner. As we will discuss later in the dissertation, SCF decides whether to analyze a functionin a
new context based on the abstract values computed so far for the function argument. The only kind of context-sensitivity
we are aware of that is provided by constraint-based approachesis the parametric polymorphism of the Hindley-Milner
algorithm. At first glance, thiskind of context-sensitivity seems insufficient for our purposes.
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map( map( map(
must [(1,7), [32,12], must [ (1,8), [32,13], must [ (1,(813)), [32,(813)],
may []) may []) may [])

(@ (b) (©
FIGURE 4.11: Partial Evaluation of Map Iteratorsin SCF

A caveat is that for reasons of efficiency, we use the first-order approach directly only
when the anonymous function involved has no callees, i.e., it isaleaf function (astested in
line 3 of figure 4.9). The reason for thisisthat iterators like mapMap evaluate the body of
the anonymous function in a highly context-sensitive way. In particular, for each value v
in the range of the map it isiterating over, it evaluates the body of the anonymous func-
tion with v as the argument value of the anonymous function. If the body of the anony-
mous function called some other function f, then each time the call-site to this function is
evauated, SCF would place a task on the worklist (as per line 44 of figure 4.5). Further,
each time atask is processed, it islikely that the result of callee f would change (since the
anonymous function calling f was invoked with a different value v from the range of the
map). By line 43 of figure 4.4, aMUST task would then be added to the worklist to re-ana-
lyze the function containing the anonymous function. Given that an abstract map can eas-
ily have dozens of entries, this scheme results in functions that use map operations being
re-analyzed alarge number of times.

Such excessive re-anaysis of functions hurts in two ways. First, it makes the partial
evaluator dow. Second, because the widening strategy of the partial evaluator istriggered
essentialy by the number of times a function (actually the related context key) is re-ana-
lyzed, it is possible that the re-execution will trigger widening. Widening stops re-analy-
sis, but often sacrifices precision drastically in return.

To avoid excessive re-analysis, in the case that the body of the anonymous function
has callees, we merge all the abstract valuesin the range of the map into one abstract value
(line 28 of figure 4.9), evaluate the anonymous function on the resulting abstract value to
get an “abstract range value” v’ (lines 29 and 30), and conservatively replace each value
in the range of the map with afresh version of v’ (line 31). The fresh version differs from
the original version in that all its IDs are distinct from any previoudly used by the partial
evauator. Recall that if values have the same ID, by the semantics of abstract values, they
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are correlated to represent the same concrete values, a correlation which does not exist
among the elements of the range of the map. By freshening 1Ds, we avoid the correlation.
Figure 4.11 illustrates the loss of accuracy that results from range merging. Consider
invoking mapMap with function (fn x => x + 1) on the abstract map shown in figure
4.11(a). Figure 4.11(b) shows the map that would result from using the accurate first-order
approach. If, on the other hand, we used the conservative range-merging step of the previ-
ous paragraph (say because the map function was (fn X => inc x) where inc is a user-
defined function that adds one to itsinput), the abstract map that resultsisthe less accurate

one shown in figure 4.11(c).

We have focused so far on the abstract value produced when evaluating the special
form, and not on the residual value. The complication hereisin deciding what the residual
form of the body of the anonymous function should be. In the case that we use the range-
merging technique described above, we get a single aggregate residualized expression as
the result of partially evaluating the body of the anonymous function (line 32 of figure 4.9)
on the aggregate abstract value we first construct. We simply use this expression as the
body of the residual anonymous function (line 11).

When the range-merging technique is not used, the anonymous function is partialy
evaluated separately on each of the abstract values in the range of the map (lines 4-8), giv-
ing rise to many corresponding residual versions of the function. There is no simple and
clearly profitable way to aggregate the many residual versions so generated into a single
residual function. As specified online 6 of figure 4.9, SCF currently ignores these residual
versions of the function. Instead (line 9), it generates the residual version by using the
range-merging technique. Even when it uses the more precise technique for generating the
resulting abstract values, SCF therefore uses the less precise range-merging technique to
generate the residual anonymous function. An inspection of residualized code reveals that
for current optimizations and their inputs, this decision does not miss any profitable
opportunities for residualization.

1.This example showsthat it is possible to reduce the number of circumstancesin which the less accurate rule is used by
pre-processing the incoming program. In particular, we can inline away callee functions (call-trees rooted at the callee,
in general).
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45 Summary

In this chapter, we described the structure of the core partial evaluator module. The mod-
uleis structured as a fixpoint loop that partialy evaluates individual functions. Partially
evaluating functions requires partially evaluating the expressions that comprise their bod-
ies. Most types of expressions were straightforward to evaluate; case expressions and
forms related to built-in maps were the exception.

The module makes crucia use of helper modules that define abstract values, define
the context-sengitivity strategy, decide what values to rematerialize, and define the widen-

ing strategy. In the next two chapters, we show how these modules are implemented.
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5. Implementing Abstract Values

The partial evaluator of the previous chapter assumes a module AbstractValue that repre-
sents sets of concrete values. In this chapter, we specify the interface ABSTRACT _VALUE
required of the AbstractValue module, the semantics required of these operations, the
internal representation of abstract values, and the algorithms used in SCF to implement the
operations required of the ABSTRACT _VALUE interface.

As discussed in section 3.2.2, abstract values are based on the Regular Tree Expres-
sion (RTE) representation of Aiken and Murphy [3]. Even though the expressiveness and
complexity of RTES have been studied elsewhere, the description of this section is of
interest for two reasons. First, SCF augments conventional RTEs with new features that
enable more precise manipulation of abstract values of interest to the partia evaluator. We
motivate and describe precisely the innovations involved. Second, SCF avoids certain tra-

1 signature ABSTRACT_VALUE = sig

2 type value

3

4 val top : value

5 val bottom : value

6

7 val mkint sint -> value

8 val mkBool > bool -> value

9 val mkString : string -> value

10 val mkChar :char  -> value

11 val mkEmptyMap :unit -> value

12

13 val meet : value * value -> value

14 val mustBeEqual : value* value-> bool

15 val isSingleton : value -> bool

16 val isScalar : value -> bool

17

18 val mkTuple s valuelist -> value

19 val mkTagval : string * value -> value

20 val evalPrimop : SCF_ML.primop * value -> value

21 val match : SCF_ML.pattern * value -> (AbstractEnvironment.env * value) option
22

23 val mapMap . (value -> value) * value -> value
24 val mapUnionWith : (value-> value) * value * value -> value
25 val collapseMap  : value -> value* value
26 val findLiveKeys : value -> value
27 val freshenlds : value -> value
28 end

FIGURE 5.1: Signature of the AbstractValue Module.
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ditional features of RTEs and also implements the remaining features in arelatively sm-
ple way. The simpler implementation is nevertheless sufficient to allow effective partia
eva uation. We describe precisely this simple but effective implementation.

5.1 Interface

Figure 5.1 specifiesthe ABSTRACT_VALUE interface. The types, functions and values are
those referenced by the partial evaluator. Function calls mkTuple vs and mkTagval(c,v) are
written using the syntactic sugars [(vs)| and |c v| respectively in lines 20 and 24 respec-
tively of figure 4.5.

Table 2 specifies the behavior required of the functions in the ABSTRACT_VALUE
interface. Given an invocation of the form specified in the left column of the table, the
right column specifies the set of possible results for the invocation. An implementation of
the AbstractValue module is only required to produce a result value from this set, in order
to be conservative.

The table uses the following notation. Given abstract value v and abstract environ-
ment E, v and E respectively are the corresponding sets of concrete values and concrete
environments under the correspondence W of section 3.2.2.2. If F is afunction operating
on abstract values, then F isthe set of functions such that if f € F maps concrete value t to
t', then thereissomev, v’ such that F(v) = V' andt, t' € v, V' respectively. Finally, match,
mapMap and mapUnionWth are the obvious concrete-domain versions of the correspond-
ing functions on the left-hand column.

Returning conservative results as specified by the right-hand column gives the inter-
face functions considerable |leeway. Consider the meet function, for instance. According to
the specification, given abstract valuesv; =1 2| 3, and v, = 12 | 24 (so that v; = {1, 2, 3}
v, = {12, 24}), the result of meet(v,, vo) may be any v such that {1, 2, 3, 12, 24} cv. Thus
v=1]|2]|3]|12]| 24isacorrect result, and soisv = 1 (i.e. visthe universal set).

In the case of functions mustBeEqual, isSngleton and isScalar, it is always conserva-
tiveto return false as an answer. In other words, if these functions return true as an answer,
we can be sure that the corresponding abstract values represent equal sets, singleton sets
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Table 2: Conservative Specificationsfor Functions of the AbstractValue | nterface

Function Allowed Results of Function
mkint i V|v={i}}
mkBool b V|v={b}}
mkString s V|v={s}}
mkChar ¢ V|v={c}}
mkEmptyMap() VIv={1}/
meet(vy, Vy) Nlviuv, cv)
mustBeEqual (v4,V5) {blb=vy=v/
isSngleton v /b|lb=|v|=1}
isScalar v {b|b=>Vtev.te Int vte Bool vte Sring vte Char}

mkTuple vy,...,V,

{V’ | vtl...tnE\_/l,...,\_/n. (tl""' tn)EV_’}

mkTagVal(c, v)

IV |Vtev.cte vV}

eval Primop(p,v)

{V |Vtevpt)e v}

match(pt,v) {(E, V)| V tev. if match(pt,t) = SOME ethenec Edlsete V' }
mapMap(F, v) V' |V (f, m) € Exv. mapMap(f, m) € V' /
mapuUnionWith(Fvy,vo) [V |V (f, My, mp) € Exvyx vy, mapUnionWith(f, my, my) € V' /
collapseMap v {(Vi, V)| Vme v.V (ty, tp) € (domm)x(rng m).

(t1, t) € VixVp) /
findLiveKeysv {V |VteH . . not(V (my, m) e v. mt = my(t))=te v }
freshenldsv {Vv' | v istheresult of replacing each ID in v with a fresh one}

and sets of scalars respectively. Otherwise, we have to assume that nothing is known on

these fronts.

In fact, according to table 2, any time one of the functions returns an abstract value, it

is acceptable to return 1 as the result (except for the freshenlds function). Although func-

tions implemented in this manner would be correct, smple and extremely efficient, they

would also lose an unacceptable amount of information. In particular, the partial evaluator

would never be able to profitably residualize an expression evaluated using these func-

tions since the abstract value for the expression would never be singleton. The challenge
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1 datatypevalue =

2 top (* Written as 0 in this dissertation *)
3 | bottom of valuelD (* Written as 1 in this dissertation *)
4 | tuple of valuelist* valuelD

5 | tagval of string * value* valuelD

6 | alt of valuelist * valuelD

7 | fix of value * valuelD

8 | rec

o |

map of must_map * may_map * valuelD
10 | Intof int| Bool of boolean | Sring of string | Char of char

12 and must_map = must of (value* value) list
13 and may_map = may of (value* value) list
14 withtypevaluelD = string

15

16 fun mkinti =Inti

17 fun mkBool b = Bool b

18 fun mkString s = Sring s
19 fun mkChar ¢ = Char c

20 fun mkEmptyMap() = map(must_map [], may_map [], newld())

FIGURE 5.2: The Abstract Value Datatype.
We assume a function newld() that generates a unique string identifier on each invocation.

in implementing the interface functions is to ensure that they are correct, simple enough
that they are feasible to implement, efficient enough that they do not add an unacceptable
overhead to partial evaluation and accurate enough that they expose as many residualiza-

tion opportunities to the partial evaluator as possible.

5.2 Internal Representation

Figure 5.2 specifies how abstract values are represented internally in SCF. The internal
representation corresponds directly to the definition of abstract values of table 1 of the
previous chapter. This correspondence is not required. For instance, Aiken and Murphy
[3] use an equational representation called leaf linear form as their internal representation
for regular tree expressions. The figure also specifies (on line 20) that an empty map is
simply amap with no “may” or “must” entries.

The definition leaves unspecified some key aspects of the internal representation.
Recall, for instance that keys in the must lists of maps are required to be singleton. More
broadly, SCF maintains all abstract values in a normal form. Only a subset of the values
representable by the value type of figure 5.2 are in normal form. We define the normal



88

O|v >V [OR-TOP]

1l|v -1 [OR-BOT]

V(v V) —->V|vy]..|Vy [OR-ASSOC]

Vil v v —->V|vy]..|Vy [OR-ASSOC']

V|V -V |v,ifv <v [OR-LT]

V|V —v,ifv=V [OR-EQ]

Vi,V | (Ug, ...y Up) — (V1| U, ey Vol Up) [OR-TPL]

my | my — meetMaps(m; , my,), where m; is a map [OR-MAP]

(- 0,..) —0 [ANDZ-TPL]

cO -0 [ANDZ-TAG]

fix.0 —0 [ANDZ-FIX]
map(must(..., (O, v), ...), ...) -0 [ANDZ-MUST-DOM]
map(must(..., (v, 0), ...), ...) -0 [ANDZ-MUST-RNG]
map(..., may(...,vj, (0, V), Vi4+o,...)) = map(..., may(...,vi, Vi+,...)) [ANDZ-MAY-DOM]
map(..., may(...,vj, (v, 0), Vi+o,...)) = map(..., may(...,vi, Vi+,...)) [ANDZ-MAY-RNG]

map(..., (i, Vi), (Vis1, Vied), ) = map(..., (Vis1, Vied), (i, Vi), ) s if Ve < Vi [MDOM-LT]
map(..., (Vi, Vi), (Vis 1, Viisa), ) = map(..., (i, V'), ...) , if (vi, Vi) = (Vis1, Vi) [MDOM-EQ]
) Y [TPL-ELIM]

fix. v —v, ifrecnot freeinv [FIX-ELIM]

FIGURE 5.3: Rewrite Rulesfor Normalizing Abstract Values.
Function meetMaps is defined in figure 5.5.

form in terms of a set of rewrite rules which convert to normal form an arbitrary value of
type value. For reasons discussed below, we divide the rules into a subset called the

“approximating rules’ (comprising the OR-MAP and OR-TPL rules) and the “precise

rules” (comprising the remaining rules).
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The first seven rules, from OR-TOP through OR-TPL restrict the form of alt abstract
values. The first two rules follow from the interpretation of alt as set union and that of
abstract values 0 and 1 as the empty and universal set respectively. These two rules have
the effect of keeping abstract values compact. The third and fourth rule constrains alt val-
uesto be maximally flat: avalue alt [1, alt [2, 3]] isrewrittenasalt [1, 2, 3].

The OR-LT and OR-EQ rules assume the presence of a total order < (with corre-
sponding equality relation =) on abstract values. We discuss a possible definition of this
order at the end of this section. Given the order, the OR-LT rule says that abstract values
constituting an or-value should be sorted under the order, and the OR-EQ rule saysthat the
or-value should not contain duplicates. These two rules make or-abstract values relatively
immune to the order in which their components were unioned into them, and to the num-
ber of times a given abstract value is unioned in to aresult value.

Rules OR-TPL and OR-MAP perform “eager merges’ to prevent two distinct tuple,
fix or map abstract values from co-existing at the top level of an alt value. The tuple rule,
for instance, converts the abstract value (1, 2) | (3, 4) to (1]3, 2|4). These rules are different
from the previous ones, in that the abstract values they produce may be approximations of
their origina versions. However, these rules too are aimed at reducing the size of the
abstract values produced. The motivation for these rules is somewhat less obvious, sinceit
seems that at first glance, an application of the rule such as the above example seems
unlikely to reduce the size of abstract value by much (in the above example, for instance,
assuming list-based implementations, the two forms occupy the same amount of memory).
The big win from these rules becomes clear only when they are combined with other rules,
and when we take into account a common pattern of abstract values that arises when par-
tially evaluating program optimizations.

In particular, as exemplified by the specification of the dead assignment elimination
optimization in figure 3.7, program optimizations often pass around tuples containing one
or more maps. These maps have as their domain program structures such as variables or
labels in the AST being optimized. Now recall that alt values are created when the meet
function is called on abstract values. This occurs most commonly either when the partial
evauator has arrived at a program point in the optimization viatwo or more sides of a case
statement (line 12 of figure 4.7) or when the evaluator is re-analyzing a function that is



90

already in the cache (line 31 of figure 4.4). In either case, the two tuples being met typi-
cally contain maps with many common entries. For instance, in the former case, the case
statement may handle a particular phrase in the AST in different ways, but this phrase
(being a small part of the AST) will only result in differences in a small part of the map.
Normalizing tuples by meeting the maps they contain (and thereby avoiding duplication of
values) can therefore save a substantial amount of space.

The OR-MAP ruleis specified in terms of the unspecified meetMaps function, which
given two maps, returns a map. The only requirement on this function is that the resulting
set of maps be a superset of the incoming maps. An implementation of the function is dis-
cussed later in the chapter.

Unlike tuples and maps we do allow two tagged values with the same tag to co-exist
in an alt value. For instance cons(1, nil) | cons(2,nil) is in norma form, and we do not
rewrite for instance to cons(1|2, nil). This exception is again motivated by the pragmatics
of partially evaluating optimizations. It is common when optimizing to have alt’s of
tagged abstract values representing two different versions of a program phrase. For
instance, branch folding may result in two aternate sides of branches, represented as x =
v | p = y + 1(saytheincoming AST performed two completely different actions on
two sides of a constant branch). If we merged the two options prematurely in an effort to
normalize, the result of the optimization would instead be represented as (x/p) = y |

(y + 1).If the copy propagation optimization were then staged on this result, it would
have to account for the possibility that the incoming AST performsthecopy p = v, and
produce residual code for downstream uses of p to propagate this copy if necessary.

In summary, we perform eager merging in order to reduce the size of abstract values,
but avoid it when the cost in accuracy istoo high.

Rules ANDZ-TPL through ANDZ-MDOM simply exploit the fact that the empty set
is a “multiplicative zero”. Take rule ANDZ_TPL for instance. Recall that the abstract
tuplev = (v4,...,v,y) standsfor the set v of all concretetuples(t,,...,t;) wherefor al i, tj € v;.

However, if for somei, v; = 0, it follows that v; = {}, there is no possible satisfying value
of t;, v= {}, and vis equivalent to 0. These rules preserve the set of conforming values of

the abstract values being re-written: the set is aways the empty set. Normalizing in this
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manner reduces the space taken by abstract values, and speeds up operations in the not-

uncommon case that an abstract value has no conforming valuet.

Rules MDOM-LT and MDOM-EQ sort abstract maps by their abstract key values.
The benefits of this step are similar to those of sorting alt-values. Two maps that map
structurally identical keys to identical values are guaranteed to be identical, allowing flex-
ible equality testing via purely structural comparison.

The final two rules remove operators. TPL-ELIM, simply replaces tuples with a sin-
gle field with the contents of that field. FIX-ELIM gets rid of the fix operator when it
applies to values with no free rec expressions. For example, fix. 1 | 2 and fix. fix. (nil |
cons(1, rec)) are rewritten to 1 | 2 and fix. cons(1, rec) (in the latter case, athough the
outer fix contains arec, therec isnot free). A ruleimplicit in the syntax of the abstract val-
uesisthat “or” expressions with one disjunct are rewritten to just the digunct.

We have not specified the total order < used while normalizing. Any total order on
abstract values that, ignoring IDs of abstract values, designates two structurally identical
abstract values as equal is sufficient for the purposes of normalization. In what follows, we
will assume afunction compare: value * value -> order (whereorder = LESS| GREATER
| EQUAL) that specifiesthistotal order. The particular function used in SCFis O(n).

5.3 Implementing Operationson Abstract Values

In this section, we describe how the functions that comprise the AbstractValue interface
are implemented. The descriptions are of interest because they show precisely how to
implement sufficiently aggressive but reasonably efficient versions of these operations. In
particular, it points out the minimum accuracy required by our application domain for var-
ious operations, shows how to maintain the normal form incrementally and exploit it, and
shows how to maintain abstract value 1Ds such that the resulting values are semantically
consistent. As implemented below, these operations all terminate in polynomia time, as
opposed to exponential lower-bounds on accurate versions of some of these operations on
RTEsS[3].

1.Thisis not an uncommon case because the first time afunction call is abstractly executed, it returns valuetop (i.e. 0) as
per line 44 of figure 4.5.
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5.3.1 meet

As per the specification of the meet function in table 2, the meet of two abstract values v
and V' intuitively resultsin (a superset of) the union of the setsv and v'. Also, as per the
specification of the alt form in table 1 of the previous chapter, the abstract valuev | V' rep-

1 (* meet: value * value -> value *)

2 fun meet(v, V) =

3 if identical(v, v') then v

4 €seif compare(v,v') = EQUAL then freshenldsv

5 else meet’' (v,V')

6

7 (* meet’: value* value -> value *)

g and meet’ (top, top) = top

9 | meet’(top, V) =v

10| meet’(v, top) =V

11| meet’ (bottom , ) = bottom newld()
12| meet’(_, bottom ) = bottom newld()

13| meet’ (tuple(vs, ), tuple(vs, )) =

14 let vs'’' = ListPair.map meet (vs, vs')

15 in tuple(vs’, newld()) end

16| meet’(uastagval _, alt (vs, )) = alt (merge([u], vs), newld())
17| meet'(alt(us, ),vastagval ) = alt (merge([Vv], us), newld())

18| meet’(uastagval_, V) = alt (merge([u], [V]), newld())
19| meet’'(u, vastagval ) = alt (merge([u], [V]), newld())
20| meet’(alt (us, ), alt (vs, ) = alt (merge(us, vs), newld())
21| meet’(alt (us, ), V) = alt (merge(us, [V]), newld())
22| meet’(u, alt (vs, )) = alt (merge([u], vs), newld())
23| meet'(uasfix_,vasfix_) = alt (merge([u], [V]), newld())
24| meet’'(uasmap _,vasmap_) = meetMaps(u, V)

25

26 and merge(us, vs) = merge the sorted lists us and vsto get a sorted list without duplicates
27

238 ... meetMaps as defined in figure 5.5...

29

30 and identical(v: value, v': value): boolean=

31 identical Atoms(v, v') orelseidOf v = idOf v’

32

33 and identical Atoms(v, V'): boolean =

34 ..trueiffvand v’ arethe sameint, boal, string, char or zero-ary tagged value ...
35

36 and idOf (v: value): int =

37 .. returntheid of abstract value v if it has one (undefined otherwise)...

38

39 and freshenlds(v: value): value =

40 ... replaceevery ID of v with a fresh one, preserving duplicates...

41

FIGURE 5.4: The meet Function.



93

resents precisely the union just mentioned. Intuitively then, the role of the meet function,
is ssimply to produce to the value alt(v, V', id), subject to normal-form requirements, and
with an appropriate ID id. Figure 5.4 specifies the function. We summarize the key points
below.

If the two abstract values being met have the same ID, or if they are theidentical inte-
ger, character, string, boolean or zero-ary tagged singleton value (e.g. the empty list nil), it
follows that they are structurally identical. The comparison function over abstract values
compare must then determine that compare(v, v') = EQUAL, so that by the OR-EQ rule of
figure 5.3, we return v as the meet (line 3).

In the case that the IDs are unequal, but the two values are structurally equal, we
return avalue that is the structurally equivalent to the input values with fresh IDs. We need
to freshen the 1Ds because leaving an old ID (say from the first argument value) would
indicate a correlation between the result value and the old abstract value, when the meet
function actually destroys the correlation (the resulting concrete value at run-time may
well flow in through the second abstract value).

Lines 8-12 implement the OR-TOP and OR-BOT rewrite rules. A detail is that when
implementing therulev | 1 — 1, we tag the new 1 with afresh ID, since we cannot assume
any correlation between the new set and the incoming sets. For instance, suppose the meet
function is being invoked to produce a result value given that two sides a branch evaluate
abstractly to (12 | 54) # 313 and 1#312, all we can conclude is that the resulting value
belongs to the set 1. We cannot, for instance ascribe ID 312 to the new result, since the
result may be produced viathe first abstract value.

Lines 13-15 implement rewrite rule OR-TPL. Lines 17-23 implement the OR-LT and
OR-EQ rules. A subtlety isthat at first sight, it seemsthat lines 17-23 may take two values
suchas1| (2, 3)and (3, 4) and (by line 20, in this case), producethevalue 1| (2, 3) | (3,
4) by merging sorted lists [1, (2, 3)] and [(3, 4)]. The resulting value is not in normal
form, since the OR-TPL rule could be applied to merge the tuples. This case does not arise
because SCF-ML follows the same strong typing discipline as ML. In particular, the type
discipline prohibits a given value from being possibly both an integer and a tuple, so the

value 1| (2, 3) could never have formed.
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typew_list = (value * value) list

(* meetMaps: value * value -> value*)
fun meetMaps(m as map(must ps, may gs,_), m" asmap(must ps’, may gs’, )) =
let (musts, mays) meetMusts([1, ], ps, m')

mays = meetMays(mays, gs, ')
(musts’, mays’) = meetMusts(musts, mays', ps’, m)
mays'’’ = meetMays(mays'’, qs’, m)

in map(must musts', may mays’’, newld()) end

(* meetMusts: w_list* w_list* w_list* value-> wv_list* w_list *)
and meetMusts(musts, mays, [], ) = (musts, mays)
| meetMusts(musts, mays, (k,v)::ps, m) =
case find(m, k) of
MUST V' => meetMusts(i nsertSoft(musts, k, meet(v, v')), mays, ps, m)
| MAYV — => meetMusts(musts, insertSoft(mays, k, meet(v,v')), ps, m)
| NOT => meetMusts(musts, insertSoft(mays, k, v), ps, m)

(* w_list* w_list* value -> w_list *)
and meetMays(mays, [], ) = mays
| meetMays(mays, (k,v)::ps, m) =
case find(m, k) of
MUST V' => meetMays(insertSoft(mays, k, meet(v,v')), ps, m)
| MAYV  => meetMays(insertSoft(mays, k, meet(v,v")), ps, m)
| NOT => meetMays(insertSoft(mays, k, v), ps, m)

(* w_list* value * value -> wv_list *)
and insertSoft(ms, k, v) =
..suppose kvs = {(k,v)} L {(K, V') € mg| not (mustBeDisjoint(k,k'))};
remove every (k', v') in kvs from ms;
insert (K, v'") intomswhere K istheresult of meeting all k'sin kvs and
V' istheresult of meeting all v'sin kvs...

(* find: value * value -> value choice *)
and find(m, k) =
...see figure 5.14 for complete definition:
return MUST v if (k, v) must bein m
MAY v if (k,v) may bein m
NOT if kisdefinitely notinm

(* mustBeDisjoint: value * value -> boolean*)
and mustBeDisjoint(v: value, v': value) =
... trueif setsv and v' can be guaranteed to be digjoint, false otherwise ...

FIGURE 5.5: The meetMaps Function.

The meetMaps function which merges maps is defined separately in figure 5.5. Recall

that as per the rewrite rules, this function is ssimply required to return an abstract map rep-

resenting a superset of itsincoming maps. Because abstract maps are a novelty of SCF, we
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v = map( must [(1, 19] 121), (7, 34)], may[(2] 3, 39)])
V' = map( must[(1, 17 | 23), (8, 1)], may[(3| 7, 12 | 13), (99, 100)])
After meetMusts call of line 5, figure 5.5:

musts: [(1, 17] 19| 23| 121)]
mays: [(7, 12| 13| 34)]

<N oUW N R

8

9 After meetMays call of line 6, figure 5.5:

10 musts: [(1, 17] 19| 23| 121)]

11 mays [(7,12]13] 34), (2] 3,12 13| 39)]

12

13After meetMusts call of line 7, figure 5.5:

14 musts: [(1, 17]19] 23| 121)]

15 mays [(7,12] 13| 34), (2] 3,12 13 39), (8, 1)]

16

17After meetMays call of line 8, figure 5.5:

18 musts: [(1, 17 ] 19| 23| 121)]

19 mays [(2|3]7,12] 13| 34] 39), (8, 1), (99, 100)]

20

21 The resulting abstract value meetMaps(v, v'):

22 map(must [(1,17 | 19 23] 121)], may[(2]| 3] 7,12 13| 34] 39), (8, 1), (99, 100)])
FIGURE 5.6: Example Showing How the meetMaps Function Works.

go into some detail on how this operation is implemented. We use the figure 5.6 to show

how the meetMaps function works.

The intuition is that given two input abstract maps v and V', a key k appears in the
must list of theresult only if it isin the must list of both inputs. All other keysend up in the
may list of the result. In both cases, we need to do the appropriate book keeping to gather
the values corresponding to the keys. The meetMaps function achieves this (lines 5-8 of
figure 5.5) by processing the must and may lists of the incoming mapsin turn.

For instance, line 5 of figure 5.5 compares elements of the must list of the first map to
the second map using the meetMusts helper function. Given our example, the latter func-
tion would recognize that the key 1 must be in both maps, although it maps to the values
19| 121 and 17 | 23 in the two maps. Since the result map is supposed to represent the
union of the two maps, the meetMusts function maps the key 1 to the meet of these two
values (line 15 of figure 5.5). Since 1 must be in both maps, the pair (1, 17 | 19| 23| 121)
is inserted into the musts list. On the other hand, since the key 7 must be in the first map
(whereit mapsto 34), but only may be in the second (where it mapsto 12 | 13), the pair (7,

12| 13| 34) isinserted into the mays list. Lines 6 and 7 of figure 5.6 show these results.
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The meetMaps function feeds the resulting mays list (along with the may list gs of the
first map, and also the second map m') into the meetMays function as per line 6 of figure
5.5. Sincethe key 2 | 3 of the may list may overlap with the key 3 | 7 of the map (and the
two map to values 39 and 12 | 13 respectively), meetMays adds the mapping (2| 3, 12 | 13
| 39) to the mayslist. We assume a function mustBeDisjoint: value * value -> boolean that
can tell us conservatively if (the sets corresponding to) two abstract values are definitely
digoint. Lines 10 and 11 of figure 5.6 show the resulting mays and musts lists.

The meetMaps function then processes the may and must lists of the second input map
by calling the meetMusts and meetMays functions respectively on these lists. The results
of these callsare on lines 14-15 and 18-19 respectively of figure 5.6. The resulting lists are
packaged into a map value to give the result of the entire meetMaps function on the exam-
pleinputs (line 22).

To summarize, the meet function has two main complications. First, it needs to pre-
serve the normal form of its inputs, and in particular it needs to implement the meetMaps
function. Second, it needs to tag its results with fresh IDs where necessary, and more

importantly use the old IDs where possible.

5.3.2 mustBeEqual

1 fun mustBeEqual(v, V') =
2 case compare(v, V') of
3 EQUAL => true

4 | _ => false

FIGURE 5.7: The mustBeEqual Function.

Figure 5.7 shows how the mustBeEqual function is implemented. Recall that the ordering
function compare(v, v') on abstract values v and v’ returns EQUAL if vand V' are structur-
ally identical. Ordinarily, structural equality would be far too restrictive to check equality
of sets. For instance, we may be testing the sets represented by the two values 1| 2 and 2 |
1 for equality, and structural equality would declare that the two are unequal. This is
where, as discussed previously, normal form comes to the rescue. The normal form of both
values is structurally identical (say 1 | 2). As discussed previously, normal form rewrites
many semantically equal but structurally unequal setsto be structurally equal. The rewrite



97

thus allows abstract values that are structurally unequal but semantically equal to be com-

pared for equality using structural comparisons.

5.3.3 isSingleton

The isSngleton function, given a value v, determines if the set v is singleton. Its imple-
mentation simply checks if its incoming abstract value contains an alt form, a 1 or a map
form with non-empty may list within it. If not, it declares the value singleton.

5.3.4 isScalar

1 funisScalar(Int _|Bool _| String | Char _) = true

2 | isScalar(alt(vs, )) = List.all isScalar vs
3 |isScalar _ = false

FIGURE 5.8: TheisScalar Function.

An abstract value is a scalar if it definitely represents a set of scalar concrete values, i.e.,

integers, booleans, strings or characters. Figure 5.8 shows the linear-time test for this.

5.3.5 mkTuple

1 fun mkTuple (vs: valuelist) : value =

2 if List.length vs= 1then hdvs

3 elseif List.exists (fn x => x = top) vs then top
4 el se tuple(vs, newld())

FIGURE 5.9: The mkTuple Function.

Given alist vs= v;...v,,0f abstract values, mkTuple vs returns a normal-form abstract value
representing concrete elements whose ith element t; € v;. Figure 5.9 shows how mkTuple

is implemented. If vs contains only one value, mkTuple smply returns that value as
required by rewrite rule TPL-ELIM (line 2). If any v in vsis the empty abstract value top
(which we often write as 0), then as per normal form rule ANDZ-TPL, the entire tuple has
value top (line 3). If the above two conditions do not hold, the incoming values can be
packaged with anew ID to form the required tuple.
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1 fun mkTagVal(c: string, v: value): value =
2 if v = top then top
3 else tagval(c, v, newld())

FIGURE 5.10: The mkTagVal Function.

5.3.6 mkTagVal

Given abstract value v and string ¢, mkTagVal(c, v) returns an abstract value v’ st. if t e v,
ct e v. Figure 5.10 does the job in constant time. If v is top, the mkTagVal function
returns top as the resulting value (line 2), as per normal form rule ANDZ-TAG

5.3.7 evalPrimop

Figure 5.11 shows how the eval Primop function is implemented. The function is given the
primitive operation (abbreviated to “primop” below) to be evaluated and an abstract value

V representing the argument of the primitive operation,! returnsvalue v st. for eacht e v,
pteyv.

Lines 2-3 handle some common but straightforward cases. If argument vistop, i.e., v
isempty, soisV', regardless of theidentity of the primop (line 2). Note that thisis not nec-
essarily so: if we had a primop that ignored its inputs and returned a constant value, we

could add an additional case for this operation.

If visbottom,2 sois V', regardless of the operator. There are two subtleties here. First,
consider the case that the operator is sgn: int -> boal, i.e., afunction which gets the sign of
itsinput. In this case, even if the argument is bottom, we could deduce that the return value
has to be true | false, and not bottom. By returning bottom, we seem to lose accuracy and
allow arbitrary integersfor instance to leak into the return value (since al integers are part
of the set bottom). The typing discipline of SCF-ML again comes to the rescue: the result
of this primop can only be used in a context where aboolean value is expected so any non-
boolean value included in the abstract value can be ignored at that point.

The second subtlety is that as specified the returned set has afresh 1D, signifying that
its abstract values may not be correlated with any value computed so far. It is conceivable

1.For those unfamiliar with ML, the fact that the primitive operation takes only one value as argument does not restrict it
to being a unary operation: the single value may be atuple of arbitrary arity.
2.Recall that we have been using the notation 1 to represent bottom.
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1 (* SCF_ML.primop * value -> value *)

2 funevalPrimop(_, top) = top

3 | evalPrimop(_, bottom_) = bottom (newld())

4

5 | evalPrimop(|~|, Inti) = Int (~i)

6 | evalPrimop(|~|, alt (us, )) =

7 ...compute eval Primop(|~|, u) for all usin u, and meet the results...

8 ..

9 | evalPrimop(|=|, |(Inti, Intj)]) = if i = j then Bool true else Bool false

10 |evalPrimop(|=|, |(at(us, id), alt(vs, id"))]) =

11 ifid=id then

12 Bool true

13 dse

14 ...compute evalPrimop(|=,|(u, v)|) for all u, vin us, vsin cross product, and meet the results...
15 |..

16 | evalPrimop(|map_insert], |(Vimap, Vikey: Wal)l) = execMaplnsert(Vinap, Viey: Vval)
17 | evalPrimop(|map_find|, [(Vmap, Vkey)!) = execMapFind(Viyap, Viey)

18 | evalPrimop(|map_equall, [(Vmap, Viey)!) = execMapEqual(Vimap, Viey)

19

20 ...execMaplnsert defined in figure5.12 ...
21 ...execMapFind defined in figure 5.13...
22 ...execMapEqual defined in figure 5.15...

FIGURE 5.11: The evalPrimop Function.

that the result value may not need a fresh ID: if we had aprimop id: 'a-> "a (which sm-
ply returned itsinput), we could have a special rule evalPrimop(id, v) = v which leaves the
ID of the incoming value unchanged.

Lines 5-9 and 14 are straightforward implementations of the semantics of table 2. Pri-
mops are assumed to be the traditional arithmetic and logical operators, along with built-in
SCF map operations. We first describe how traditional primops are processed. A primop
applied to a singleton tuple abstract value is just the singleton abstract value that results
from applying the primop to the corresponding concrete tuple (lines 5 and 9). If the tuple
has alternates as its components, the result is just the meet of applying the primop to all
tuples formed by picking one alternate from each component (lines 7 and 14). For instance
evalPrimop(|+], |(1] 25, 7| 12)|) would return 8 | 13 | 32 | 37, since the primop would be
applied to the tuples (1, 7), (1, 12), (25, 7) and (25, 12).

Aningtructive special case isthe treatment of the primop for equality if the input tuple
isnot singleton, but the two component abstract values of the incoming abstract tuple have
the same ID (lines 11-12). Since two abstract values with the same ID are guaranteed to be



100

correlated to represent the same concrete value, the equality operation can return the sin-
gleton abstract value true in this case. This case (and especialy its counterpart for check-
ing equality for maps) can be important for evaluating fixpoint equality tests accurately.

As lines 16-18 show, we special-case primitive operations on maps. We discuss in
some detail below how these are implemented.

5.3.7.1 The maplnsert Primitive Operation

Figure 5.12 specifies how the abstract insert operation on maps, execMaplnsert, isimple-
mented. Given three abstract ValUes Viygp, Viey aNd Vi, execMapinsert(Vigp, Viey Vval)
produces abstract value v such that if for all m, k, te Vinap, Viey @d Vg, map_insert(m, K,
t) € v, where map_insert, operates on concrete values.

Lines 2-5 address the case where the incoming abstract map is bottom, i.e., it can be
any map. Regardless of the incoming map, if Ve, is singleton (say Ve, = {K}), then we
know that k must map to one of the elements of v, in the result. In line 4, therefore, we
handle this case by requiring the must binding (Vie,, Vi) bein the resulting map. Since the
rest of the bindings on the result map are unconstrained, we also require the may binding
(bottom, bottom) in the result.

One may wonder why, in the case that vie is not singleton, we cannot require a may
binding (Viey, Wal) i the result map, in addition to the (bottom, bottom) map. The answer
liesin the semantics of the may list, as specified in table 1 of chapter 3. Essentially, a con-
crete binding (ty, ty) may bein Vg, if, for any (k, v) in the may list of the abstract map, ty,
t, € k, v, aslong as k is not a key in the must list. Thus, for instance, if the map has the
form map(must [], may[ (1]2,3), (bottom, bottom)]), looking up 1 in the map will yield bot-
tom(since 1 isnot inthe must list, and 1< bottom). As aresult, whenever (bottom, bottom)
isinthe may lig, it is redundant to add any entries to the may list (although currently we
do not take specia effort to avoid this redundancy).

1.In practice, the equality test is amost always on aggregate data structures (maps or sets, not scalars) that represent the
abstract store. These are handled specially in SCF as discussed in the following subsections.
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1 (* execMaplnsert: value * value * value -> value *)

2 fun execMaplnsert(bottom _, Viey, Way) =

3 if isSingleton vie, then

4 map(must[ (Vkey» Wwa)l, may[ (bottom (newld()), bottom (newiD()))], newld())

5 el se bottom (newl d())

6 | execMaplnsert(map(must musts, may mays, _), top, _) = ... should not reach here ...
7 | execMaplnsert(map(must musts, may mays, _), _, top) = ... should not reach here ...
8 | execMaplnsert(map(must musts, may mays, _), Viey, Vval) =

9 if isSingleton vie, then

10 let musts’ = insert(remove(musts, Viey), Viey, Wal)

11 in map(must musts’, may mays, newld()) end

12 é€lse

13 let (musts’, values) = removePossibleMatches(musts, Ve, [], top)

14 Vin = meetAll (v :: values)

15 mays’ = insert(mays, VieyVin)

16 in map(must musts’, may mays' , newld()) end

17

18 (* w_list* value* w_list * value-> w_list * value *)

19 and removePossibleMatches([], _, mustSgyt, Vou) = (MustSoyt, Vour
20 | removePossibleMatches((k, v)::musts, Viey, MUStSoyt, Vour) =

21 if mustBeDigjoint(k, viey) then

22 removePossibleMatches(musts, Vi, Mustsy:@(K,V), Vour)

23 €lse

24 removePossibleMatches(musts, Vig, Mustsoyt,, Meet(V, Vo))

25

26 andinsert(ms: w_list, key: value, v: value): w_list =

27 ..insert pair (key, v) into list ms, keeping ms sorted and duplicate-free wrt keys;
28 if some mapping (key’, value') already exists sit. key = key’,

29 replace it with (meet(key, key"), meet(v, value’))...

30

31 and remove(kvs: W_list, Ve, value): w_list =

32 ... remove key-value pair (k,v) from kvsif k and vie, are not disjoint; return the new kvs...
34

35 and meetAll (vs: valuelist): value = ... meet together all thevaluesvinvs...

FIGURE 5.12: The execMapl nsert Function.

When the value being inserted into a bottom map is not singleton, we therefore simply
return a bottom abstract map, taking careto giveit fresh ID to avoid correlating it with the
incoming (or any other) map.

The assertions of lines 6 and 7 follow from the ANDZ-TPL rule: if viq, were O, the
abstract tuple value (Vimap, Viey: Wal) Of line 16, figure 5.11 would have been O, so line 2 of
figure 5.11 would have returned O without even invoking the execMaplnsert function.

Lines 8-16 handle the common case where non-top abstract keys and values are

inserted into a non-bottom map. In the case where the abstract key is a singleton (lines 9-
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11), we just add the binding (Viey, Vya) to the must list, replacing in the process any exist-
ing binding (Viey, V'val) Of Vikey in the must list (line 10). The replacement is necessary
because normal form requires that map keys are unique (so we cannot have two entries
with the same key), and appropriate because the old bindings are overridden by the new
ones (so we do not, for instance, meet the old value with the new one). We leave the may
list unchanged. It is unnecessary to remove bindings for vig, in the may list since must
bindings shadow may bindings.

The case where the incoming key is not singleton is trickier (lines 12-16). Consider,
for instance, adding the binding (1|2, 88) to map(must [(1, 13), (34,12)], may [(2 | 3, 55),
(323, 175)]). A naive approach might smply add the above binding to the may list to pro-
duce the map map(must [ (1, 13), (34,12)], may[(1 ]| 2, 88), (2] 3, 55), (323, 175)]). A later
map_find operation on this map with key 1 would return the value 13, since the binding (1,
13) in the must list shadows other bindings of 1.

Reasoning about the required semantics in the concrete domain, we see that the naive
approach above is not quite correct. In the case that the incoming concrete map is[1 ->
13] € map(must [(1, 13), (34,12)], may [(2 | 3, 55), (323, 175)]), and the concrete binding
inserted is (2, 88) € (1]2, 88), the resulting map is[1-> 13, 2 -> 88] and it isindeed cor-
rect for afind operation on key 1 to return 13. However, if the concrete key inserted were
(1, 88) € (1]2, 88), then we would require the subsequent find operation to return 88.

Alternatively, we might first remove all bindings (k, v) from the must list such that k is
not digoint with the key Vi, being added. The resulting map would be map(must
[(34,12)], may[(1] 2, 88), (2] 3, 55), (323, 175)] ). This solution does not work in the case
above where concrete key (2, 88) was inserted: it does not account for the possibility that
the old mapping (1, 13) was left untouched.

A correct solution isto first remove al bindings (k, v) in the must list such that k over-
laps with the key Ve, being added (line 13), compute the meet of the values values so
gathered and the incoming value v into value vj, (line 14), and insert the binding (Viey,

Vj,y) into the may list (line 15). In the exampl e above, the resulting map would be map(must
[(34,12)], may [(1] 2,13 88), (2] 3, 55), (323, 179)]).
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1 fun execMapFind(Vpgp: value, Viey:value): value =
case find(Vigp, Viey) Of
MUST v => mkTagVal(“* SOME” , v)
| MAYv => meet(mkTagVal(* SOME”, v), mkTagVal(“* NONE” , mkTuple[]))
| NOT => mkTagVal(* NONE”, mkTuple[])

oo wN

FIGURE 5.13: The execMapFind Function.

5.3.7.2 The execMapFind Primitive Operation
Figure 5.13 shows how the execMapFind operation on maps, which implements the
abstract map_find operation, is implemented. Given abstract values Vi, and Vi, repre-

senting sets of concrete maps and keys respectively, execMapFind(Vingp,Viey) returns an

abstract value v such that for each concrete tygp, tyal € Yimap: Viey: Map_find(tmap, tva) €

V.

To understand the functionality required of the execMapFind function consider the
desired result for map( must [(1, 2)], may [(1]7, 3)]) (which corresponds to the set of con-
cretemaps {[1->2], [1->2, 7->3]}) and key 1, 9 or 1|7.

o \With abstract key 1, we would like to get back the abstract value SOME 2. The concrete
value 1 maps to the concrete value 2 in all conforming concrete maps. Generalizing,

(*find: value * value -> value choice *)
and find(map(must ms, may ms', ), k) =
case findMust(ms, k) of
SOME v => MUST v
| NONE => casefindMay(ms@ms Kk, top) of
top => NOT
| v. =>MAYV
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9 and findMust([], _) = NONE

10 | findMust((k, v)::kvs, k') =

11 if mustBeEqual(k, k') then SOME v
12 else findMust(kvs, k')

13

14 and findMay([], _,v) =V

15 | findMay((k, v)::kvs, k', v') =

16 letv'’ = if mustBeDigoint(k, k') then v’

17 else meet(v,Vv')
18 infindMay(kvs, k', v'’) end
19

20 ... mustBeDigjoint defined in figure 5.5...
FIGURE 5.14: Thefind Function on Abstract M aps.
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therefore, if (k, v) is in the must list of v, and k must be equal to Vi, the exec-

MapFind should return abstract value SOME v. Line 4 of the find helper function of
figure 5.14 detects this case, and line 3 of the execMapFind returns the appropriate

value.

¢ \With abstract key 9, we would like to get back abstract value NONE, since 9 is not in the
must or may list of the incoming map, and therefore does not figure as akey in any of

the conforming concrete maps. In general, if Vi is digjoint from all keysin vy, the

returned abstract value should be NONE. Line 6 of the find helper function and line 5
of the execMapFind function detect this case and return the correct value respectively.

¢ \With abstract key 1|7, we would like to get back either SOME 2 (when the concrete key
is 1 and either concrete map is used), SOME 3 (when the concrete key is 7 and the
second concrete map is used), or NONE. Summing up, we would like to get the
abstract value NONE | SOME 2 | SOME 3 as the result. One way to get (essentially)
the latter return value is, given key 1|7, find all bindings with overlapping keys (in
this case (1, 2) and (1|7, 3)), and meet the range values of these bindings (in this case
2 and 3). If the meet returns abstract value v, return NONE | SOME v as the result of
the whole execMapFind operation. Lines 7 and 4 of the find and execMapFind opera-

tions respectively combine to achieve this effect.

5.3.7.3 TheexecMapEqual Primitive Operation
Figure 5.15 shows the execMapEqual operation on maps, which implements the abstract
map_equal operation. Given two abstract values Vipgp and V' gy, representing two sets of

concrete maps, exeCMapFind(Viygp,V' map) returns an abstract value V' such that for each

concrete tmap, ' map€ Vimap: V' map: Map_equal (tmap, t' map) € V.

This operation is different from the mustBeEqual operation described previously.
That operation, given abstract maps, returns a boolean which is true if the sets represented
by the maps are guaranteed to be equal, and false otherwise. The current operation com-
pares the maps in the sets in al pairwise combinations, and returns an abstract value
whose value is the result of meeting the pairwise results. Thus, given abstract map veq =
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map (must[], may[ (2, 3)]) (which representsthe set {[], [2 -> 3]} of concrete maps), mus-
tBeEqual (veg, Veg) returns concrete value true, whereas execMapEqual (Veg, Veg) could
return abstract value true | false (comparing map [] to itself givestrue, whereas comparing
it to [2->3] gives false). We cannot therefore use structural equality alone for computing
execMapEqual, as we did for mustBeEqual.

The example of the previous paragraph raises the question of whether execMapEqual
can ever return singleton abstract value true when comparing two non-singleton abstract
ValUES Viygp aNd V' gy After all, if Vipgg = {myq, my, ..} and V' g = {my’, my’, ...} then if
execMapEqual(my, my’) = true then it must be true that execMapEqual (m;, m,’) = false.
This intuition holds in the absence of value ID tags. The additional correlations provided
by tags, however, alow even non-singleton abstract maps to return a singleton abstract
value true on pairwise comparison. In the case of the example with v, above, invoking

execMapEqual (Veg, Veg) In fact leads to the comparison of two abstract values with the

same |D. Having the same ID guarantees that not only will the sets of concrete maps cor-

1 (* execMapEqual: value * value -> value *)

2 fun execMapEqual (m as map(must ps, may gs, id), m" as map(must ps', may gs , id’)) =

3 ifid=id then Bool true

4 else if mustBeSngleton(m) andalso mustBeSngleton(m’) then Bool (mustBeEqual(m, m’))
5 else if mapsDefinitelyDifferlnMusts(m, m’) then Bool false

6 elseif gs=[] andalso gs' = [] andalso

7 havel dentical StructureAndld(ps, ps’) then Bool true

8 else meet(Bool true, Bool false)

9

10 (* value* value -> boolean*)

11 and mapsDefinitelyDifferInMusts(m, m') =

12 thereexistskey k s.t. k mapsto digoint valuesv and v' in the must lists of mand m’ respectively
13 orelse

14 themustlist of misdigoint from the domain (as per must and may lists) of M’ or vice-versa

15

16 (* w_list* w_list -> boolean*)

17 and haveldentical StructureAndld([], []) = true
18 | haveldentical SructureAndid  ([], ) = false
19 | haveldentical StructureAndld  (, []) = false

20 | haveldentical SructureAndld  ((k,v)::ps, (K, V')::ps') =

21 mustBeEqual(k, k')

22 andalso ((mustBeSingleton v andalso mustBeSingleton v’ andalso mustBeEqual (v,v'))
23 orelse (idOf v = idOf v'))

24 andalso havel dentical StructureAndld(ps, ps')

FIGURE 5.15: The execMapEqual Function.
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responding to the two values will be the same, the concrete values are also guaranteed to
beidentical. SCF would, in fact, return singleton value truein this case.

Line 3 of figure 5.15 exploits the correlation provided by IDs to assert that exec-
MapEqual on two correlated values gives singleton abstract value true. Otherwise (line 4),
in the case that the two maps are singleton, we can just test for structural equality to seeif
the maps are equal or not. Otherwise (line 5), we check if the maps impose mutually
incompatible results via their must lists, and if so we return singleton abstract value false.
If (line 12) both maps must contain singleton key k, but k maps to two valuesv and v’ in
two maps such that vand v’ are digoint, we can conclude that equality over al pairsis def-
initely falsein every case. Alternately (line 14), for each singleton key k in the must list of
one map, if kisdigoint with all the keys of the other map, we can be sure that al pairwise
comparisons will give false.

If the must lists are not definitely incompatible, we make afinal attempt to determine
that the two maps are definitely correlated. We check to see if the may lists are empty. If
so, we check (lines 17-23) for two maps that have the same IDs on all internal non-single-
ton abstract values, and return singleton true in this case. For example, map(must [ (1,
2|3#21), (3,4)], may [] )#232 and map(must [ (1, 2|3#21), (3,4)], may [])#177. If even this
test fails, we conservatively return truelfalse, i.e., equality may be true or false.

The case of two maps having identical 1Ds being compared does not seem to come up

in practice. All other cases occur in our benchmarks.

5.3.8 match

Figure 5.16 shows how the match function isimplemented in SCF-ML. Intuitively, match
performs pattern-matching on abstract values. Given pattern pt and abstract value v,
match(pt, v) isintended to return optionally (i.e., in the case that there is a possible match)
an abstract environment E mapping variables in pt to matching abstract values, and an
abstract value v' which isthe “part of v that was not matched by pt.” For instance, if pat-
tern pt is |binary(x, )| and v = |(binary(1, 2) | unary 7)|, E would be the map [x -> |1|]
and v would be unary 7 (since the latter part of the abstract value does not match the pat-

tern) and match is required to return SOME([x -> |1|],|unary 7]).1
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31
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structure Env = AbstractEnvironment (* Define abbreviation for AbstractEnvironment module*)

(* match: SCF_ML.pat * value -> (Env.env * value) option *)
fun match(]_|, ) = SOME (Env.empty, top)

| match (|x|, v) = SOME (Env.init(|x|,v), top)
| match (pt, top) = NONE
| match (pt, bottom) = SOME (bindl DsToBottom pt, bottom(newl D()))

| match(|c pt'|, vin as|c’ vl) =
if c= ¢ then
case match(pt’, v) of
SOME(E, top) => (E, top)
| SOME(E, V') => (E, |cV'])
| NONE => NONE
else
(Env.empty, Vi)

| match(pt as |c pt’|, alt(vs, )) =
let (Equts Vout» POSSibleMatch) = matchAlter natives(pt, vs, Env.empty, top, false)
in if possibleMatchthen SOME(E, Vout) €lse NONE end

| match(|(ps)], vin as|(vs)| ) =
let (Equt, Vout» POSSibleMatch) = matchTuple(ps, vs, Env.empty, top, false, 1, vs)
in if possibleMatchthen SOME(E, Vout) €lse NONE end

| match(pt, vi, asfix(v, )) =
let v = replaceRecs(v, freshenIDs vi,)
in match(pt, v') end

FIGURE 5.16: The match Function.
Helper functions are defined in figure 5.17.

If it can guarantee that no match is possible, match may return NONE. As per the def-

inition of table 2, however, it is conservative for match to return SOME(E, v') even when

no match is possible, aslong asv' containsv.

Line 4 handles the case that pt is the “wildcard” pattern _ (which matches all values

matched againgt it). In this case, since pt contains no variables, we return an empty envi-

ronment E, and since the match is complete, we return top (which corresponds to the

empty set) as the unmatched part. Similarly (line 6), if pt is the variable x, we return an

environment where x is bound to v, and again return top for the unmatched part.

1.More precisdly, it isrequired to return SOME([x->V], V'), where |]1| c vand Junary 7| c V'.
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(* matchAlternatives. pattern * valuelist * Env.env * value * bool ->
Env.env * value * bool *)
and matchAlternatives(_, [1, Equts Vout: Pout) = (Eouts Vouts Pout)
| matchAlternatives(pt, v::vs, Equt, Vouts Pout) =
case match(pt, v) of
NONE => matchAlternatives(vs, Eqt, meet(V,Vout), bout)
| SOME(E, v') => matchAlternatives(vs, Env.meet(E, Eq ), meet(V' Vo1, true))

W J 0 Ul b WN B

e}

(* matchTuple: patternlist * valuelist * Env.env * value* boolean * int * valuelist ->
10 Env. env * value * bool *)

11 and matchTuple([], [1, Eout: Vout: Pout, _, ) = (Eout: Vout: Pout)

12 | matchTuple(pt::pts, V::Vs, Eqyt, Vouts Bout 1+ VSorig) =

13 case match(pt, v) of

14 NONE =>

15 matchTuple(pts, vs, Eqt

16 meet(Voyy, MKTupleWithField(vsyig, 1, V)), Boyt, 1+1, VSgrig)

17 | SOME(E, V) =>

18 matchTuple(pts, vs,

19 Env.meet(E, Eqy), meet(Voy, mKTupleWithField(vsyig, i, V')), true, i+1, vsyig)
20

21 and replaceRecs(v: value, v': value): value= ... replace every free occurence of “rec” invwith v ...
22

23 and mkTupleWithField(vs: valuelist, i: int, v: value) =

24 ... replacethei’th element of vs with v, and make a tuple from the resulting list ...

FIGURE 5.17: Helper Functions for the match Function.

5.3.8.1 Matching Against alt Values

Lines 21-23 of figure 5.16 (along with the helper function matchAlter natives of figure
5.17) show how we match a pattern against an alt value, i.e., avalue that isan “or” of val-
ues. The rule seems straightforward: to match a set of alternative values, match the indi-
vidual aternatives separately, and meet the environments and unmatched parts that resullt.
For instance, when we match pattern unary x against value unary 11 | unary 322 |
binary(1, 23), invoking match on the individual alternatives could return SOME([x -> 11],
top), SOME([x -> 322], top) and NONE respectively. Note that a NONE returned value
implies that the whole incoming value, in this case binary(1, 23), is unmatched. Meeting
the returned environments gives [x -> 11 | 322] and meeting the unmatched values gives
binary(1, 23).

The above rule, although intuitive, has an adverse consequence. Consider the environ-
ment that results from matching pattern binary(x, y) against value binary(1, 2) | binary(
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12, 13). Theindividual components return environments [x-> 1,y-> 2] and [x-> 12,y -
> 13]. Meeting these environmentsyields [x -> 1| 12, y -> 2| 13]. In doing so, unfortu-
nately, we lose some information. In particular, it now seems possible that a match may
yield concrete environment [x -> 1, y -> 13], which is clearly impossible since according
to the incoming abstract value, y isaways 2 when x is 1.

The problem is that we wish to correlate the value of a variable in the abstract envi-
ronment with that of another. Abstract value ID tags currently allow us to express correla
tions where two variables (or fields thereof) have equal values, but in this case we want to
set up a mapping other than equality. Although it is possible that more sophisticated iden-
tity-tagging of abstract values can help preserve these correlations too, in SCF we address
this problem by avoiding such information-losing match statements where possible and
appropriate. We discuss the techniques involved in the next chapter.

5.3.8.2 Matching Tuple Patterns Against Tuple Values

Lines 25-27 of figure 5.16 (along with the helper function matchTuple of figure 5.17)
show how to match a tuple pattern against a tuple value. Unlike the case with alt, where
the problem was in constructing accurate-enough result environments, in this case the
trouble is constructing the abstract value v’ representing the unmatched part. Consider
matching the tuple pattern (unary X, unary y) with value (unary 0O | binary(1, 2), unary
121). As usual, we proceed in a compositional fashion and match the components of the
tuple pattern to those of the value. Say the results are SOME([x -> 0], binary(1,2)) and
SOME([y -> 121], top) respectively. The question now is how to construct the unmatched
part for the tuple, given the unmatched parts for its components.

A naive approach may be to simply accumulate the unmatched parts of the compo-
nentsinto atuple. In the above case, the result would be the tuple (binary(1,2), top) (or, in
normal form, top). This would imply that there are no concrete tuples that do not match
the given pattern and conform to the incoming tuple abstract value. Thisis plainly not the
case. For instance, the concrete value (binary(1, 2), unary 121) conforms to the value, but
does not match the pattern. The key is that when one of the components of a tuple has
unmatched value v';, then none of the concrete tuplesin (vy,...,V';,...,v,;) matches. The cor-

rect ruleis, therefore, that if v'4,...,V' , are the unmatched parts for components vy,...,v;, of
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the tuple, meet; i<, (Vq,.-..V'j,-..Vy) 1S the unmatched part of the tuple as a whole. The

helper function matchTuple computes this meet. The helper function mkTupleWithField
(lines 23-24) creates each of the tuples being met.

5.3.8.3 Matching Against fix Values

The final subtle case in the match function of figure 5.16 is for fix abstract values
lines 29-31. Consider matching value v = fix. (unary 9 | binary(unary ((5| 12) # 131), rec)
againgt pattern pt = binary(x, binary(y, )).

The first step is to convert the incoming value into a form without a fix at the top
level. We “unroll” the fix value once as per the replaceRecs function of line 21, figure
5.17. Naively, the unrolling would replace every instance of rec in v with the value v itself.
The result would be: unary 9 | binary(unary ((5 | 12 )# 131), fix.(unary 9 | binary(unary
((5] 12) # 131), rec). Matching pattern pt above using the code from lines 21-23 returns
SOME([x-> ((5] 12) #131),y-> ((5| 12) #131)]), aresult that implies that the values of
x and y are correlated (since they have the same IDs).

However, the semantics of fix values that we give in table 1 of chapter 3 do not guar-
antee any such correlation between versions of an abstract value derived from two differ-
ent “unrollings’ of arecursive value. Our solution is to renumber fix abstract values with
fresh ID numbers before replacing instances of rec with these values. While doing so, we
preserve any correlations within the body of the fix. The call to freshenlds function (line
30, figure 5.16) effects this renumbering. With this scheme, the result of the unrolling
above would be unary 9 | binary(unary ((5 | 12) # 131), fix.(unary 9 | binary(unary ((5 |
12) # 2986), rec)) (assuming freshenlds replaces ID 131 with ID 2986). Given this input
value, the abstract pattern match would return environment SOME([x-> ((5| 12) # 131), y
-> ((5] 12) #2986)]), and x and y are not correlated.
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1 fun mapMap(map(must musts, may mays, ): value, f: value -> value): value =
2 let musts = List.map (fn (k, v) => (k, f v)) musts

3 mays = List.map (fn (k, v) => (k, f Vv)) mays

4 in map(must musts', may mays', newld()) end

FIGURE 5.18: The mapMap Function.

5.3.9 mapMap

Given abstract value v which represents an abstract map and a function f that maps
abstract values to abstract values (and that thereby represents a set of functions on con-
crete values as discussed in section 5.1), the mapMap function returns an abstract value v'.
Value v’ represents the set of maps that can result when each map in v has has its range
mapped according to afunctionin f.

For example, suppose the incoming map v = map( must[ (1, 2|3), may [(4,5)]) and f x
= eval Primop(|+|, |(x, 11]21)|). The set of concrete maps conforming to the incoming map
isv={[1->2],[1->3],[1->2,4->5],[1-> 3,4-> 5]}. The set of incoming concrete
functionsisf= {fx=x+ 11, fx= x+ 21}. Mapping themap [1 -> 3, 4 -> 5] according to
thefunction f x = x + 21 resultsin the new map [1 -> 24, 4 -> 26]. Doing thiswith all the
pairings of incoming concrete maps and functions gives the output set of maps. {[1 ->
13],[1->14],[1-> 13,4-> 16],[1-> 14,4-> 16],[1-> 23],[1-> 24],[1-> 23,4 ->
26],[1-> 24,4 -> 26]}.

The set of concrete maps produced as a result in the above example can be repre-
sented by the abstract map map( must[(1, 13|14|23|24), may [(4,16|26)]). This abstract
map the result of applying f abstractly on each abstract value in the range of the incoming
map. For instance, f(2 | 3) = 13|14|23|24. In general, to produce an abstract value repre-
senting the application of (the concrete instances of) the abstract map function, it is suffi-
cient to apply the abstract map function to the valuesin the range of the abstract map. This
iswhat the implementation of figure 5.18 does.

5.3.10 mapUnionWith
Given abstract values v; and v, that each represent an abstract map and a “resolution”

function f that maps a pair of abstract valuesto an abstract value, the mapUnionWth func-
tion returns an abstract value V' representing the set of maps that result when the two sets
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of maps in v; and v, are unioned pairwise. The functions f (i.e., the set of concrete func-

tions conforming to abstract function f) resolve the case when two concrete maps being
merged have some common key k which maps to possibly different values u; and u, in the

two maps. In particular, the entry corresponding to the key in the resulting map is fgp,-

crete(Uy, Up), Where fegnorge € f.

For example, suppose v, = map( must[ (1, 2)], may [(4,5)]) and v, = map( must[ (1,
17), (23, 65)], may []), and f (X, y) = x + y. The conforming sets of concrete mapsthen are
vi={[1->2],[1->2,4->5]}andv, = {[1-> 17,23 -> 65]}, and f = { fn(x,y) => x+V}.
Given these sets, and picking u; = [1-> 2,4 -> 5], u, = [1-> 17, 23 -> 65], we get the
map [1-> 19, 4 -> 5, 23 -> 65] as the resulting concrete map. Note that since the key 1
was in both maps (with corresponding values 2 and 17 in the two maps), the value corre-
sponding to the key in the result map is 2 + 17 = 19. On the other hand, since key 4 was

(* mapUnionWith: value * value* (value -> value) -> value*)
fun mapUnionWith(m as map(must ps, may gs,_), m" as map(must ps’, may gs’, ), f) =
let (musts, mays) = unionWithMusts([], [, ps, n', f)
(musts, mays) = unionWithMays(musts, mays, gs, m’, f)
(musts, mays) = unionWithMusts(musts, mays, ps', m, f)
(musts, mays) = unionWithMays(musts, mays, gs’, m, f)
in map(must musts, may mays, newld()) end
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(* unionWithMusts: wiist* wiist * wilist * value* (value * value -> value) -> wilist * wlist *)
10 and unionWithMusts(musts, mays, [1, _, _) = (musts, mays)

11 | unionWithMusts(musts, mays, (k,v)::ps, m, f) =

12 casefind(m, k) of

13 MUST v => unionWithMusts(insert(musts, k, f(v,v')), mays, ps, m, f)

14 | MAYV  => unionWithMusts(insert(musts, k, meet(v, f(v, v'))), mays, ps, m, f)

15 | NOT => unionWithMusts(insert(musts, k, v), mays, ps, m, f)

16

17 (*unionWithMays: wilist * wlist * wlist * value * (value* value -> value) -> wilist * wilist *)
18 and unionWithMays(musts, mays, [], _, ) = (musts, mays)

19 | unionWithMays(musts, mays, (k,v)::gs, m, f) =

20 casefind(m, k) of

21 MUST v => unionWithMays(insert(musts, k, meet(v', f(v,v"))), mays, gs, m, f)

22 | MAYV  => unionWithMays(musts, insert(mays, k, meet(v, meet(v', f(v,v')))), gs, m, f)
23 | NOT => unionWithMays(musts, insert(mays, k, v), gs, m, f)

24

25 ...insertasinfigure5.5, find asin figure 5.14...

e}

FIGURE 5.19: The mapUnionWith Function.
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only in one of the maps, its value 5 passes through unscathed. Processing al possible pair-
ingsfor u; and u,, we get the output set {[1 -> 19, 23 -> 65], [1-> 19,4 -> 5, 23 -> 65]}.

The above set of maps conforms to abstract value map(must[(1, 19), (23,65)],
may[ (4, 5)), which can be derived systematically from the incoming map as follows. The
keysinthe must or may list of the result abstract map are those from the respective listsin
either of the two incoming maps. This makes sense, since if abstract key k must be in
either map, the corresponding singleton concrete key is required to be in any result con-
crete map; it is therefore correct to place k in the must list of the result map. On the other
hand, since if a key appears in an input map, it is also required to appear in the result, it
makes sense to place al remaining keysin the may list.

We now consider the values corresponding to the keys k above in the resulting
abstract map. Consider an abstract key k that appears in the must list of an incoming map.
If kisaso in the must list of the other incoming map, with corresponding abstract values v
and V', then per the semantics of unionWth, we invoke f(v, v') to compute the resolved key
(line 13). If kisonly in the may list of the other, then we have to account for the possibility
that it does not appear in the second map. We do so by meeting the resolved value with
unresolved key v (since if k does not appear in the second map, we can use the value from
the first map without resolution). This case is handled on lines 14 and 21. If k definitely
does not appear in the second map, no resolution is necessary (line 15).

If k appears in the may list of both maps, we again need to perform the meet as above
to account for the possibility that the resolution function may or may not need to be
invoked (line 22). Finally, if k is definitely not in one map, but isin the may list of the sec-
ond, its corresponding value needs no resolution, but only may appear in the result (line
23).

fun collapseMap(map(must musts, may mays, ): value): (value* value) =
collapseMapL.ists(musts@mays, top, top)

and collapseMapList([], Vgom, Vrng) =(Vdonm Vrng)
| collapseMaplList((k,v)::kvs, Vgom, Ving) = collapseMaplList(kvs, meet(k, Vgom), Meet(V, Ving))

Ul b w N R

FIGURE 5.20: The collapseMap Function.



114

5.3.11 collapseMap

The collapseMap function, given an input abstract value Vi, that represents a map, is
supposed to return a pair of abstract values (Vgom, Vrng) Such that Vgom represents all con-
crete values in the domain of Vi, and v,,g represents all those in the range. The imple-

mentation of figure 5.20 achieves this by meeting together the abstract values in the key
and value (a.k.a. domain and range respectively) positions of the incoming map.

5.3.12 findLiveKeys

The purpose of the findLiveKeys function is to determine, given an input abstract value
that represents a tuple of two abstract maps mand m'’, an abstract value v representing the
live keys under equality of the maps. As per section 4.4.4, “live keys’ refers to the set of
concrete keys such that each key in the set belongs to one or other of the maps, but no key
in the set belongs to the must list of both maps and has the same singleton value in both
maps. In other words, the function returns the set of keys of the incoming maps whose val-
ues are not definitely equal, a set called the “live keys’ in section 4.4.4.

1 (* findLiveKeys: value -> value *)

2 and findLiveKeys (bottom _) = bottom (newld())

3 | findLiveKeys(|(map(must ps, may gs, id), map(must ps’, may gs , id’)|) =
4 let (PSout: PS out)= removel dentical Entries(ps, ps’, ps, ps')

5 in collapseDomain ( pSyyt @ pS ot @ s @ gs') end

6
7
8

and removel dentical Entries([], _, PSout: PS out) = (PSout: PS out)
| removeldenticalEntries((k, v)::ps, psS’, PSout PS out) =

9 case findMust(ps', k) of

10 OMEV =>

11 if isSingleton v andalso isSingleton v’ andalso mustBeEqual (v,v') then
12 removel dentical Entries(ps, ps', remove(psy,. K), remove(ps o, K))
13 else

14 removel dentical Entries(ps, ps’, pSout: PS out)

15 | NONE =>

16 removel dentical Entries(ps, ps’, pSout: PS out)

17

18 and collapseDomain kvs =

19 let (v, ) = collapseMapList(kvs,top,top) in v end

20

21 ... findMust asin figure 5.14, remove as in figure 5.12, collapseMapList asin figure 5.20...

FIGURE 5.21: ThefindLiveKeys Function.
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The code of figure 5.21 finds the live keys in two steps. It first uses the removel denti-
calEntries function to step through the must list of the two maps, removing keys that
appear in both maps and have identical values (lines 7-16). It then appends the resulting
filtered must lists to the original may lists, and meets together the keys of the resulting list
(using the collapseDomain helper on lines 18-19).

54 Summary

In this chapter, we specified the abstract interface required of abstract values, the seman-
ticsrequired of the functionsin this interface, a concrete representation for abstract values,
and agorithms implementing the interface in a manner that conforms to the required
semantics. The semantics alow the interface functions to be approximate, and therefore
potentially more efficient than if they had to be exact. However, for practical use in simu-
lating optimizations, the functions need a minimum level of accuracy. Where relevant, we
described via examples the minimum accuracy required , and showed how our algorithms
provide this level of accuracy while preserving correctness.
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6. Strategiesfor Accurate and Effective Partial Evaluation

Partial evaluation resultsin faster programs because the partial evaluator replaces expres-
sions in the incoming program with simpler residual expressions. Partial evaluators, given
abstract values representing possible arguments to the incoming program, compute the
abstract values representing the possible values of every expression in the incoming pro-
gram. Expressions guaranteed to produce a singleton abstract value are then folded, i.e.,
replaced with a simpler residual expression that computes the same value. In this smple
model, a fragment of code in the incoming program would correspond to at most one
residual fragment in the result program.

In practice, to ensure that generated residual programs are as fast as possible, the par-

tial evaluator addresses three key additional issues.!

First, it can be profitable to replicate fragments of the original program while
abstractly executing it. For instance, if the origina program had an expression that could
possibly evaluate to two concrete val ues, the expression could not be folded using the sim-
ple partial evaluator above. But a partial evaluator that uses replication may process two
versions of that expression, each evaluating to a single concrete value which. The partial
evaluator must therefore have a specialization strategy which decides when code is repli-
cated before partial evaluation.

Second, it can be profitable for the partial evaluator to have aprecise but infinitely tall
lattice. It ispossible that when the functions being evaluated are recursive, the partial eval-
uator may be invoked on a particular piece of code an unbounded number of times. It is
the role of the widening strategy to ensure that the partial evaluator terminates while not
sacrificing too much precision.

Third, even when a given expression has a singleton abstract value, it is not trivial to
determine whether it is profitable to replace the expression with the corresponding con-
stant expression. Therole of the rematerialization strategy isto determine when to replace
expressions with equivalent constant expressions, and how to make this replacement as
profitable as possible.

1.These issues arise when designing whole-program variants of many optimizations.
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We will refer to these three strategies as improvement strategies, since they are
improving the quality of partial evaluation. We explore the potential costs and benefits of
these strategies through a detailed example in section 6.1 below. Sections 6.2 through 6.4
describe how SCF implements the three strategies to address these trade-offs. Section 6.5

summari zes the section and discusses related work.

6.1 Improvement Srategiesat Work: A Detailed Example

In this section, we use a running example to illustrate the role of improvement strategies.
Although the partial evaluator in SCF applies to optimization functions (such as the dead-
assignment eliminator of figure 3.7) written in SCF-ML, we will use as our example in
this section a simpler SCF-ML function. The function is much smaller than a typical opti-
mization, but nevertheless manifests al the relevant complications.

In section 6.1.1, we show how partia evaluation progresses in the absence of
improvement strategies. In section 6.1.2, we show the benefits of adding function special-
ization. In section 6.1.3, we show how a dightly modified version of the example benefits
from aggressive rematerialization. In section 6.1.4, we show the benefits of expression
specialization. Finally, in section 6.1.5, we show that specialization can cause the partial
evauator not to terminate, and illustrate the strategies used by SCF to ensure termination.

6.1.1 Partial Evaluation With No Improvement Strategies

Figure 6.1 presentsafunction, inc, that takes asinput alist of integers and outputsthe list
that results from incrementing each integer in this list. In this section, we will focus on
partially evaluating this function on abstract argument value [ 23], i.e., alist with asingle
element of value 2 or 3.

The table of figure 6.2 shows the values produced when inc is partialy evaluated
with abstract input vs = [2|3]. Each row of the table represents the values of variables

(* Increment each element of the incoming list *)

1 fun inc (vs: int list): int list =
2 case vs of

3 [1 => []

4 | v/::vs’ => (v'+1)::(inc vs’)

FIGURE 6.1: Function to Be Partially Evaluated On Input ve =[2|3].
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Invocation Vs v’ vs' result
Number
1 [2]3] 2|3 (] 0
2 (23] [ 1] 2|3 (] (]
3 (23] | [] 2|3 (] (341 [ ]
4 (23] | ] 2|3 (] [3[4] [ ]

FIGURE 6.2: Partially Evaluatingtheine () Function With No | mprovement Strategies.

(vs, v’ andvs’), and the result of the function as awhole, due to adistinct invocation of

the partial evaluator on function inc.!

Below, we step through the invocation corresponding to each row in some detail. This

detailed view is useful for understanding the design and functioning of improvement strat-

egies.

1.0n the initial call to the partial evaluator (invocation number 1), the variable vs has
value [2|3]. The value of vs matches the branch of the case expression on line 4 of
figure 6.1. The pattern match binds v’ to 2|3 and vs’ to []. The recursive call inc
vs’ (withvaue[] for vs’) isthen evaluated via a cache lookup (as per figure 4.5,
line 42) for the value corresponding to function inc. The lookup returns the
placeholder value O (since the function has not been evaluated before). Recall that O is
the abstract value representing the empty set of concrete values, i.e., the top of the
abstract value lattice. Evaluating the expression (v’ +1) :: (inc vs’) then gives

value 0 as the result of the invocation as awhole.

2. Therecursive cal of the previous paragraph results in a task being added to the partial
evaluator’s worklist (as per figure 4.5, line 45). The task requires partial evaluation of
function inc on input value ve =[]. The task is now popped off the worklist and
processed (invocation 2). First the argument [] of the recursive call is met with that of
the original call (i.e., with [2|3]) to get the argument value ([2|3]| []) for the new
invocation. This time, both sides of the case expression hold. The side guarded by
pattern []1 evaluatesto value [], while the other side again returns 0. Meeting the two

possibilities we get [] for the result of the invocation.

1.Theinvocation we refer to isthe call to PE; on line 35 of figure 4.4.
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1 fun inc (vs: int list): int list =
2 case vs of

3 0[] => []

4 | v'::vs’ => (v'+1)::(inc vs')

FIGURE 6.3: Residual Function Resulting From Partial Evaluation Without | mprovement.

3.Because the result of the function changed from the earlier value O to the new value ],
and the function calls itself recursively, the partial evaluator needs to re-evaluate the
function.> This time around (invocation 3), both sides of the case expression hold
again, but the lower branch evaluates to [ 3|4] (since the cache lookup for the recursive
call to inc returns [] this time), and meeting with the upper branch of the case, the
invocation returns[3|4] | [].
4.The change of result necessitates another partial evaluation of the function, but this
time (invocation 4) the result sticks at [ 3|4]|[] and the partial evaluator terminates.
Figure 6.3 shows the residualized function that results from the final invocation of the par-
tial evaluator on the input function. Note that in the final invocation of the partial evalua-
tor, none of the variables vs, v’ and vs’ evaluates to a singleton scalar abstract value,
and therefore neither does any of the expressions of the incoming function. As aresult, the
partial evaluator cannot rematerialize any of the expressions in the incoming function, and
the residual version of the function is identical to the original one; partial evaluation pro-
vides no benefit at al.

6.1.2 Adding Function Specialization as an |mprovement Strategy

In this section, we examine how the partial evaluation proceeds when we add just function
specialization.

Figure 6.4 shows the sequence of abstract values that results from specializing func-
tion inc during partial evaluation. We evaluate inc separately (i.e., without first meeting
in argument values from previous invocations) on each abstract value v it is invoked on,

producing corresponding residual functions inc . Each distinct specialized version of the

analyzed function is called a contour. The many contours for a given function are distin-

1.The partia evauator performs the “results-changed?’ check on line 39 of figure 4.4, determines that the result has
indeed changed, and places the callers of function inc, i.e., inc itself, on the worklist for further processing.
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invocation contour Vs v vs' result
number
2 incp (] n.a. n.a. (]
3 inc 23] [2[3] 1 (] [3[4]

FIGURE 6.4: Partial Evaluation With Function Specialization.

guished by a contour key (the value v in this example). Rows of the table again denote the
digtinct invocations of the partial evaluator on the inc function. The column labelled
“contour” specifies which particular contour of the inc function is processed by the invo-
cation.

The initial partial evaluation of the function results, as before, in a recursive invoca-
tion of function inc with abstract argument vs’ = []. Unlike in the unspecialized case
above, we do not merge this new argument value of inc with itsoriginal value before re-
analyzing inc. Rather, we analyze inc separately for this argument value, i.e., we ana-
lyze the callee contour inc ;. The analysisresultsin the case on line 3 of figure 6.1 being

taken. Invocation 2 therefore returns [] as a result for the whole function. As before, the
changed return value of the callee contour results in the re-analysis of the calling contour
inCrp3; (invocation 3), which returns this time the value [ 3|4] and terminates.

Figure 6.5(a) shows the residual functions that result, under the assumption that the
partial evaluator only residualizes primitive scalars, i.e., integers, booleans, characters and
strings, in SCF-ML. Analyzing the two different contours results in two different residual
versions of the inc function. Since each version is partially evaluated with respect to just
a subset of the abstract argument values of the original function, the corresponding resid-
ua version can be better optimized than before. Note that although the total amount of
static code produced may be more than that produced by the unspecialized partial evalua-
tor, the amount of code dynamically executed is smaller. In particular, as per line 3 of fig-
ure 6.5(a), the residualized version of the function does not have to compare the incoming
value to pattern [1, whereas (as per line 3 of figure 6.3) this comparison needs to be done
in the unspecialized version. Also, as per line 6, when the recursive call is executed, the
specialized version can simply produce the empty list with no need for testing the input
value.
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fun incpy|3; Vs = 1 fun incpy|3; Vs =
case vs of 2 case vs of
v/::vs’ => (v/+1)::incy vs’ 3 v/i::vs’ => (v'+1)::[]

and inc; vs’ =

1

Oy Ul B» W N

(@ (b)
FIGURE 6.5: Residual Function Resulting From Function Specialization.

Finally, as figure 6.5(b) shows, each contour key may not have a corresponding resid-
uaized function. If the partial evaluator can rematerialize user-defined scalars (i.e., zero-
ary constructors) in addition to primitive scalars, then it would replace the call to inc

with an expression constructing the singleton result of that call, in this case the expression
[1. The resulting residual function executes fewer instructions than the one in figure
6.5(a).

6.1.3 Adding Rematerialization as an | mprovement Strategy

In the previous section, we considered the case where the partial evaluator is restricted to
rematerializing scalars. The appeal of this approachisthat aliteral expression computing a
scalar is guaranteed to be no more expensive to evaluate than any expression it replaces.
The ssmplicity of the approach is at the expense of quality of code produced, however.
To demonstrate the inefficiency that results, we alter our running example slightly. Instead
of partially evaluating function inc on input value [ 2|3], we instead evaluate it on the input
[2|3, 7]. Figure 6.6(a) shows the residual functions that result, assuming purely scalar
rematerialization. The key point is that although the partial evaluator computes that the
invocation to function inc [, resultsin the singleton abstract value [8], it cannot replace

the invocation with an expression constructing this value, since the list is not a scalar.

1 fun incpy|3,9) vs = 1 fun incpy|3, 7] VS =
2 case vs of 2 case vs of
3 v’::vs’=> (v'+1)::incy; vs’ 3 v':i:vs'=> (v'+1)::8 ::[]
4
5 and incq) vs =
6 case vs of
7 v::vs’ => 8::[]
(a)Scalar Rematerialization (b) Non-Scalar Rematerialization

FIGURE 6.6: Rematerializing Non-Scalars.
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Figure 6.6(b) illustrates a more aggressive rematerialization strategy, which allows
the rematerialization of arbitrary singleton abstract values. Given this strategy, the partial
evaluator can replace the call to inc [} with an expression (line 3 of figure 6.6(a)) with
the expression 8: : []1, which generates the singleton list [8]. Avoiding the function call
clearly results in savings in this case: the residual code avoids the execution of an extra
function call and case expression.

Although rematerializing arbitrary singleton values can be profitable, it is not neces-
sarily so. Later in this chapter, we will see an example where the expression resulting from
rematerialization is more expensive than the one it replaces.

6.1.4 Adding Expression Specialization asan Improvement Strategy

Until now, we have considered the function call to be the unit of code replication: we have
replicated functions so as to specialize them for particular input values. We demonstrate in
this section that speciaizing at a granularity smaller than functions (and in particular, at
the level of expressions) can result in faster residual code.

In order to demonstrate expression specialization, we once again change the input
valueto the inc function. Thistime, we assume that the input valueis[2,3]|[7,9].

Figure 6.7(a) shows the result of function specialization with non-scalar rematerial-
ization, given these inputs. When the partial evaluator is first invoked on the contour
incyy, 37/ (7, 8] the variable vs’ isbound to abstract value [ 3]|[8]. The residual func-
tion corresponding to this contour is shown on lines 1-3 of the figure. The recursive call to
inc now results in the contour incs; g7 The result of evaluating this contour is
[4]|9], an abstract value that is not singleton. Since the result of evaluating the contour is
not singleton, the call cannot be rematerialized. The resulting residual call to inc 37 | (g
fun  incp, 57|(7,8)VS =

case vs of
v’'::ve'=> (Vv +1): :inc[3] | 18] vs'’

fun incpy 37)(7,8VS =
case vs of

2::vs8’ => 3::4::[]

| 7::vs’' => 8::9::[]

B W N R

and incy3j|[g VS =
case vs of
vi:ivs’ => (v'+1)::[]
@ (b)
FIGURE 6.7: Expression Specialization.

N oY U W R
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ison line 3 of figure 6.7(a), and the corresponding residualized function body is on lines
5-7.

Figure 6.7(b) illustrates an alternate possibility. When analyzing the original contour
incry, 37/ 17,8 the partial evaluator detects that the abstract value being matched

against has two components ([2,3] and [ 7,8]) that match against the same pattern, namely
v’ ::vs’. It then specializes this pattern to produce two distinct corresponding patterns
(2::vs’” and 3: :vs’), such that each new pattern matches exactly one of the two com-
ponents. Next, it specializes separately on the two component values the expression being
guarded by the pattern, i.e, it evaluates (v’+1) ::inc vs’ twice first with
(v',vs’) = (2, [3]) and next with (7,[8]). Adding the additional test for the constant
valuesin the pattern allows, in each case, the body of the case to be replaced by an expres-
sion that constructs a constant singleton list.

The code of figure (b) executes fewer case expressions, function calls and arithmetic
operations than that of figure (a). On the other hand, for the one case expression that it
does execute, figure (b) performs an extra check (to determine whether the first element of
the incoming list is 2 or 3). Although in this example the benefits exceed the extra cost of
discriminating between the values being speciaized on, this is not aways the case.
Addressing this trade-off is a key part of expression specialization strategies.

6.1.5 Ensuring Termination in the Face of Improvement Srategies

The incPadded function of figure 6.8 isaslightly modified version of the inc function
of figure 6.1. Given aninput list of integers vs and integer n, incPadded (vs, n) pro-
ducesthe sameresult as inc (vs), except that it prepends n copies of the first element of
vs to thisresult. For instance incPadded ([23,343], 2) wouldyield [23, 23,
24, 344]. Thissmall modification in the function being partialy evaluated can poten-
tially cause a partial evaluator operating on it to loop forever.

Consider partialy evaluating incPadded on abstract input ([2] , 0]1). Suppose we
use the technique from the previous sections of using the entire function argument as the
contour key. Then, as shown in figure 6.8(b), the partial evaluator will be invoked with an
unbounded number of contour keys. The problem is that the second abstract argument of
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(* Increment each element of vs by 1. Prepend n copies of the first
element of vs to the result *)

1 fun incPadded (vs: int list, n: int): int list =

2 case vs of

3 [ => []

4 | v'::vs’' =>
5 if n = 0 then (v’'+1) :: (incPadded (vs’, n))
6 else v’:: (incPadded (vs, n-1))

(a) Function to be partially evaluated on input vs=[2] , n = 0|1

contour key| vs n vs' v’ |result
[2],0]1 [2] 01 [ 2 0
[2],-1]0 [2] -1|0 [ 2 0
[2],-2]-1 [2] -2-1 [ 2 0
[2],-3]-2 [2] -3]-2 [ 2 0
[2],-4]-3 [2] -4]-3 [ 2 0
[2],-5]-4 [2] -5|-4 [ 2 0

(b) Using the entire argument as the contour key

contour key vs n vs'’ v’ |result
[2] [2] o1 [ 2 0
[2] [2] -10j1 [ 2 0
[2] [2 -2|-10j11 [l 2 0
[2] [2] -3-2]-10/1 [ 2 0
[2] [2] -4]-3]-2]-1/0|1 [ 2 0
[2] [2] |-5[-4-3-2-1/0]1] I 2 0

(c) Using thefinite part of the argument asthe contour key

contour key| vs n vs' v’ result
(2] (2 1 [ 2 0
[ [ 1 n.a. 2 [1
(2] (2] 1 ( 2 (3]
(2] [2] 1 [l 2 [3][[23]
(2] [2] 1 [l 2 (3] 1[23] [[2 2 3]
(2] (2 1 [ 2 [3] [[23]][2,2,3] [[2,2,23]
(d) Widening non-finite arguments
contour key| vs n vs' v’ result
(2 (2 1 [ 2 1
[1 [1 1 n.a. 2 1

(e) Widening non-finite results

1 fun incPadded[p) n =
2 if n = 0 then [3]
3 else 2 :: (incPadded,; (n-1))

(f) Residual version of function

FIGURE 6.8: Challenges of Function Specialization.
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incPadded (corresponding to formal n) is not finite. During partial evaluation, it can
take on an unbounded number of values, thus leading to an unbounded number of con-
tours.

A known solution to this problem isto omit the non-finite part of the contour key, and
only usethe value of vs as contour key. Unfortunately, as shown in figure 6.8(c), although
this solution results in afinite number of contours, a single contour may till be dated for
analysis on an unbounded number of non-finite argument values. Since, for a given con-
tour, we meet together all argument values on which the contour has been invoked thus
far, the size of the input value keeps increasing with each invocation.

A standard solution to this new problem is to widen the non-finite arguments. We pre-
emptively set the value of the non-finite arguments to an abstract value whose size is guar-
anteed not to increase indefinitely. In figure 6.8(d), we set the abstract value correspond-
ing to argument n to the bottom of the abstract value lattice, 1. Unfortunately, asthe figure
shows, this exposes another problem. Recall that (as per the core partial evaluator of fig-
ure 4.4), acontour may be re-analyzed either if it isinvoked with arguments different from
those it has previously been analyzed with, or if the return-value of one of its callees has
changed. As figure 6.8(d) shows, since incPadded is its own callee, and each invoca-
tion to incPadded adds one entry to aresult set of unbounded size, the number of such
invocations is unbounded.

A solution to this problem is to widen possibly unbounded results (in addition to wid-
ening arguments, as above). As shown in figure 6.8(e), if we set the return value to 1 on
every invocation of the function, the partial evaluator terminates after two invocations of
the function. The combination of restricting contour keys to finite parts of incoming argu-
ments, argument widening and return value widening is known to guarantee termination
of the partial evaluator.

An unintended (and detrimental) consequence of our return-value widening strategy
is that we know absolutely nothing about the possible values that may be returned by the
partially evaluated function. For instance, although we can tell by inspection that any
returned value is alist that is either empty, or has some number of 2sfollowed by a 3, our
return value 1 hides even the fact that the returned value has to be alist. As we shall see,
performing widening while limiting loss of information is crucial for performance in SCF.
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A final observation isthat, comparing figure 6.8(f) to 6.8(a), in spite of the very con-
servative return values that result from widening, the residualized code obtained executes
significantly fewer operations than the original code. The benefit is wholly due to the fact
that we specialized using vs as a contour key. If we had used no contour key (and there-
fore performed no specialization at al), we would still have needed the widening tech-
niques to guarantee termination, but would have ended up with a residual program
identical to the incoming program. The additional step of identifying finite arguments and

specializing on them is therefore profitable even in the face of conservative widening.

6.2 Specialization Strategies

The examples of the previous section showed the benefits of specialization, both at the
granularity of entire functions. For function specialization, we saw the importance of
selecting an appropriate contour key. For expression specialization, we saw that discrimi-
nating between specialized versions of the expression can add to the number of instruc-
tions executed, so it is important to be careful in selecting when to perform expression
specialization.

In what follows, we describe how SCF's specidization strategies are tailored for
effective speciaization of optimizations. In section 6.2.1, we describe how SCF performs
function specialization. In particular, we describe how it identifies finite arguments and
picks contour keys. In section 6.2.2, we describe how SCF performs expression special-
ization.

6.2.1 Function Specialization

As discussed in the example of section 6.1.5, when specializing functions, it is important
to pick finite parts of function arguments for contour keys. In other words, we want to dis-
cover those arguments of functions that are guaranteed to take on afinite set of values any
time the program containing the function is partially evaluated. In section 6.2.1.1 below,
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we specify SCF's finiteness analysis, which computes the finite part of function argu-
ments.

In the preceding example, we used the finite part of the argument of afunction as the
contour key for the function. We will argue in section 6.2.1.2 that in order to better par-
tially evaluate optimization programs, it is useful to use contour keys that are the result of
composing the finite parts of many function arguments, yielding contour keys that are
chains of finite argument values.

6.2.1.1 What Valuesto Specialize On: Finiteness Analysis

The goal of finiteness analysisis to determine for each function in the incoming program,
the parts of the function argument that are guaranteed to assume a finite number of
abstract values, over all invocations of the function during partial evaluation. In what fol-
lows, we first define the problem to be solved by finiteness analysis precisely, then explain
the intuition behind SCF s analysis, and finally describe the analysis itself.

PROBLEM STATEMENT

The analysis represents the finite parts of function arguments using finiteness patterns.
Syntactically, a finiteness pattern has the form shown in figure 6.9(a). The structure of

finiteness patterns parallels that of abstract values!. This is for good reason, since the

¢ € FinitenessPattern = Flv=v
F J/ finite Itv=1
| 1 Ilinfinite
| (¢1, ..., 4y  [ltuple (Bs eonr ) (VreoVe) = (871 Ve, oo 071V
| co /lconstruct (G, s $)10=0
| ¢ #q...lc, ¢, /alt (B, . @) T1=(1, ... 2)
ceto=0

(9 1=dg" )
(c9cv) = clg™ V)

(€ &) X(cy vq...Jcq V) = 6 (61 vi) wherec = ¢;
(D]l tv= o7V | gty
(a): Syntax (b): Semantics

FIGURE 6.9: Finiteness Patterns.
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intention is to use finiteness patterns as templates to indicate “interesting parts’ (and in
particular, finite parts) of abstract values. For example, we argued in the example of figure
6.8(a) that the argument of function incPadded was a pair whose first component (vs)
was finite, and the second (n) infinite. Correspondingly, the finiteness pattern for this
function would be the tuple pattern ¢incpadded = (F 1). On the other hand, if we had afunc-
tion f with one argument, alist of type ‘a 1ist, and we deduced that only the head of
thelist is finite, we would ascribe the finiteness pattern ¢ = nil | cons(F, I) tof.

Once the finiteness analysis deduces a particular finiteness pattern for a function, the
partial evaluator uses the pattern to extract the “ finite parts” of incoming abstract values so

that they can be used as contour keys. Figure 6.9(b) shows how this projection works.

Given afiniteness pattern ¢ and abstract value v, the figure defines ¢lv, the abstract value
that results from applying the pattern to the value. Intuitively, the scheme ensures that if

two abstract valuesv and V' are identical in their finite parts, then ¢v and ¢lv' are struc-
turaly identical. The basic ideaisto replace all parts of vand v' that correspond to infinite
parts of the function with the same abstract value (we pick the abstract value 1).

Now that we have specified the output of the analysis precisely, we are ready to can
state the requirements of the analysis itself. Let P be a program with functions F =
{f1,...f}. Let V = {vq, vy, v3, ...} be the possible abstract inputs to P. When P is partially
evaluated with respect to some abstract input v;, let the sequence of abstract arguments
with respect to which function f; is partially evaluated be Uj; = ujjq, Ujjp,--., Ujjk » - - The
job of the finiteness analysisis to compute, for each function f; in F, afiniteness pattern ¢,
such that for al v; in 'V, the set Vj; = {gbj'l(uijk)| Uik € U;;} isfinite. We say that Vj; closes V
with respect to input v; and function ;. Intuitively, we require that although the number of
abstract inputs u;; to afunction may be unbounded, the “finite parts’ of these inputs must
be bounded.

1.We omit recursive finiteness patterns here, although they can be made to have a consistent semantics, and provide
functionality beyond the patterns shown here. However, since they are not essential in SCF, and add significant
complexity, we omit them here.
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1 ...

2 and analyzeCmd(c:cmd, 1lSet:live set, aMap:assign map)
3 : (liveSet * assign map) =

4 case c of

5 assign(v, e, 1lbl) =>

6 let val 1lv = if LiveSet .member (1Set, v) then live else dead
7 in (analyzeExpr (e, LiveSet.delete(1lSet, v)),

8 AssignMap.insert(aMap, 1lbl, 1v))

9 end

10 | seq(c,c’, ) =>

11 let val (lSet,aMap) = analyzeCmd(c’,1lSet,aMap)
12 in analyzeCmd (c,1lSet,aMap) end

13 | ...other cmdcaseshere. . .

14
15 and analyzeExpr (e:expr, lSet:live set):live set =
16 case e of

17 var ref (v, ) => LiveSet.add(1lSet, V)
18 | primop (op,es) => analyzeExprs (es, 1lSet)
19 | const _ => 1Set

20 | ... other exprcaseshere. ..

21

22 ...
FIGURE 6.10: A Fragment of Dead-Assignment Elimination.

THE INTUITION BEHIND SCF'SFINITENESSANALYSIS

In designing the finiteness analysis for SCF, we keep in mind that the end effect we are
striving for isto “unroll” the optimization over the incoming abstract Abstract Syntax Tree
(AST). More precisely, we wish to speciaize each anaysis or transformation function to
each node of the incoming (abstract) AST that it analyzes or transforms. We argue below
that, given a conventional style of writing optimizations, this requirement can be phrased
as afiniteness requirement. The style of these optimizations also pointsto a smple imple-
mentation for the finiteness analysis.

As a concrete example of how an optimization is written, figure 6.10 replicates a
small fragment of the SCF-ML specification of dead-assignment elimination from chapter
3. The main point is that the optimization consists of analysis and transformation func-

tionst (collectively called “optimization functions’ below), where each type of AST node
(e.g., commands, expressions, expression lists) has its own optimization function (ana-
lyzeCmd, analyzeExpr and analyzeExprs in this example). Each of these func-
tions has as one of its arguments the AST node being analyzed (e.g., the formal ¢ of line 2

1.0nly analysis functions are shown in the figure.
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and the formal e of line 15). Further, given their argument AST nodes, the optimization
functions typically extract the sub-trees of these nodes and invoke the corresponding opti-
mization functions on them, or perform simple non-recursive processing. For example,
lines 5 and 10 of figure 6.10 extract the components of assignment and sequence com-
mands respectively, whereas lines 17 through 19 extract components of variable, primop
and constant expressions respectively. To summarize, typically each optimization function
has a formal parameter that represents a node of the AST being optimized; further, this
node is purely the result of applying a series of projection operations to the AST input to
the optimization program as awhole.

If the input AST to be optimized were a fully concrete AST, it is straightforward to

see that for each optimization function f;, if the g'th formal represents the AST node it is
analyzing, thenthe FP ¢ = (I....,F...1) (an n-tuple where only the g’th entry is F, otherwise
I) isavalid (as per the previous section) result of the finiteness analysis. For any incoming
AST v;, let § be the set of all sub-treesof v;.* Let V;; bethe set {(1,....s,...,1)| s § , where
sis the ¢'th element of an n-tuple with 1 in all other positions}. Let Uj; be the set of all
abstract values with which the partial evaluator invokes function f;. Clearly, applying any
sequence of projections to v; will result in a sub-tree of v; and will therefore be in §. For
any tuple in Uj; of actual parameters uj = (ay,...,8g--,) With which f; is partially evalu-
ated, therefore, since &g is the result of applying some sequence of projections to v;, a
must belong to S. gbj'l(uijk) = (1.....ag,...,1) must therefore belong to Vj;. We therefore have
that {gbj'l(uijk)| Uik € U} < Vjj. Finally, since § and therefore Vj; are finite, we conclude
that the ¢, as defined above are valid finiteness patterns as per the last section.

If the input AST is an abstract AST (as is true in SCF), matters become more com-
plex. In what follows, we assume only that the input AST is some abstract value from the
set AbsValue of al abstract values. If we exclude alt and fix values from AbsValue (call

this new set of values AbsValue'), the remaining abstract values are identical in structure

1.Not al functionsin the optimization program are associated with aunique AST node; some functions, such asthemeet
function, are helper functions. We associate FP | with all functions that are not optimization functions with AST nodes
as arguments.
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to input AST’s above, except that the variants 1 and O are added as possible leaves of the

tree representing each value. In this case, for any v e AbsValue', we can generate V,, that

closes AbsValue' with respect to v using the same sub-tree based construction as in the

previous paragraph.
If weinclude alt values (call this new set AbsValue™), we need a definition of sub-tree
that accounts for values of theformv= ¢, v; | ... | ¢, V,,. We assume without |oss of gener-

aity that ¢; # ¢; if i # . For our purposes, the sub-trees of the above value then are just
Vy,...,Vp,. Note that applying a projection operator to v gives one of thev;. Given this defini-

tion of sub-trees, for any v in Absvalue”, we can again use the same sub-tree based con-
struction as before to close AbsvValue” with respect to v.
Finally, consider including fix values. The trouble with fix values is that applying a

projection operation on a fix value can result in an abstract value that is not structurally a
sub-tree of the original tree. For instance, if v = fix(c; | cx(Cg, €4 rec)), then cz'l(v) is(cs,
¢4 fix(cq | cx(c3, €4 rec))). The result comes from replacing the rec token of the sub-tree
(C3, €4 rec) with the original value v. This last observation actually provides a method to

generate systematically all the abstract values possibly generated by projection, even in
the presence of fix values. Consider all structural sub-trees of the input value v to the pro-
gram. For every sub-tree with an unbound rec token, replace the token with the fix value
that originaly bound the token. The resulting set V,, of abstract values closes AbsValue

with respect to v.

So far, we have established that any function argument such that all paths from pro-
gram entry to the function entry perform only projection operations is guaranteed to be
finite. Regardless of how long the paths are, and how many times the operators are
applied, the partial evaluator will only see a finite set of abstract values as the function
argument. This observation suggests a dataflow analysis for detecting finite arguments.

For each function in the program, begin by assuming initialy that the argument is finite

leor e'i) inafunction, if eisfinite, des-

(F). For each projection expression (of theform ¢
ignate the expression to be finite (F) and infinite (I) otherwise. Designate all other expres-

sions to be infinite. If the expression is a function call, f e, if e is infinite then set the
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finiteness of f's formal to infinite too. Repeat the process until no function argument or
expression changes finiteness. Since there are only two possible finiteness patterns (F and
1), and a program fragment designated | can never change back to an F, the above iterated
process is guaranteed to stop.

The above analysis decides for each function whether its formal is entirely finite or
not. Thereis no notion of a part of the formal being finite and the rest infinite. A two-val-
ued finiteness pattern (¢ € FinitenessPattern ::= F | | ) therefore suffices in this case. In

many cases, however, it is useful to keep track of the parts of expression that are finite. For

instance, if x is the finite formal of afunction, the expression ¢* (c x) always evaluates to
the value of x, and should also therefore be designated finite. However, by the analysis we
just described, the application of the constructor ¢ will cause sub-expression ¢ x to be des-
ignated I, and thereby the whole expression to be I.

An option would be to extend the definition of finiteness patternsto (¢ € Finiteness-
Pattern::= F || | c ¢). We could then, given the FP F for X, ascribe the finiteness pattern

¢ F to the sub-expression ¢ x, and interpret the subsequent projection ¢* (c X) as “project-
ing” out the finiteness pattern F. A similar argument applies to the construction and pro-
jection of tuples, leading the finiteness pattern (¢ € FinitenessPattern ::= F || | c ¢ |
(01,-180))-

A complication that arises when we alow recursive finiteness patterns is that the
resulting set of finiteness patterns becomes infinite. In particular, it is possible that during
the iterative process outlined above, a program fragment may assume an infinite sequence
of finiteness patterns (suchasF,cF,ccF ccckF, ...,or F, (F F), (F, (F, F)), ...). A solu-
tion to the problem would be to allow the finiteness analysis to declare at some point that
it isin an infinite loop, and to allow it to widen select finiteness patterns to | so as to
ensure termination of the loop. Given the complexity of widening, SCF adopts a prag-
matic solution to the problem.

The key isthat for optimization programs, it is most important to have tuple finiteness

patterns, i.e., those of the form (¢y,...,4,), and much less important to have construct of

patterns, i.e., those of the form c ¢. The reason isthat every “multi-argument” function call
results in the formation of argument tuples, part of which are finite and part of which are
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not. Note, for instance, that the analyzeCmd function of the dead-assignment eliminator
(figure 3.7) takes as argument a tuple, the first argument of which is a fragment of the
incoming AST, and the others a set and a map. The first component of the tuple is finite
(since the AST only has afinite number of fragments), whereas the rest are not.

Even if we restrict ourselves to tuple patterns, syntactically it is possible for tuple
finiteness patterns to form infinite chains such as F, (F, F), (F, (F, F)), .... For agiven ML
program, however, the chain can contain only afinite (and generally small) number of ele-
ments. In particular, the nesting depth of tuples in the finiteness pattern for the argument
of afunction cannot be any deeper than the nesting depth of product types in the ML type
of that argument. For instance, if afunction has argument type (int * (boolean *
char) ), it isimpossible for the function to have a finiteness pattern with tuples more
than two deep. The finiteness of the lattice simplifies the design of the analysis agorithm:
we do not have to make provisions for detecting and handling (via widening) infinite

loops in the analysis.

THE FINITENESSANALYSISIN SCF

The actual finiteness analysis used in SCF, specified in figure 6.11, uses the finiteness pat-
terns ¢ € FinitenessPattern ::= F | | | (¢y,...,4,,). We conservatively represent al finite-

ness patterns of the form c ¢ by I.

The agorithm maintains a cache C (line 4) which represents the currently known map
from function names to their finiteness patterns. For convenience of notation, C is actually
a reference to the cache, and is manipulated via side-effect by the agorithm. When the
algorithm terminates, it returns (line 8) the cache referred to by C. The returned cacheis (a
dightly richer form of) the finiteness map mentioned above. For brevity, we write C[f] for
looking up function name f in cache C, and C[f — V] for the result of side-effecting key f
to valuevin cache C.

The agorithm begins by assuming (line 7) optimistically that the entry function has
FP F. Given the finiteness pattern for the arguments of a function, the algorithm proceeds
(lines 18-29) by computing the FP for each sub-expression of the body of the function.
Intuitively, for each expression, the FP computed for the expression denotes the finite

parts of that expression. While doing so, it maintains an environment that maps bound
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1 structure FinitenessAnalysis =

2 ¢ € FinitenessPattern= FP = F || | (¢y, ..., &)

3 E e AbstEnv = (Id, FP) map

4 C e Cache = FinitenessMapref = ((funName, (FP * FP)) map) ref
5 val C:= ref Cache.empty

6 fun analyze (p: program): FinitenessMap =

7 let _ = FAs (entry function of p, F)

8 in!Cend

9

10 and FA; (f: funName, ¢: FP): FP =

11 let (Parg, ¢rer) = case C[f] of SOME pr => pr | NONE => (F, F)

12 Prew = meet(@arg 9)

13 |[fx=2¢ = thedefinition of function f

14 inif gpay <> gthen let ¢’ = FAg(E, [X-> Pnen]) In (CIf-> (Sraw. ¢'ra)] & ¢'rer) END
15 else @rgt

16 end

17

18 and FA. (JK|: expr, E: AbstEnv): FP = F

19| FA:(IX, E) = E[X]

20| FAg(lc €], E) = let p= FAo(e E) in | end

21 | FAc(l(ey,....en)|, E) =let[@;...4q] = List.map (fne=> FALe E)) [ey,....e] in|(¢1,....4y)] end
22 | FAq (Jcase e of my,my,...,my|, E)=

23 let ¢ = FA:(e E)
24 [¢1...¢,] = List.map (fn |pt => €| =>
25 let E' = match(E, pt, ¢) in FAL(€' , E’) end)
26 [my,...mp]
27 in List.foldl meet F ¢,...¢, end
28| FAs(|f e, E) = let grg= FAg (e E) in FA (f, gar) end
29| FA:(lp€, E) = let ¢g= FAc(e E) inl end
30
31and meet (I: FP, : FP): FP =1
32| meet (L, 1) =1
33 | meet (F, ¢) =9
=9

34 | meet (¢, F)

35| meet (|(4,....80)], (& 1, .0 W)]) = ListPair.map meet ([ @y,....0,]  [F 1.6 ])
36

37

38 and match (E: AbstEnv, pt: Pattern, I: FP): AbstEnv = E[pt ->1]

39| match (E, pt, F) = E[pt ->F]

40 | match (E, [x], @) = E[x->4]

41 | match (E, |_], @) =E

42 | match (E, |(pty,....ptY|, [(#1..-d0)|) = ListPair.foldl (fn((pt,®),E)=> match(E, pt, ¢))
43 E ([pty,-.Pta] [@1, s &rl)

44

45 and projectFiniteArgs (f: funName, C: FinitenessMap, v:value): value list=

46 let (¢arg ,2) = CI[f]

47 in extract (as per figure 6.9(b)) the parts of v determined to be finite by finiteness pattern Parg end
48
49 end (* structure FinitenessAnalysis *)

FIGURE 6.11: Finiteness Analysis.
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variables to the FP's for those values (just as a conventional interpreter would maintain an
environment mapping variables to the values they are bound to). We write [x — 4] to
denote an environment with singleton binding from x to ¢, E[X] for the field x of environ-
ment E and E[x — 4] to denote environment E augmented with x bound to ¢. The rules for
processing expressions are straightforward for the most part, and we discuss them in order
below.

o|f the expression is a constant (line 18), it iswholly finite (the partial evaluator will eval-

uate the expression to asingle value).
o|f the expression isavariable (line 19), its FP is that ascribed to it in the environment.

o|f the expression is a value constructor of the form c e (line 20), then the expression is
conservatively ascribed FP |. As discussed previously, the finiteness analysis of SCF
does not track finite parts of constructed values. We till analyze the body e of the

expression, since e may invoke a function and thereby contribute to its FP.

o|f the expression isatuple (line 21), the FP for the expression is simply atuple-FP whose

components are the FP's for the individual components of the incoming tuple.

o|f the expression isa case expression (lines 22-27) of the form case e of matches, we pro-
ceed as follows. We first compute the FP ¢ for expression e. Now, each match in
matches has the form pattern => expression (where pattern may contain a finite set
of binding variables).
For each match, we first compute finiteness patterns for the variables bound in the
pattern via the match function (called on line 25, implemented on lines 38-43); the
extra variable-to-FP bindings are added to the environment in which the expression
part of the match is processed.
The match function has five cases. If the pattern ¢ above is |, i.e., the controlling
expression of the case expression is infinite, so are the values bound by its patterns
(line 38). We write E[pt — ] to indicate that al variables in pattern pt are bound to

FP I in environment E. If ¢ above is F, i.e., the controlling expression of the case
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expression isfinite, then so isevery variable projected out of it (line 39). Note that we
are allowed to do this because projection operators preserve closure. If the incoming
pattern is a variable x, then in the resulting environment, x is bound to the same FP ¢
as the controlling expression e being matched (line 40). If the pattern is a wildcard,
the resulting environment is the same as the incoming one (line 41). Finally, if the pat-

tern is atuple pattern of the form (pattern;,...,pattern,,), the incoming FP ¢ must be of
the form (¢,...,4,)), and resulting environment is smply the union of the environ-
ments that result from matching ¢, to pattern; (lines 42-43). No other caseislegal for

the match. For instance, patterns of the form ¢ p must match FP's of the form F or 1,
since we do not have FP's of the form c ¢; we therefore do not have to special-case
these patterns.

Given the augmented environments for each match, we compute (line 25) the FP's for

the expressions constituting the bodies of each match asusua. Now, if ¢,...,4,, are the

FP s for the matches, then the FP for the case expression is the meet of these FP's.

The meet function is defined on lines 31 through 35. It determines the composite FP
of a variable that may have two different FP's when computed along two different
paths. The meet of any pattern with | is| (lines 31-32). Intuitively, if avariable can be
computed along two different paths, along one of which it may assume during partial
evaluation an infinite number of values and along the other afinite number, the vari-
ableitself may have an infinite number of values. The meet of any pattern ¢ with F is
¢ (lines 33-34). Intuitively, if a variable can be computed along two different paths,
along one of which it is restricted to assume a finite number of abstract values during
partial evaluation, then the finiteness of the variable is the same as that of implied by
the other path. In dataflow analysisterms, | and F are the bottom (most conservative)
and top (most precise) of the lattice of finiteness patterns. Finally, if the two abstract
values both have tuple FP's, the FP of the resulting abstract value is smply the tuple

whose individual components are the pointwise meet of the incoming FP's (line 35).
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o|f the expression is a function call of the form f e (line 28), we first find the FP ¢ for e,
and immediately reprocess the function f with new argument FP ¢ to determine the
new FP for its arguments and return values.

Analyzing a function is fairly standard (lines 10-16). Essentialy, we check if the
incoming FP has been handled before; if so, we return the return value previousy
computed. If not, we analyze the body of the function using an argument FP that isthe
meet of the previously recorded finiteness pattern for the function, and the new one,
and return the resulting FP. The meet on the argument FP ensures that the argument is

only designated asfinite only if it isfinite along all paths leading to the function call.

o|f the expression is a primitive operation, we assume that the result isinfinite. The ratio-
nale for this is very similar to that for constructors. unbounded application of many
primitive operations, such as addition, subtraction, divison and multiplication, can
result in an unbounded number of result values given asingle input value. Since prim-
itive operations work on atomic primitives and on maps, and not on the crucial AST

nodes we wish to specialize on, we conservatively label infinite any values of these

types.

6.2.1.2 How Much to Specialize: Contour Chainsfrom Lists of Finite Values

Once we identify the finite arguments of functions, we need to decide how to use the finite
arguments to form contour keys. So far, we have simply used the abstract value of the
finite argument as contour key for each function. In SCF, this strategy is not quite enough
to give usthe desired level of speciadization. In what follows, we explain how this simple
strategy is inadequate, and then describe a more complex strategy that addresses these
inadequacies.

PROBLEM 1: SPECIALIZING NON-FINITE FUNCTIONS

The first problem with using finite arguments as contour keys is that some functions may
not have any finite arguments. We will call such functions non-finite functions below. The
meet function of the dead code elimination optimization (figure 3.7, line 62) is an exam-
ple of a non-finite function. Consider applying dead-code elimination (from figure 3.7) to
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int foo(int x){
while (read()) {x=7;},
x = 10;
while (read()) {x--;},
return x;}

U w N R

FIGURE 6.12; Example Function to Be Optimized.

the function foo of figure 6.12. As per the specialization keys derived from the finiteness
analysis, the analyzeWhile function for analyzing while loops will be replicated, with
one copy for each of the loops on lines 2 and 4 (since the finiteness analysis has the effect
of declaring any function argument that is a sub-tree of the incoming AST as finite). We
have labelled the two while loops with numbers 1 and 2, and write the corresponding rep-
licas of the analyzeWhile function as aw,; and aw, respectively. However, the meet
function will not be replicated (since its arguments are maps, and therefore not sub-trees
of theinput AST), so that both replicas of analyzeWhile will invoke the same instance
of the meet function, as shown in figure 6.13.

In the case of while loop 2, the partial evaluator will be invoked on the meet function
with an abstract live-variables set containing variable x. This is because the return com-
mand immediately after the second while loop uses x, and therefore keeps x live. On the
other hand, in the case of while loop 1, the partial evaluator will be invoked with an
abstract set that does not contain x, since the assignment command immediately after the

first while loop defines x. These two possible abstract arguments are shown in figure 6.13

as annotations on the corresponding edges’.
Unfortunately, the partial evaluator will first meet the information from the two

sources before analyzing the body of the meet function. The result is a “smearing” of

aWy (...) ,0) ([("x", true)] |1, 0)
meet (1Set, 1lSet’)

aW, (...) ([(“x", true)], 0)

FIGURE 6.13: A Problem With Not Specializing Non-Finite Functions.

1.The figure represents the abstract live-variables sets as abstract maps. The set {“ X" } is represented as the map [(“ X",
true)]. The empty set is represented as the empty map. This translation is necessary because SCF has no direct
mechanism for representing abstract sets.
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aw; (...)

(1. 0)

meet; (1Set, 1lSet’)
aW, (...)

([(“x", true)], 0)
meet, (1Set, 1Set’)
FIGURE 6.14: Specializing Non-Finite Functions Using the Context Key of Their Callers.

information from the two callsites: the partial evaluator will conclude that the incoming
live-variables set may or may not contain the variable x, and therefore that x may or may
not be live in either loop body. The corresponding removal of dead assignments will then
result in optional removal of assignments to x in both loop bodies, when a more accurate
analysis should have resulted in unconditional removal of the assignment in loop 1 but not
the oneinloop 2.

Now that we have established that there is a clear cost to not specializing non-finite
functions, and that these costs are applicable in fairly common situations, we need to
address the question of how to specialize these functions. What contour keys should we
use for specialization? In SCF, we view non-finite functions as helper functions to the
finite functions that call them. Correspondingly, we attempt to analyze a distinct copy of a
non-finite function for each finite caller of the function. We achieve this effect by using
the contour key of the finite calling function to specialize non-finite callee functions. The
partial evaluator, while evaluating the body of any function, keeps track of the contour key
for that function explicitly. The contour key is the argument of type Contour-
Key.contour_key as specified on line 9 of figure 4.5 (which specifies the type signature for
the partial evaluator for expressions). At every callsite, the partial evaluator uses the con-
tour key of the caller function as one of the ingredients of the contour key for the callee
(line 41 of figure 4.5). Figure 6.14 illustrates the results of the new scheme: notice that the
smearing across callsites has disappeared because each callsite has its own version of the

cdlee.



140

1 int foo(int x){

2 int x = x + 1|2;
3 while (read()) {

4 print (x) ; };

5 return; }

FIGURE 6.15: Modified Example Function to Be Optimized.

PROBLEM 2: SPECIALIZING FINITE RECURSIVE FUNCTIONS

Speciaizing non-finite functions by using the keys of their callers improves the accuracy
of partial evaluation, but still loses precision in an important case. Consider the case where
anode in the incoming function needs to be analyzed iteratively to fixpoint. In SCF-ML,
such analysis would typically be achieved by arecursive analysis function. An exampleis
the analyzeWhile function in the dead-assignment elimination example of figure 3.7,
which iteratively analyzes while nodes. Sincethe analyzeWhile function hasafinite

argument (the command being analyzed),! by our specialization strategy so far, we would
produce a distinct contour key for each while command being analyzed. We would thus
avoid merging the analysis-values corresponding to different while commands in the
program. However, since the analyzeWhile function may recursively be called many
times on the same while command, we may still merge analysis values from the evalua-
tion of these distinct calls. The resulting loss of accuracy adds significant overhead to the
residual version of the analysis.

Figure 6.15 illustrates this problem. Consider analyzing the function foo of figure
6.15. In particular, consider the while loop (labelled “1") of lines 3 and 4. As per the dead-
assignment elimination optimization of figure 3.7, the loop will be analyzed by invoking
the analyzeWhile function. The analyzewWhile function calls itself recursively if
fixpoint has not yet been reached (figure 3.7, line 64), and also calls the meet helper
function.

Figure 6.16(a) shows the specialized callgraph that would result from the specializa-
tion strategy we have discussed so far. We would analyze separately a version of the ana -

1.As actualy implemented in figure 3.7, the origina while loop is not the argument the analyzeWhile function.
Instead, we pass two arguments corresponding to the loop: the exit condition of the loop (named test), and the body
of the loop (named body). The corresponding contour key will bethe result of projecting these two arguments out using
finiteness pattern (I, 1, I, F, F).
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lyzeWhile and meet functions using the contour key corresponding to the while loop.
We write the corresponding distinct versions of the analyzeWhile and meet functions
as aW, and meet, respectively (the subscript “1” here corresponds to the fact that the
finite argument to analyzeWhile, i.e, the while command, has label 1). The recursive
cal toanalyzeWhile intheorigina analyzeWhile functionistrandated to acall to

the aw, function: since the recursive call to the analyzeWhile function has as finite

argument the same while loop as the initial call, its target would also be the function
analyzeWhile,, resulting in the back-edge of figure 6.16(a).

The edges of the callgraph of 6.16(a) are labelled by the order in which the partial
evaluator processes them. The partial evaluator is initially invoked on analyzeWhile
from a calsite outside the analyzeWhile function (thiscall islabelled 1), and the next
two calls to the partia evaluator (labelled 2 and 3) are triggered by the recursive call to
analyzeWhile from within its own body.

Figure 6.16(b) tracks the value of the argument 1ive fix of aw; over successive

invocations to the partial evaluator. Recall that argument 1ive fix represents the set of
live variables immediately after the loop-exit test. The first time the loop is analyzed, the
argument 1ive fix evaluates to the empty set {} (since no variables are live down-
stream of the loop of figure 6.15). This value is labelled calll args in the figure. The
analyzeWhile function then analyzes the controlling expression and body of the loop,
concludes that a new live set {x} is now applicable, and recursively invokes analyze-
While with this argument. Unfortunately, since we are analyzing the same contour aw,
of analyzeWhile in both the initial and recursive cals, the partial evaluator does a

meet of the arguments before doing the recursive analysis. Thisisthe meet done on line 31

calll args: (live fix={}, ...)

1
call2 args: (live fix={x} | {},...)
@1 (live fix, ...)
2.3 \ call3 args: (live fix={x} | {}, ..)
meet; (...)
(@ (b)

FIGURE 6.16: A Problem With Maintaining One Contour Key Per Finite Argument.
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of figure 3.7. The new abstract argument value of aw, is therefore {}|{x} (the result of

meeting {} with {x}). This value is labelled call2 args. In processing this new function
call, the partial evaluator again encounters a recursive invocation of aw,. However, this

time around the 1ive fix argument has the same abstract value asin the previousitera-
tion (call3 args), and the partial evaluator terminates its analysis of the while loop with an
abstract live-variables set of {}|{x}.

The result abstract value for the loop of {}|{x} impliesthat it is possible that the live-
variables set may have value {} at the entry to the loop. The partia evaluator thus has to
reckon with the possibility that at the head of the loop, no variables at al are live. The
downstream transformation code that uses the value of this live-variables set has to take
this possibility into account (by generating residual code to conditionally eliminate the
assignment statement x = x + 1| 2 precedingthewhileloop). Itiseasy to seethat in
practice the live-variables set is guaranteed to have variable x in it, and that the transfor-
mation step should therefore unconditionaly leave the assignment untouched. The
approximation introduced by the meets performed at the recursive callsto the analyze-
Wwhile function therefore result in less efficient residual code being produced.

One way to solve the problem of excessive merging is to generate a separate contour
key for the invocations of the analyzeWhile function that we want to keep separate, so
that we never meet the results from two such invocations to the function. As mentioned
above, the merging we want to avoid is that which results from using the same contour key
for various recursive invocations of a function. For example, we would like the partial
evaluator to use one contour key when the analyzeWhile function isinitially invoked
on the while loop (and, in general when any finite recursive function isinvoked), a differ-
ent contour key for the recursive cal to the analyzeWhile function on the same loop,
yet another key if the analyzeWhile function isinvoked recursively from within this
second recursive call, and so on.

In SCF, we generate a separate contour key per invocation as follows. If the partia

evaluator isinvoked on acall-chain fq,...,f, of functions with finite arguments v,...,v,, (we
will call the pair k; = (f;,v;) a specialization key for function f; in what follows), then we

use thelist [k;,....k{] of specialization keys as the contour key for invocation f;.
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A side benefit of generating the contour keysin this manner isthat the technigque auto-
matically ascribes to non-finite functions (essentially) the contour key of their calers. If
we invoke a non-finite function f from a function with contour key ck, then the key for f

will be (f,1)::ck.1 Each finite function is therefore guaranteed to get a distinct copy of its
helper functions, as required in the previous section.

There is, however, a problem with the new scheme for generating contour keys. Even
though the number of specialization keysis bounded (as guaranteed by the finiteness anal-
ysis), the number of contour keysis no longer bounded. A function may be invoked recur-
sively with a bounded number of finite abstract arguments, but an unbounded number of
non-finite abstract arguments, and each of these invocations will result in a new contour
key.

The solution adopted in SCF is to bound the number of times a particular specializa-
tion key may appear in a contour key (or in effect, the number of times a recursive func-
tion may be “unrolled”), with a small integer, k. The fact that the augmented contour keys
are amed at specializing recursive functions that analyze loops in the incoming program
(e.g. the analyzewhile function analyzes while loops in incoming program) provides
us with a useful congtraint in this direction. In particular, it has been observed [2] that
although in the worst case many dataflow analyses may iterate O(n?) times when process-
ing functions of size n, in practice they tend to iterate a small, constant number or times:
often, 2 or 3 times. In SCF, therefore, we use k = 2 as the depth to which recursion is spe-
ciaized.

Figure 6.17 shows the contours produced by this approach when analyzing function
foo. Where we originaly had the single contour aw,; any time analyzeWhile was
invoked on the while loop, we now maintain separate contoursaw ;. j,aWpy 1 .. .1,
etc. for each distinct recursive invocation of the analyzewWhile function on the incom-
ing while loop.? Figure 6.17(a) shows the resulting specialized callgraph. Figure 6.17(b)
shows the abstract values for the arguments on this callgraph. The important caseis that of

1.Recall that (figure 6.9(b)) the finite argument ascribed to a non-finite function is 1.
2.The ellipses represent the chain of specidization keys corresponding to the chain of function calls that led to the call to
analyzeWhile being specialized.
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lz meet ;N 1 (...) calllargs: (live fix={}, ..

call2 args. (live_fix={x}, ...)

7 e e .

7 e e .

(@ (b)
FIGURE 6.17: Using Chains of Finite Argumentsas Contour Keys.

call arg2. Since call 2 resultsin a different contour than call 1, we do not need to meet the
abstract argument values for the two calls. The result is that in this case, the 1ive fix
argument of call arg2 has the abstract value {x} (composed to the previous less precise
value of {}|{x}). The more precise abstract value obviates the need for another recursive
cal to analyzeWhile, and returns {x} as the set of live-variables for the entire while
loop.

The addition of key lists makes the worst-case running time (and size) of the analysis
exponential in the size of the result of performing purely finite-argument-based specializa-
tion on an optimization program (or equivalently, in the size of the incoming abstract func-

tion). A program that consists of n nested while loops can result in k" specialized versions
of the analyzewhile function. However, in the common case, after specialization on
finite arguments, the resulting optimization program tends to have a tree-shaped callgraph
with relatively few merges (equivalently, the nesting depth of programsto be optimized is
typically independent of the size n of the program, and bounded by a small, fixed number
e.g. 2 or 3). With atree-shaped callgraph, call-chain-based specialization costs drop from

exponential to linear.

THE CONTOUR KEY MODULE IN SCF
In the previous two subsections, we have described two problems (non-finite functions,
and recursive finite functions) in the design of contour keys, and outlined the solutions to

these problems. In this subsection (see figure 6.18) we provide the precise specification of
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1 structure ContourKey =

2 struct

3 structure FA = FinitenessAnalysis

4 typespecialization_key = SCF_ML.funName* value
5 typecontour_key = gpecialization_key list

6

7 val k=ref2

8

val emptyCtrKey =[]

9

10 fun mkContourKey (f: SCF_ML.funName, fm: FA.FinitenessMap, v: value, ck:contour_key):
11 contour_key =

12 letvipie = FA.projectFiniteArgs (fm,f, v)

13 sk = (f, Viinite)

14 Kk = List.length (List.find (fn(sk’) => sk = sk’) ck)

15 in

16 if K < lkthen sk:: ck

17 €l se findCK Suffix (sk, ck)

18 end

19

20 and findCKSuffix (_: specialization_key, []: contour_key): contour_key =[]
21 | findCKSuffix (sk, ck as (sk’::ck’)) =

22 if sk= sk then ck

23 elsefindCKSuffix(sk, ck’)

24

25 and getSpecializedFName (ck: contour_key): funName =
26 ... return aunique function name for each ck...

27

28 fun func = getSpecializedFName /IAn abbreviation used in figure 4.4
29 end (* structure ContourKey *)

FIGURE 6.18: M odule Implementing Contour Keys.

the contour key module in SCF. Although the criteria to be satisfied by contour keys are
somewhat tricky, the solution that results is straightforward to implement.

As described in the preceding section, a specialization key (line 4) represents a func-
tion and the finite abstract value it was invoked with. A contour key (line5) isalist of spe-
cialization keys. The number of times a particular specialization key may appear in a
contour key isk (line 7). As a degenerate case, k = 0 results in disabling function special-
ization.

The main function in the module is mkContourKey, which creates new contour keys,
given the name f of the function to be specialized, the finiteness map fm for the program,
the abstract value v representing the argument of the function to be specialized, and the
contour key ck of the caller function. To generate the new contour key, we first use fmto
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project out the finite value v ite COrresponding to argument v (line 12), and create a new
specialization key sk by pairing the current function name with v ite (linel3). Next (line

14), we determine the number of times, k', that the new specialization key has aready
appeared in the contour key. If K’ is below the threshold k then we prepend sk to the old
contour key to produce the new contour key list (line 16). Otherwise, we return as contour
key the longest suffix of ck starting in sk (line 17). Function findCKSuffix (lines 20-23)
computes this suffix. Returning the suffix in this manner ensures that although the first k
recursive invocations of a function result in distinct specialized versions of the function,
all deeper recursive invocations result in a cal to the k'th specialized version.

A final detail is that client modules (e.g. the partial evaluator module of figure 4.5,
line 46) require a function getSpecializedFName (detailed on lines 24-25) to generate a
unique function name, given the contour key for afunction. This can be done in a number

of ways, including hashing.

6.2.2 Expression Specialization

It is sometimes beneficial, while partially evaluating an expression, to first replicate the
expression and partially evaluate each replica separately for a distinct context, i.e., for a
distinct abstract environment. In this section, we first present an example showing how
expression specialization can benefit partial evaluation of optimizations, and then discuss
how SCF provides the specialization required.

6.2.2.1 Example: Expression Specialization and Dead-Assignment Elimination

Consider computing the set of live variables for the abstract expression x+1 /2+x by

invoking! the analyzeExpr function from the dead-assignment eliminator of figure
3.7. Figure 6.19(a) shows an abbreviated trace of the function invocations that result from
this invocation, and their input and output values. The first column of the figure is the
invocation number, indicating the sequence in which the invocations are processed by the

1.When we refer to function “invocations’ here, we are of course referring to instances when the function is executed
abstractly by the partial evaluator, not to function calls in a concrete execution.
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no. function input expr (s) input live set output live set
1 analyzeExpr +[x,1] | +[2,x] must[], may[] must[], may[ (x, true)]
2 analyzeExprs [x,1] | [2,x] must[], may[] must[], may[ (x, true)]
3 analyzeExpr 2|x must[], may[] must[], may[ (x, true)]
4 analyzeExprs [1] | [x] must[], may[(x, true)] must[], may[ (x, true)]
5 analyzeExXpr 1/x must[], may[ (x, true)] must[], may[ (x, true)]
6 analyzeExprs exprs_none must[], may[ (x, true)] must[], may[ (x, true)]
(a)

1 fun analyzeExprs(es:exprs, lSet:live set) :live set=
2 case es of

3 exprs (e, es) => analyzeExprs (es, analyzeExpr(e))
4 | exprs_none => lSet
(b)
1 fun analyzeEXprs(y i1; | [2,x)(es:exprs, lSet:live_set):live_sets=
2 case es of
3 exprs (e as const _,es)=> analyzeExprs, ,;(es,analyzeExpr (e))
4 | exprs(e,es) => analyzeEXprs . ;j(es,analyzeExpr(e))
5
(©

FIGURE 6.19: Expression Specialization Applied to Dead-Assignment Elimination.

(@) Partia execution trace of dead-assignment elimination (b) The analyzeExprs function before expression
specialization (c) The analyzeExprs function after expression specialization on the abstract
expression. [x, 1] | [2,x].

partial evaluator. The second column is the name of the function invoked. The third col-
umn is the abstract value representing the expression or expression list input to the func-
tion. The last column is the abstract value representing the live variables set that results
from the invocation. As discussed previously (section 3.2.2.2), abstract sets are repre-
sented by their membership functions in SCF: avalue isa member of aset if and only if it
maps to true in the map representing the set.

We assume we gtart with an empty input live set. To find the live variables in the
abstract add operation x+1 [ 2+x (call 1), we find the live variables in the abstract expres-
son list [x,1] /] [2,x] that is the argument of the add operation (call 2). For conve-
nience, figure 6.19(b) reproduces the definition of the analyzeExprs function from

figure 3.7(b), which is responsible for analyzing expression lists.
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| PE¢ (Jcase e of ms|, E, ck) =
let (e',v) = PEg(e E, ck)
ms = discriminate(ms, v)
(ms', v') = PEs (s, v, E, ck)
in rematerialize (Jcase € of ms'|, v') end

U w NP

FIGURE 6.20: Invoking the expression specializer from the partial evaluator.

Consider partially evaluating this function on the expression list [x,1] [[2,x].
Recall that [x,1] and [2,x] ae compact notation for exprs(var("x”),
exprs (const (1) ,exprs_none)) and exprs (const (2) ,exprs (var
(“x”),exprs none) ) respectively. Matching these abstract values against the pat-
tern exprs (e, es) from line 3 of figure 6.19(b), we bind value x [ 2 to variable e and
[1] ] [x] to variable es. Unfortunately, these bindings lose correlation implicit in the
incoming value: in particular, they imply (over-conservatively) that e may have concrete
value 2 when es hasvaue [1], i.e, that the incoming expression list could be [2,1].
The latter possibility implies that x may not be live in the incoming expression list: note
that the returned abstract live set (line 2 column 5) is ([must[], may[(x, true)]), which
includes the concrete set {} as a conforming value.

Figure 6.19(c) shows how expression specialization can fix the problem. Essentially,
the specializer inserts discriminating patterns to prevent bindings that lose correlation. In
particular, the extra match of line 3 only matches the expression list [2, x] so the match
of line 4 will only match expression list [x, 1]. Analyzing these values individually will
result in abstract live-variables sets ([ must[ (x, true)], may[]) for each branch of the case
expression, resulting in the set ([must[ (x, true)], may[]]) for the whole case expression.
Note that the latter set has exactly one conforming concrete set, {x}, so that it excludes the
possibility that x may not be live downstream. Note also that expression specialization
eliminates matches that can have no possible concrete values matching against them: the

exprs_none case of figure (b) isnot in figure (c).

6.2.2.2 Expression Specialization Support in SCF
Expression speciaization in SCF is limited to avoiding loss of correlation from case
expressions. The interface between the partial evaluator and the specializer is via the dis-

criminate function which takesthe list of matches, i.e., pattern-expression pairs of the case
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expression, and the abstract value being matched against, and returns a new list of
matches. The new list will, in general, contain more matches with discriminating patterns,
and will therefore result in less loss of correlation. Figure 6.20 shows how the part of the
partial evaluator that handles SCF-ML case expressions is modified. The additional code
(relative to the version of figure 4.5) required to achieve expression specialization is
underlined in line 3 of figure 6.20. The new code replaces, in amodular way, the old list of
matches with a new, more discriminating list of matches.

Figure 6.21 specifies the discriminate function. The important activity is in the foldl
iterator of lines 2 through 6. Given (line 6) the incoming list of matches msln, and the list
vs of abstract values that need to be discriminated, the iterator steps through each match m
accumulating discriminating matches as follows. Let p be the pattern for the match m, let
ms be the discriminating matches accumulated so far, and let vs be the list of possible
abstract values to match against (line 2). Using the findPossibleMatches function, we first
identify the part vs of vs that have at least a partial match with pattern p and the part vs’
of vs that are might not match p (line 3). We then use the discriminateMatch function to
produce a list of discriminating matches ms’, such that matches in ms discriminate
between values in vs (line 4). Finaly, we append the new list ms' of discriminating
matches to the list ms of matches accumulated thus far (line 5). The possibly unmatched
abstract values vs'’ are reserved for successive iterations.

1 fundiscriminate(msin: SCF_ML.match list, alt(vsin, ): value): SCF_ML.match list=
2 let (ms, ) = foldl (fn(mas|p=> _]|, (Mms,vs))=>

3 let (vs,vs'’) = findPossibleMatches(p, vs)

4 ms' = discriminateMatch(m,vs')

5 in (ms@ms, vs'') end)

6 ([1.vsIn) msin

7 in msend

8 | discriminate (msin, vinas |fix_|) = discriminate(msin, (unroll vin))

9 | discriminate (msin, ) =msln

FIGURE 6.21: Thediscriminate Function for Specializing Case Expressions.

1 fun findPossibleMatches(p: SCF_ML.pattern, vs: value list): (value * value) list =
2 foldl (fn (v,(vsMatched, vsMismatched)) =>

3 case AbstractValue.match(p,v) of

4 OME(_, top) => (v::vsMatched, vsMismatched)

5 | SOME (,V') => (v::vsMatched, Vv ::vsMismatched)

6 | NONE => (vsMatched, v::vsMismatched)

7 ([1.01) vs

FIGURE 6.22: ThefindPossibleMatches Function.
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1 fun discriminateMatch (m: SCF_ML.match, vs. value list): SCF_ML.match list =

2 let numMatchOps= numMatchOpsinMatch m

3 maxMatchOps = numMatchOps + !maxExtraMatchOps

4 ms = genMatches(m, vs, numMatchOps, maxMatchOps, [])
5 in msend

FIGURE 6.23: ThediscriminateMatch Function for Generating Discriminating M atches.

IDENTIFYING VALUESTO DISCRIMINATE BETWEEN

Figure 6.22 specifies the findPossibleMatches function. Given pattern p and list vs of
abstract values that need to be discriminated, the function iterates through each value v in
vs, testing if v matches p (line 3), maintaining lists vsMatched (for those values processed
so far that at least partially match p), and vsMismatched (for those values that may at least
partially not match p). If the match is atotal match, i.e., there is no part of v that does not
match p (line 4), then we add v solely to vsMatched (recall that the match function returns
the “unmatched part” as the second component of its return tuple, so avalue of top for this
component implies the match was complete), if the match is partial, with v’ the
“unmatched part”, we add v to vsMatched, and v’ to vsMismatched (line 5), and if there is
definitely no match (line 6), we add v solely to vsMismatched.

GENERATING SEQUENCES OF DISCRIMINATING MATCHES

Figure 6.23 specifies the discriminateMatch function. Given amatch mand alist vs of val-
ues to discriminate among, the function returns a set of matches that discriminate between
the values as much as possible, such that the extra matching overhead is bounded (and typ-
icaly, small). The bound is determined by a global parameter: maxExtraMatchOps is the
maximum number of extra matching operations each discriminating match is allowed to
perform. For example, the pattern exprs (const _,es) of figure 6.19(c) performs
more matching operations than the pattern exprs (e, es) it replaced. Before perform-
ing its central task of generating the discriminating matches (via the helper function gen-
Matches), discriminateMatch first computes the number numMatchOps of operations
necessary to perform the incoming match m (line 2), adds on maxExtraMatchOps to deter-
mine the maximum number maxMatchOps of operations a generated discriminating match
is allowed to perform, and invokes genMatches to generate discriminating matches that

perform at most maxMatchOps operations.
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kind of data example representation
tuples (9,7, 1,4
tagged values c(2) —p[c] 2]
strings “FOObar?’ —»{Flo[o[b[a[r [2]\]
integers 7

FIGURE 6.24: Data Representation Assumed by SCF.

ESTIMATING THE COST OF DISCRIMINATORS

A guestion that needs to be resolved at this point is that of counting the number of opera-
tions a match operation performs. For instance, how many more operations does the pat-
tern expr (const (2) , es) of the previous paragraph perform at run time compared to
the pattern expr (e, es) that it replaces? In SCF, we interpret “number of operations’ to
mean the number of operations that will be executed on a modern RISC machine.

Given that the pattern matches are ultimately compiled into a series of access and
comparison operators on the data being matched againgt, it is necessary to know how the
data being matched is represented in memory. We assume the layout shown in figure 6.24.
The representation is a standard [6] “boxed” representation. All values except atomic val-
ues (integers, booleans and characters) are assumed to be represented by pointers to con-
tiguous words in memory. An n-tuple is represented by n contiguous words in memory
(we ignore word-size issues). A tagged value is represented by an adjacent pair of words,
with the first word containing the tag and the second the value. Strings are represented as a
null-terminated sequence of words, each word containing a character. Atomic types are
represented by a single word.

The above assumptions on data layout lead to the algorithm of figure 6.25 for estimat-
ing the cost of executing a pattern match. The estimate is a conservative (worst-case) esti-
mate, and assumes that the entire pattern istraversed in search of a match before the match
fails. The algorithm steps through the input pattern recursively adding up the cost to load
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1 fun numMatchOpsinMatch (mas|p => _|) = numMatchOpslnPattern p
2

3 and numMatchOpsinPattern|c | = 2

4 | numMatchOpslnPattern |c p| = 3+ numMatchOps p

5 | numMatchOpslnPattern |(ps)| =

6 let numNonWildCards = List.foldl (fn (]_|,i) =>i| (,i) => i+1) O ps
7 in List.foldl (fn (p,i) => numMatchOpslnPattern p + i) numNonWildCards ps end
8 | numMatchOpslnPattern |[x asp| = numMatchOpslnPattern p

9 | numMatchOpslnPattern |” s’ | = (String.length s)*5

10 | numMatchOpslnPattern |c| =2

11 | numMatchOpslnPattern |_| =0

FIGURE 6.25: Counting the Number of Operationsto Implement a Pattern Match.

and compare against the corresponding parts of the value being matched against. When
the pattern is a tagged-value comparison, if the pattern representing the value is a wild-
card, the cost isjust that for loading the tag and comparing it, i.e., 2 operations (line 3). If
the value-pattern is not awildcard, then there is an additional offset load for accessing the
carried value itself, and the recursive cost of matching it (line 4). Similarly, when match-
ing against atuple, wildcards in the tuple incur no cost, whereas all other placesincur al-
operation cost for loading the corresponding value; the recursive cost of matching against
these values is then added (lines 5-7). Variable bindings incur no cost (line 8). Matching
against astring requires iteration over the characters of the string; each iteration requires a
counter update, two loads and two compares (five operations in al), so that the total
worst-case cost is five times the length of the string (line 9). Atomic constants require a
load and compare (line 10). Wildcards require no action (line 11).

COMPUTING INDIVIDUAL MINIMAL DISCRIMINATING MATCHES

Figure 6.26 sketches how the genMatches function works. Recall that the role of the func-
tion is, given amatch m (of the form p=>e¢), alist of values vs that have at |east a partial
match with m, a current number of match operations allowed n, a maximum number of
match operations allowed max, and alist of discriminating matches generated so far msSo-
Far, to augment msSoFar with versions of the match mthat discriminate between as many
of the valuesin vs as possible. All match operations in m must have a cost between n and
max.

The function takes a brute-force generate-and-test approach. It iterates through values
of n between the cost of pattern p and max. For each n, for each value vin vs, it generates
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1 fun genMatches(m as|p=>_|:match , vs:value list, n:int, max:int, msSoFar:match list): (match list) =
2 if n> max then msSoFar @ [m]

3 ese

4 letps = gener atePrefixPatterns(n, v, p)

5 (ps', vs) = testPrefixPatterns(ps,vs)

6 ms = makeMatchesFromPrefixPatterns(m, ps')
7 msSoFar’ = msSoFar @ ms

8 inifvs =[] then msSoFar’

9 else genMatches(m, vs', n+1, max, msSoFar’)

10 end

11

12 and generatePrefixPatterns(n: int, vs: value list, p: pattern): pattern list=

13 // for each value vin vs, generate the list ps of all size-n patterns at least as specific as p that prefix it.
14 /Ireturn the list derived from concatenating all such lists.

15

16 and testPrefixPatterns(ps, vs): (pattern list * valuelist) =

17 /linitialize the returned-patterns-list ps' to [], and the returned-value list vs' to vs
18 /lfor each pattern p in ps, check if p matches some unique value vin vs

19/l ifso, add pto ps, and remove v fromvs

20 /lreturn (ps, vs')

21

22 and makeMatchesFromPr efixPatter ns(|p=> €|: match, ps:pattern list): match list =
23 //[For each pattern p’ in ps, create a match |p’ => €

24 /Ireturn the resulting list of matches

FIGURE 6.26: Computing Minimal Discriminating M atches Via Generate and Test.

all patterns of size n that result from merging p with some “prefix” of v (line 4 of figure
6.26), filters out those patterns that match with exactly one of the valuesin vs (line 5), con-
verts these patterns into matches (line 6), and accumulates them (line 7) into the running
result. Any values in vsthat do find a unigue match in line 5 are excluded from the next
iteration. If this exclusion results in an empty vs set, the iteration terminates early and
returns the accumulated matches (line 8), otherwise the iteration proceeds with the next
higher value of n (line 9). If the maximum number of comparisons alowed is exceeded,
the algorithm conservatively adds on the original match asa“catch-all” for any values that
have not been matched by the matches generated in the previous iterations (line 2).

Figure 6.27 illustrates how the genMatches function works on the example of figure

6.19. Figure 6.27(a) specifies the pattern p, and the two abstract values v; and v, such that
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exprs exprs exprs
var exprs S es COIlSt exprs
1 113 X”
Vi p Vo
(a) Argument Values
exprs ?rs
"y P1 P2 7
(b) Patterns Generated for n=5
P1 exprs exprs P2 P3 exprs exprs Pg
‘/\4 e as const es x” es as exprs
e as var €S8 e es as exprs ¢ € f

(c)_Patterns Generated for n =7

1 fun analyzeExprs (es:exprs, lSet:live set):live set=

2 case es of

3 exprs (e as var _,es)=> analyzeExprs (es,analyzeExpr (e))

4 | exprs(e as const _,es)=> analyzeExprs (es,analyzeExpr (e))

(d) TheanalyzeExprs Function After Expression Specialization

FIGURE 6.27: Example: Computing Minimal Discriminating Matches.
vs = [v1,v2]. The values and pattern areillustrated using their parse trees. The cost of pat-
tern pis5 operationsin this case.

Figure 6.27(b) shows the first patterns generated by the generatePrefixPatter ns func-
tion: patterns p; and p, are generated corresponding to values v, and v, respectively. Each
pattern consists of a prefix of the abstract value (in this case, just the root node exprs),
merged with the incoming pattern p. Since p; and p, both match v; and vy, the testPrefix-
Patterns function of figure 6.26, line 5 returns an empty set ps' of unique matching pat-
terns. No new matches will be added to msSoFar, and the genMatches function proceeds
iteratively withn = 6.

The next interesting case is for n = 7. As shown in patterns p, through p, of figure

6.27(c) using the additional 2 pattern-matching operations now available, SCF can now
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perform an additional tag equality test on the incoming trees. Because the left child of v

has tag var, the generatePrefixPatterns function adds a tag test to determine if the left
child of the incoming value hastag var. Theresulting patternis p;. Similarly, patterns p,,
p3 and p4 are based on v, and test for tags exprs, const and exprs respectively. The
testPrefixPatterns function will now determine that patterns p; and p; match valuesv, and
Vv, uniquely. It will therefore return thelist ps' = [py, p3] and vs' = [] (since no values are
left to be matched). The makeMatchesFromPrefixPatterns will, given these patterns, pro-
duce the two matches of lines 3 and 4 of figure 6.27(d). At this point, since vs' is empty,
genMatches and discriminateMatch will return.

The discriminate function will now call discriminateMatch with the remaining match
M= exprs none => lSet of figure6.19(b) and an empty list vs of valuesto discrim-
inate. Functions genMatches, discriminateMatch and discriminate will return at this point,
the latter with thelist of matches [ | (e as var ,es) => ...|, | (e as const
, es) => ...|] asreturnvaue. Figure 6.27(d) shows the resulting function that the

partial evaluator sees.

6.2.2.3 Discussion: Sacrificing Specialization Opportunitiesfor Simplicity
The expression specialization strategy described in the previous section is designed to be
simple while specializing optimization programs well. An appealing feature of SCF's spe-
cialization dtrategy is that it does not require analysis of the expression guarded by the
matches being specialized (or worse, functions invoked by this expression). Below, we list
some of the design issues that SCF sidesteps in the quest for smplicity:
1.Maintaining correlations across repeated variable use. On any single execution of
an expression, when a given variable (or location, in general) is used multiple timesin
the expression, the concrete value of the variable at all these uses will be the same. In
principle, we could perform an analysis to check if the current expression being
analyzed performs this kind of re-use, and if so specialize the expression to the
different concrete values the variable may assume. To minimize the size of the

expression produced, we could replicate only the smallest sub-expression that
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contained all uses. In SCF, however, we consider this case too uncommon to merit the
extra complexity in analyss.

2.More rigorous cost-benefit analysis. Even when we restrict ourselves to specializing
correlation-losing case expressions, the decision to specialize needs to be based on a
cost-benefit analysis. Costs include both the overhead of the discriminating matches
introduced and the overhead induced by the increased size of the program (due to
replication). The main benefit is the increased efficiency of residual code. Ideally, we
would specialize whenever the benefit exceeded the cost.
In SCF, we make no effort to estimate total costs or benefit. In particular, although we
estimate the increased cost of each pattern match, we make no effort to estimate the
total extra costs across al new matches. We make no effort to estimate the cost of
increase in code size or the benefit of better-specialized code that may result. Our
philosophy is that if we keep the per-match overhead low enough, and only add
matches when it prevents a loss in correlation, we are unlikely to lose. Further,
estimates of costs and benefits have low accuracy, and very high cost: the size of the
specialized code will depend on the values being specialized on. Further, each
discriminating match results in replication not just of the expression guarded by the
match, but potentially also of the functions called by the expression. In general,
therefore, it isimpossible to get an accurate estimate of code size without executing the
partial evaluator in its general interprocedural mode. Doing so at every possible
expression specialization site isclearly prohibitive. If more accurate estimation of costs
and benefits emerges as an important issue, it may be worth studying more elaborate

approaches from the partial evaluation community [45].

3.Generating more efficient discriminating patterns. The high-level description of
figure 6.26 hides at least one simplifying design decision adopted by SCF. Since the
testPrefix function generates discriminating patterns with strictly increasing n, and no
provison for backtracking, SCF loses opportunities for efficiency. Consider
specializing pattern ¢c1 to abstract value v = c1(c2,c2) | c1(c2,c3)| c1(c3,c2)|
c1(c3,c3). The SCF adgorithm would discard the n=5 patterns c1(c2, ),
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cl( ,c2),cl(c3, ),cl(_,c3) becauseeach of these match at least two of the
component values of v above, and would therefore fail the testPrefixPattern test of
figure 6.26. The algorithm would then proceed to n=7 and suggest the discriminating
patterns c1 (c2,c2), cl(c2,¢c3), cl(c3,c2), cl(c3,c3). Unfortunately, the
optimal mix of discriminators combines the n=7 patterns with the n=5 ones:

cl(c2,c2),cl(c2, ),cl( ,c2),cl(_,c3).

6.3 Widening Strategy
In section 6.1.5, we showed how the infinitely tall lattice of abstract values used by the

partial evaluator in SCF can lead to an unbounded number of re-analyses of functions. We
sketched how a widening strategy can guarantee termination by lowering precision of
abstract values, but pointed out the importance of limiting the amount of precision sacri-
ficed.

In particular, if vy, Vo, V3, ... IS the sequence of (argument or return) abstract values

corresponding to invocations of the partial evaluator on the function, the ideal widening
strategy would be one that, in some finite number of steps, can predict the limit of this
sequence, i.e., can compute v, = lim,_,, v;. This problem is undecidable in general: it
amounts to predicting, for an arbitrary function, the set of values a variable may assume
over a program execution. A practical widening strategy therefore restricts itself to com-
puting, after some finite number of steps, an approximation v, ., of v such that v, ., DV,
while trying to ensure that v ., is not “too big”, i.e., that it does not include key elements
missing fromyv,..

A widening strategy needs to address two questions. When should the abstract store at
agiven program point be widened? Given the decision to widen, what should the widened
value be?

In practice, the question of when to widen and what value to widen to depends
strongly on the program to be abstractly interpreted. In SCF, of course, we areinterested in
abstractly interpreting optimization programs. At any function call, the state of optimiza-
tion programs is determined by three main data structures. the AST node being optimized,
the map (or set) representing the abstract store, and the AST node being generated (for
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int foo (int y){

int x =3 -1 +45 1;,

fix, ({}s | x =5 x +g 1;, rec)
returng X +79 ¥}

@

optimize; (f)

analyzeFun, (£) transformFun, (£, 1)
analyzeCmd, (c, varConstMap, lblConstMap) transformCmd, (c, 1)
«— T .
aCy(c,v,1) analyzeExpr, ... tCy(c, 1)
/ \ A - \A
aCg(c,v, 1) aCs ... tCg(c, 1)
aC,(c,v,1) tC,(c, 1)
v (b) v

FIGURE 6.28: Motivating Example for Widening.
An abstract function (a) and constant propagation specialized to that function (b)

transformation functions). As discussed in the previous section, we expect each function
to be invoked on a finite number of incoming AST nodes, and we intend to analyze the
function separately for each of these nodes. We should not therefore have to widen the
value of the AST node being analyzed (and indeed, of any finite argument). SCF's heuris-
tics therefore focus on when and how to widen maps and generated AST’s so as to avoid
excessive loss of information. Other kinds of values are widened conservatively.

In section 6.3.1, we introduce an example that shows the value of intelligently widen-
ing input maps and output AST nodes. In section 6.3.2, we use the example to motivate
our widening strategy, with a detailed ook at how to handle maps.

6.3.1 Motivating Example: Widening and Constant Propagation

To understand the nuances of widening input maps and output AST nodes intelligently,
consider partially evaluating the constant propagation optimization on the abstract func-
tion of figure 6.28(a). We label with subscripts the abstract values representing the AST
nodes of interest to us. The abstract function represents the set of al concrete functions
that havetheassignment x = -1 + 1 asthefirst statement, followed by zero or more
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Invocation v 1 v’ 1’
Number

1 (must[x->0], (must[0->0],  |(must[x-> 4], (must[0->Q],
may[]) may(]) may(]) may(])

2 (must[x->0[1], (must[0->0], |(must[x->0|1], (must[0->0],
may[]) may[8->1])  may[]) may[8->1])

3 (must[x->0[1]|2], |(must[0->0], |(must[x->0|1|2], |(must[0->0],
may[]) may[8->1]2]) may[]) may[8->12])

4 (must[x->0[1]2|3], (must[0->0], |(must[x->0]1|2|3], |(must[0->0],
may[]) may[ 8->1|2|3]) [may(]) may[8->1|2|3])

FIGURE 6.29: Argument and Return Values Produced While Evaluating analyzeCmd,.

increments of x, followed by the return statement x + vy. Figure 6.28(b) shows the
callgraph for the version of constant propagation specialized to this input function. Note,
as before that we have essentially one contour per incoming AST node. In particular, the
fix value in the incoming AST results in the recursive calls from ac, to ac,, and from
tC, totC,.

Every function in the callgraph has as first parameter the node being processed. The
node parameter is followed in some cases by map varConstMap (abbreviated as v),
which is a variables-to-constants map representing the values of al variables defined
before the current AST node. Whenever the constant propagation analysis determines that
a variable x has constant value k, it adds binding x->k to varConstMap. The find
parameter in each case is the map 1blConstMap (abbreviated as 1) which is a map
from AST node labels to their constant value. Whenever the constant propagation analysis
detects an expression labelled | that can be replaced by a constant k, it adds the binding I-
>k to 1lblConstMap.

Once the analysis is complete, the optimization uses the transform functions to
transform the incoming AST, while consulting the 1b1ConstMap built up by the analy-
sis. Whenever the constant propagation transformation detects a node labelled | such that |
maps to constant kin 1blConstMap, it replaces the node with the constant expression k.

We now study how SCF handles this example, focusing mainly on the maps produced

when processing the fix value of figure 6.28.
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Consider partially evaluating the contour analyzeCmd, of figure 6.28(b) with the
appropriate variable-to-constants map (v) and label-to-constant map (1). Recall that the
analyzeCmd function takes asits arguments the command ¢ to be analyzed along with
1 and v, and returns amodified variable-to-constants map v’ and amodified |abel-to-con-
stants map 1’ . Figure 6.29 shows a possible sequence of invocations of the function, and
the input and output values for each invocation.

On thefirst invocation of analyzeCmd,, map v containsjust x->0 (from processing
assignment x =5 -1 +, 1),andmap 1 has0->0 (sincethe expression -1 +, 1, with
label 0, can be replaced by the constant expression 0). The invocation resultsin the analy-

ssof the two sub-commands, x =, x +g 1;, fix, ({}s | x =7 x +g5 1;¢
rec)! and {}

1.Processing sub-command 6 results in sequentially processing command 7 and then
command 4. Processing command 7 results in x being re-bound to the constant 1 in v
and label 8 being bound to 1 (indicating that the expression x +, 1 can be replaced by
the constant expression 1) in 1. Processing command 4 results in a recursive call to
analyzeCmd, being placed on the worklist with values (must[x->1], may[]) and
(must[ 0->0, 8-> 1], may[]) respectively for arguments v and 1. A cache lookup returns
avalue of O for the return value of the recursive call and therefore for command 6 as a
whole.
2.Processing sub-command 5 results in the two maps passing through unchanged.
Meeting the result values from the two sides, the final returned value v’ of v is
meet((must[x->1], may[]), 0) = (must[x->1], may[]), and 1’ is meet((must[0->0],
may[]), 0) = (must[0->Q], may[]).

On the second invocation (invocation 2 of figure 6.29) of analyzeCmd,, the partia
evaluator pops the above argument values (v = (must[x->1], may[]), 1 = (must[0->0,
8->1], may[])) from the worklist, and meets it with the old values ((must[x->0], may[]),
(must [0->0], may[])) from the previous invocation, to get the new abstract input values

1.This command is obtained by “unrolling” the original command, fix, ({}s | x =, x +g 1;, rec),once.
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(v = (must[x->0|[1], may[]), 1 = (must[0->0], may[8->1]). The new invocation results
inafreshrecursivecal to analyzeCmd, withargumentv = (must[x->1|2], may[]), 1
= (must[0->0], may[8->1]2]) pushed on the worklist, leading eventually to invocation 3.
Figure 6.29 lists the argument and return values for the first four invocations in the
unbounded series of invocations that follows.

The example highlights the two key requirements for a widening strategy for SCF.
First, the strategy needs to widen indvidual fields of tuples. Second, maps need to be wid-
ened carefully. In particular, maps tend to grow in values not in keys, so that widening
growing alt abstract values to 1 will often affect only individual values in the maps, and
not the keys.

6.3.2 Reducing Information L oss While Widening

A simple strategy the partial evaluator can adopt to avoid unbounded analysis of a contour
isto keep track of the number of times the contour has been analyzed and, if this number
exceeds a small fixed threshold, to widen both input and result values of the contour to the
abstract value 1.

“Maximal-widening” strategies such as the one above are extremely conservative. In
the particular context of our examples, if widening happens when analyzing some com-
mand c, both result maps 1 and v will be widened to 1, so the analysis of al downstream
commands could have both input and output values of these maps be 1. Worse, since the
transformation function is typically downstream of the analysis function, partial evalua-
tion of the transformation function may have to proceed under the worst-case assumption
that map 1 hasvalue 1.

A standard strategy in this situation is to perform “sufficient widening” instead of
maximal widening. The value to widen to is typically picked using a heuristic parameter-
ized by the sequence of values seen so far for arguments and results. Intuitively, these
strategies observe the sequence of values so far and tries to guess their lower bound. Ide-
ally, such a strategy would guess the greatest lower bound (g.l.b.) of the sequence. Com-
puting the g.l.b. is, in general, undecidable. M ost sufficient-widening strategies, therefore,
areiterative: after an initial number n, of steps, they guessalower bound based on the val-
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ues seen so far. If, after some number n, > n; of steps, the series of values has not con-

verged, they guess another one, and so on. Finally, for some bounded integer k, if the
series has not converged after k steps, they revert to the maximal widening strategy.

6.3.3 Wideningin SCF

Figure 6.30 shows how the widening strategy is implemented in SCF. In particular, SCF
uses k=2, and nq and n, are fixed before the partial evaluator executes; the typical values
used by SCF are 10 and 11 respectively (lines4 and 5 of the figure).

The widening function, widen (lines 7-12), takes as argument the abstract value v to
be widened, the number n of times the value has been widened (including the current
instance), and the finiteness pattern fp for the value. If the maximal widening threshold
has been reached, if the incoming value is aready 1, no widening is performed (line 9),
otherwise, the result returned is the maximally widened value 1. If only the sufficient wid-
ening threshold is reached, but not the maximal threshold, then the function widen’ is
invoked (line 10) to achieve sufficient widening of non-finite components. Below the suf-
ficient-widening threshold, no widening is performed (line 12).

The widen’ function essentially traverses the abstract value and the corresponding
finiteness pattern, widening each sub-value with respect to each sub-pattern.

*The base case for widening is the replacement of infinite alt and fix values with 1 (line

29-30). For instance, given non-finite value 2|3, the result of widening would be 1.

+On the other hand, if an abstract value is known to be finite, then it is not widened, for
reasons discussed above (lines 14-15).

*Widening of tuple values whose finiteness is represented by a tuple finiteness-pattern
happens component-wise (lines 21-24, and 48-49). For example, widening (12|78, 2|3)
given finiteness pattern (F, 1) will result in abstract value (12|78, 1). If the pattern were
(1, 1), the result would be (1,1).

*Widening of infinite tuples results in each component of the tuple value being assumed

infinite, and therefore widened with respect to | (lines 17-20). List.enumerate(i, X)
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structure Widening = struct

structure FA = FinitenessAnalysis

type widening_result = WIDENED of value | UNWIDENED
val n1 = ref 10

val n2 = ref 11

fun widen(v: value, n: int, fp: FA.FinitenessPattern): widening_result =
if n>=In2then /Imaximal widening
if v= bottom _then UNWIDENED
else WIDENED (bottom (newld()))
elseif n>= Inl then widen’ (v, fp) [Isufficient widening
eseif n< 'nl then UNWIDENED /Ino widening yet

W J 0 Ul b WN B

e}

10
11
12
13
14 and widen’ (v: value, FA.F: FA.FinitenessPattern) =
15 UNWIDENED
16 | widen’(bottom _: value, ) = UNWIDENED
17 | widen’(tuple(vs, _), fpasFA.l) =

18 case(widenTuple (vs, List.enumerate (List.length vs, fp))) of

19 SOME vs => WIDENED vs

20 | NONE => UNWIDENED

21 | widen’ (tuple(vs, ), |(fp9)|) =

22 case (widenTuple (vs, fps)) of

23 SOME vs => WIDENED (tuple(vs, newld()))
24 | NONE => UNWIDENED

25 | widen’(tagVal(c,v, ), ) =

26 casewiden’ (v,FA.l) of

27 WIDENED V' > WIDENED tagVal(c,Vv' ,newld())
28 | _ > UNWIDENED

29 | widen’(alt(vs,), )
30 | widen' (fix(v,_), fp)

WIDENED (bottom(newld()))
WIDENED (bottom(newld()))

31 | widen’ (map(must uus, may ws, _) =

32 case (widenMap uus, widenMap wvs) of

33 (NONE, NONE) => UNWIDENED

34 | (SOME uus, NONE) => WIDENED(map(must uus’, may ws, newld()))
35 | (NONE, SOME ws') => WIDENED(map(must uus, may ws', newld()))
36 | (SOMEuus, SOME ws') => WIDENED(map(must uus', may ws', newld()))

37 | widen' (v, ) UNWIDENED
38

39 and widenMap (ws: (value * value) list): (value * value) list option =

40 let uus = /Ireplace each (v,v') in wswith (u, u'), where u and u’ result from widening v and v
41  isWidened= //trueif any u, U’ above actually required widening

42 uus = //sort tuples (u,u’) inuus’ by u;

43 /Ireplace maximal sub-sequences (u,u’),...,(u,u’ ) with (u, meet U’ 4,...,u' )

44 in if iswidened then SOME uus

45 elseNONE

46 end

47

48 and widenTuple(vs:value list, fps: FA.FinitenessPattern list): (value list) option =
49 ...widenv;w.r.t. fp to get u;; if no u; iswidened, return NONE else SOME us ...
50 end //structure Widening

FIGURE 6.30: Widening in SCF.
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constructs a list of length i with all elements set to x. Widening (12|78, 2|3) results in
value (1, 1).

* Since finiteness patterns do not currently model the internals of tagged values in detail,
any time we widen an infinite tagged value, all we know is that the entire value may be
infinite (i.e., hasfiniteness pattern 1). We therefore widen all sub-components of the value
assuming they are infinite (line 26).

*Maps consist of two sorted lists of pairs of abstract values. Widening amap (lines 31-36)
consists of traversing the lists, widening each abstract value in a pair. We then re-sort the
resulting lists by the domain values of the pairs. Any time a list thus sorted has a series
of values (u, uy’), ..., (u, uy’), i.e., pairs with duplicate keys, we replace the whole set
with the single pair (u, meet(u;’,...,uy’)).

In every case where widening of sub-components is attempted, if no sub-component
actually needs widening, the entire value is deemed not to need widening (lines 20, 24,
28, 33).

When applied to the example of figure 6.29, the widening strategy avoids the need for an
unbounded number of rows. In particular, invocation 10 will trigger widening and produce
the following values for (v, I, V', I'): (must[x->1], (must[0->0], may[ 8->1]), must[x->1],
(must[0->0], may[8->1])). Invocation 11 will again result in widening being triggered,
and the same maps being generated. Since the old and new values are the same, the partial
evaluator can avoid re-analysis of the contour (line 36 of figure 4.4), and therefore any of
the callee contours. Partial evaluation will therefore terminate with the above relatively

accurate widened values of the map.

6.4 Rematerialization Strategy

The central benefit of partial evaluation comes from replacing expressions that compute
constant values with simpler residual expressions that compute the same value, much like
atraditional constant propagation optimization. In SCF, the decision of when to perform
the replacement and what expression to replace with is made by the rematerialization
strategy.
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signature REMATERIALIZATION_STRATEGY = sig
val reset Junit -> unit
val postProcess :SCF_ML.program-> SCF_ML.program

val rematerialize :SCF_ML.expr * AbstractValue.value -> SCF_ML.expr
end

< O U kW N

FIGURE 6.31: Signature Required of the Rematerialization Srategy M odule.

All  rematerialization  drategies used in  SCF conform to the
REMATERIALIZATION_STRATEGY signature of figure 6.31. The signature requires three
functions:

1.A reset function invoked before partial evaluation commences (see line 10 of figure 4.4
to understand precisely where SCF invokesiit), which lets the conforming modul e reset
data structures that need initialization before the partial evaluator is used.

2.A postProcess function that takes as input the program resulting from partial
evaluation and returns the program that results from performing any rematerialization-
related post-processing on this program. This function is invoked at line 17 of figure

4.4.

3.A rematerialize function that takes asinput an expression and an abstract value for that

expression, and returns aresidual version of the expression.

SCF supports two rematerialization strategies. The simpler and more conventional one
(figure 6.33(a)), which we call scalar rematerialization, isidentical to that used by the tra-
ditional constant propagation optimization. Any expression that evaluates to a singleton
scalar (i.e., integers, characters, booleans and strings; in general any value that can be gen-
erated by aliteral expressionin SCF-ML) is replaced by the SCF-ML literal that evaluates
to that scalar (lines 3-7 of the figure). For instance, given expression x+1 and abstract
value Int 17, the rematerialized expression will smply be the literal 17.

SCF also provides a more aggressive rematerialization strategy that allows remateri-
alization of non-scalars. The complication with rematerialization of non-scalarsisthat it is
possible for the rematerialized expression to be more expensive to compute than the origi-
nal version. Consider, for instance, partially evaluating expression x in an environment

where X is bound to the non-scalar singleton abstract value cons(1, cons(3, cons(232,
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structure RematStrategy = struct
(* Replace singleton scalars by the literal expressions that generate them *)
fun rematerialize(e: SCF_ML.expr, v: AbstractValue.value): SCF_ML.expr =
if AbstractValue.isSingleton v andalso AbstractValue.isScalar v then genLiteral velse e

and genLiteral (v: value): SCF_ML.expr =
... for the single concrete value sin v, return the SCF_ML literal that evaluatesto s...

W J o0 Ul b WN B

e}

andreset() = ()

10

11 and postProcess(p: SCF_ML.program): SCF_ML.program= p
12

13 end //structure RematStrategy

FIGURE 6.32: Scalar Rematerialization.

nil))). If x is replaced by the resdual expresson cons(1, cons (3,
cons (232,nil)) ), the replacement would have the effect of slowing the program
down. On the other hand, we saw in section 6.1.3 that rematerializing non-scalars is some-
times profitable.

The challenge in rematerialization of non-scalars is therefore to find a replacement
expression that is guaranteed to cost less than the original one to compute. SCF hasasim-
ple technique that enables it to make this guarantee for any expression e that has a single-
ton constant value v. The technique is outlined in figure 6.33. Let e, be the constant

expression that evaluates to v. Then SCF replaces e with a variable (of the form
__rematVar_ i wherei isan integer), and inserts the binding  rematvar i =
e, a thetop level of the program. We call the inserted variables rematerialization vari-

ables. In the actual implementation, SCF generates the variable (line 6 of the figure), and
stores the binding between the variable and the residual expression in a rematerialization
map (lines 7 and 8). When the postProcess() function is called on the program (after par-
tial evaluation is completed), SCF examines the body of the program to determine all
rematerialization variables actually referenced, and prepends the program with bindings
between these variables and the corresponding rematerialization expressions. When a
rematerializable expression is a sub-expression of alarger rematerializable expression, the
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rematerialization variable for the former is subsumed by the one for the latter. SCF's check
to see if rematerialization variables are actually referenced is designed to avoid adding
bindings to such variables.

Figure 6.34 shows how SCF-style non-scalar rematerialization could work when the
dead assignment elimination optimization of figure 3.7 is partially evaluated. Consider the
case where the function being optimized has the compound statement x =,; v + z; 55

return,; x. Figure 6.34(a) shows the transformation functions corresponding to each

of the commands (function transformCmd 21 is responsible for transforming the
command labeled 21 and so on), in the absence of non-scalar rematerialization. Since
command 21 (the assignment to x) is live in the above fragment (since the succeeding
command Uses x), we expect transformCmd 21 to return the command unchanged
(line 12, figure 6.34(a)). However, since the returned value is not a scalar, the scalar rema-

terialization strategy cannot rematerialize away the function call, even though the returned

value has a constant value.l When non-scalar rematerialization is enabled, the function

structure RematStrategy = struct
val rematMap = ref VarNameToExpMap.empty : (Var NameToExpMap.map ref)

fun rematerialize(e: SCF_ML.expr, v: AbstractValue.value): SCF_ML.expr =
if AbstractValue.isSingleton vthen
let vName = genNewVar Name() /Ivars have unique prefix __rematVar__
exp (* build an expression that generates value v*)
rematMap := (!rematMap.insert(vName,exp)
in SCF_ML.var(vName) end
10 é€ese(ev)
11
12 andreset() = (rematMap : = VarNameToExpMap.empty)
13
14 and postProcess(p: program) =
15 ..for eachmoduleminp

W J 0 Ul WN B

e}

16 for each variable vin m of the form __rematVar__*

17 let SOME exp = VarNameToExpMap.find(rematMap,v)
18 in prepend the binding val v = exp to mend...

19

20 end//structure RematStrategy

FIGURE 6.33: Non-Scalar Rematerialization.

1.In this particular case, the call can be eliminated by a conventional optimization, i.e., inlining, but thisis generally not
the case.
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structure DAE = struct

transformFun(f, analyzeFun(f))

1

2

3

4 fun optimize (f:fun):fun =

5

6 ...

7 and transformCmd 22(c:cmd, assigns:assign map) :cmd =
8 ...

9 | seq(c, c¢’, 1bl) =>

10 seq(transformCmd 21 (c,aMap), transformCmd 23 (c’,aMap), 1lbl)
11 ...

12 and transformCmd 21(c, a) = c

13 ...

14 end (* structure DAE *)

(@)
structure DAE = struct

val rematVar 732 =
assign (var (“x”, label 15),
primop (op add, exprs(var (“y”, label 16),
exprs (var(“z”, label 17),
expr none(label 18), label 19)), label 20), label 21)

0 J 0 Ul b W N

\\e)

fun optimize(f:fun) :fun =
10 transformFun (f, analyzeFun(f))

11 ...

12 and transformCmd 22 (c:cmd, assigns:assign map):cmd =
13 ...

14 | seg(c, ¢’, 1bl) =»>

15 seq(_ rematVar 732,transformCmd 23 (c’,aMap),1lbl)
16

17end (* structure DAE*)
(b)

FIGURE 6.34: Example: SCF-Style Non-Scalar Rematerialization.

(a) Result of partial evaluation with scaar rematerialization (b) Result of partial evaluation with non-scalar
rematerialization

call can be replaced by a rematerialization variable (_ rematVar 732 on line 15 of
figure 6.34(b)), provided the variable is initialized with the appropriate constant value
(lines 4-7 of the figure).

Since the non-scalar rematerialization strategy replaces each eligible expression with
asingle variable, it may seem that the strategy guarantees that the run-time overhead asso-
ciated with the rematerialized expression is guaranteed to be no more than that of the orig-
inal expresson. However, if we take into account the cost of initializing the
rematerialization variable, it isno longer clear that the cost of the rematerialized expres-

sion outweighsits benefit. Consider the example of figure 6.34. The original expression in
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this case is the call to function transformCmd 21 on line 10 of figure (a). The cost
associated with the function call is essentialy that of jumping to the location of the func-
tion and returning from the location (since the function just returns one of its arguments).
With a naive implementation of SCF-ML, the result of remateriaization (figure (b)), on
the other hand, has to pay the cost of executing the initializer expression of lines 4-7 at
module load time. Note that this expression is substantially more complicated than a
jump-and-return sequence. If we associate this cost with the rematerialization variable,
therefore, it is possible that the rematerialized version costs more at run-time than the orig-
inal version.

A solution to this problem is to implement the SCF-ML language so that all constant
expressions are evaluated at compile time, and generated into the text segment of the pro-
gram. The only significant cost at module load time, therefore, is to page in the text seg-
ment from disk, and this can be done in paralel with the execution of the program as a
whole. David Tarditi’s dissertation [67] discusses in detail how to implement this optimi-
zation in a compiler for Standard ML. In this work, we do not actually implement this
optimization. Rather, when eval uating the performance of non-scalar rematerialization, we
simulate this effect by executing each module we load a large number of times, so that the

one-time module-load-time cost is insignificant relative to execution cost.

6.5 Summary and Related Work

We have described a set of techniques, which we collectively call improvement strategies,
that are essential for effective partial evaluation of optimization programs in SCF. For
each technique, we give examples to show why the technique is necessary for the task of
partially evaluating optimizations, and describe algorithms that are suitable for the task.
The strategies discussed in this chapter are instances of corresponding techniques that
have long been advocated for improving partial evaluation (and program analysis in gen-
eral). Below, we describe how the techniques of this section relate to existing work.
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6.5.1 Specialization

Specidization, i.e., the replication of code (whether at the function granularity, which we
call “function specialization”, or at the expression granularity, which we call “expression
specialization™) for different analysis contexts, is a standard technique in partial evalua-
tion [30, 56], whole program optimization in general [60, 25, 20] and intraprocedural opti-
mization [41, 19].

When the domain of analysis is unbounded in size, a known problem with function
specialization is termination: the number of different analysis contexts may not be
bounded at analysis time, so that the analysis may seek to generate and analyze an
unbounded number of code replicas. The standard solution to this problem is to either
model the domain of the analysis so that it isfinite, or to bound apriori the number of con-
texts the analysisis allowed to consider. In partial evaluation, it is often useful to consider
(at least) the typically infinite domain of concrete values with full precision. Further, typi-
cal applications (such as speciaizing interpreters) depend in practice on producing a num-
ber of specialized replicas for which no a priori bound is known. The standard techniques
mentioned above are therefore insufficient.

Finiteness analysis [28, 23, 37, 36], which identifies “finite” function parameters, i.e.,
those that are guaranteed to take on a finite set of values during concrete execution, is
intended to handle both infinite domains and the lack of a priori bounds on number of spe-
cializations. The underlying idea behind this technique is that if there exists some well-
founded partial order on the domain of values over which the programsin alanguage exe-
cute, and some “reducing” operations O in the language that are guaranteed to produce
outputs that are less than their inputs as per this order, then any parameter that is computed
from the program input purely by a chain of reducing operations is finite. It isimpossible
for the parameter to be computed by an infinite sequence of reducing operations since the
corresponding sequence of values produces by the operations is bounded from below.

The finiteness analysis of SCF is strongly inspired by those mentioned above, with
the key difference that it is aimed at detecting parameters finite under abstract execution
rather than concrete execution. The above finiteness analyses are aimed at offline partia

evaluation where the fully concrete values of one or more parameters of the program are
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known at specialization time; partial evaluation consists essentially of fully concrete exe-
cution based on just these inputs. In SCF however, the domain of values we haveto handle
is the abstract value domain (including, in particular, fix values), and the potentialy infi-
nite chains of operations we are interested in are abstract projection operations. However,
because applying a sequence of abstract projection operations to fix abstract values can
produce the original fix value, we cannot use the fact that the operations strictly “reduce”
their input values. Instead we use the requirement that if vistheinput value to the chain of
operations, all operationsin the chain must produce values that are in afinite set derivable
fromv.

Expression specialization, which replicates a program point for different statically
computed environments, has along history as “the trick” for enabling polyvariant special-
ization under dynamic control in partial evaluation [30, 16, 24], and as a mechanism for
converting higher-order calls to functions to first-order calls (or inlined expressions) in
functional [55, 44, 61] and object-oriented [10, 18] languages. SCF shares the general
emphasis of most of these systems on obtaining as precise a representation as possible for
the set of possible environments at a particular program point, and on ensuring that the
tests inserted to distinguish between concrete contexts are not too cumbersome. However,
the abstract domain used by SCF is considerably more expressive than those used by these
systems, so deciding on the abstract environments to split into is potentially a more com-
plex task. Further, the concrete values to be distinguished have a different structure (they
are arbitrary ML values, as opposed to tuples of class variables, for instance), so the pat-
terns inserted to distinguish between them have to be computed differently (they are ML
patterns, as opposed to sets of class-variable tests).

6.5.2 Widening

Widening of abstract stores has long [54, 34, 15] been recognized as necessary for termi-
nation in the presence of infinitely tall lattices. However, the particular technique used has
depended on the domain of the abstract analysis, and on the particular aspects of the
domain to be represented with maximum accuracy. Representing sets of maps precisely is
especialy important in the abstract analysis of compilers. SCF takes specia care, there-
fore, to preserve accuracy in maps while widening.
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6.5.3 Rematerialization

The non-scalar rematerialization problem, i.e., that of deciding where to place code com-
puting constant values without increasing the running-time of the program being special-
ized, is a special case of the problem of placing residual expressions to eliminate
redundancy. In genera, the problem may be formulated as that of performing partial
redundancy elimination [35, 9] on the residual code produced by the partial evaluator.

Ruf [56], for instance, describes a two-step online partial evaluation scheme, where a
program is first partialy evaluated with the residual code represented as dataflow graphs
which use multiple references to a single graph node to represent common sub-expres-
sions. A separate code-generation step then generates code for the nodes at a point domi-
nating their use in order to avoid redundant recomputation. Since SCF only rematerializes
constant computations, it is safe (and simple) to hoist these computations to the top level
of the program. Hoisting is potentialy inefficient, since many of these code fragments
may not need to be computed in a given run of the residual program. However, the trick
borrowed from Tarditi [67] of “compiling” the constant fragments into the text segment
allows SCF to avoid the direct cost of unnecessary computation (although if the text seg-
ment gets too large, there may be indirect cost in terms of unfavorable memory usage pat-

terns).
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7. Dead-Sore Elimination

As discussed in section 3.3, the residualized code produced by partial evaluation contains
many store operations that are dead, i.e., some parts of data structures built up in theresid-
ua code are not actually used. SCF contains an optimization, called dead-store elimina-
tion (DSE), to delete these operations. In this chapter, we describe how this optimization
works.

DSE may be viewed as a generalization of traditional dead-assignment elimination,
which typically eliminates assignments to variables. In addition to avoiding assignments
to dead variables, DSE also eliminates stores to fields of non-scalar, possibly recursive,
data structures. Previous work [40, 53] has investigated how to generalize dead-assign-
ment elimination in this manner, and SCF adapts some of these techniques, in particul ar
the representation of the abstract stores using aform of context-free grammars called live-
ness patterns. The novelty of DSE isits special machinery to avoid a particularly common
and expensive class of store operations that pervade partially evaluated optimization pro-
grams: insertions to the map data structures that represent the abstract store used by the
optimization. Previous work has discussed general techniquesto eliminate dead storesinto
recursive structures, but these techniques prove to be ineffective in handling thisimportant
class of storesin practice.

To help understand the problem with stores to maps, figure 7.1 below reproduces the
example from section 3.3 that shows a partially evaluated version of dead-assignment

elimination’. As previously discussed, partial evaluation results in specialized versions of

and analyzeCmd3 (c, 1lSet, aMap) =
case c of
assign (v, e, 1) =>
let val 1lv = 1live

in (analyzeExpr (e, LiveSet.delete(1lSet, v)),
AssignMap.insert (aMap, 3, live))
end

0 J 0 Ul b W N

\e)

10

11 and transformCmd3 (c, aMap) =
12 case c of

13 assign(v, e, 1lbl) =>

14 c

FIGURE 7.1: Analysisand Transformation Functions After Partial Evaluation.
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the analyzeCmd and transformCmd functions. In principle, the specialized analysis
function analyzeCmd3 analyzes a command and updates the part of the abstract store
(represented by the map aMap) related to this command. The specialized transformation
function transformCmd3 reads this same part of the abstract store and produces a
transformed version of the command. In figure 7.1, however transformCmd3 clearly
does not read the abstract store map aMap even though the analyzeCmd3 function
writes the map (on line 7). Thisisacommon situation, and one we seek to exploit: the part
of the transformation function that reads the abstract store is folded away by the partial
evaluator because the read is guaranteed to return asingle fixed value (thevalue 1ive in
this case). The corresponding write to the abstract map is therefore unnecessary, and can
be eliminated. Since updates of the abstract store are typically the most expensive part of
what an optimization does, eliminating a significant number of such writes can result in
big savings.

The eliminator is structured as a backwards whole-program abstract interpretation. In
section 7.1 below, we discuss the structure and meaning of liveness patterns, the domain
over which the abstract interpretation takes place. In section 7.2, we present the analysis
itself. Section 7.3 discusses related work.

7.1 Liveness Patterns: The Domain of Abstract I nterpretation

Traditional dead-assignment elimination (DAE) analyses abstract the store as a mapping
from variables defined in the program to liveness values, i.e., either live or dead. If the
abstract store maps variable x to value dead at a particular program point, the implication
isthat for all concrete traces of the program, the store location associated with variable x is
guaranteed not to be read downstream. A value of live would imply that the store location
may be read downstream. Traditional implementations of DAE represent the mapping
from variables to liveness values as a set of live variables: a variable isin the live-vari-
ables set if and only if it would map to the value live in the abstract store map.

Traditional versions of DAE do not seek to model non-scalar values with much accu-

racy. In SCF, however, we are quite interested in avoiding stores to fields of non-scalars.

1.Note that we are applying partiad evaluation and dead-store elimination to the dead-assignment elimination
optimization, i.e., the program being optimized isitself an optimizer.
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1 fun foo x0=
2 let x1 = x0+1
3 x2 = x0*10
4 x3 = x0-2
5 x4 = (x1, x2)
6 in case x4 of (x5, ) =>
7 x5
8 end
@
1 1 fun foo x0=
2 {x0} 2 let x1 = x0+1
3 {x0, x1} 3 x2 = x0%10
4 {x0, x1, x2} 4 *3—=%0—2
5 {x1, x2} 5 x4 = (x1, x2)
6 {x4) 6 in case x4 of (x5, _) =>
7 {x5} 7 x5
8 {return val} 8 end
(b)
1 1 fun foo x0=
2 {x0} 2 let x1 = x0+1
3{x0, x1} 3 e oY
4 {x0, x1} 4 32
5 {x1} 5 x4 = (x1, 0)
6 {x471} 6 in case x4 of (x5, ) =>
7 {x5)} 7 x5
8 {return val} 8 end
©

FIGURE 7.2: Scalar vs. Non-Scalar Dead-Stor e Elimination.

(@) Candidate for dead-store elimination (b) Applying dead assignment eliminationto £ oo. Live variables(left) and
optimized function (right) (c) Applying dead-store elimination to £oo. Live fields (left) and optimized function
(right).

In particular, as mentioned above, we wish to avoid map insert operations, and AST sub-
tree composition operations. SCF therefore models fields of non-scalar values (and maps
in particular) in much more detail than atraditional DAE. Just as DAE uses sets of live
variables to represent the abstract store, DSE uses sets of live fields to provide a more
detailed abstraction of the store.

Figure 7.2 illustrates the difference between the DSE and DAE. Figure 7.2(a) speci-
fiesafunction foo, some sub-computations of which are dead. In particular, note that the
binding of variable x3 on line 4 is dead, since x3 is not used downstream. As shown in
figure 7.2(b), DAE is able to identify and eliminate this dead binding. On the left of the
figure, we show the set of live variables computed (in the traditional backward pass) by



176

DAE at corresponding points in foo. For instance, the analysis computes that at the pro-
gram point preceding line 5 of foo, x1 and x2 arethe only live variables. The two vari-
ables are deemed live since they are fields of x4, which isused on line 6. DAE is unable
to track the fact that only thefirst field of x4 isused on line 6, so that the store of x2 into
the second field does not imply that x2 is used downstream and therefore live. Figure
7.2(c), shows how a DSE optimization may represent and exploit the partial liveness of
x4. The key difference in representation is that DSE reasons about the liveness of fields of

val ues represented by variables as opposed to variables, and as shown on line 6, has away

to represent the fact that only the first field of x4 is live (using notation x4™1). The key
benefit, of course, is that variable x2 is now seen to be dead at line 5, so that its binding
(online 3) may be eliminated in addition to that of x2 (online 4).

SCF represents sets of live fields indirectly using a representation called liveness pat-
terns. In what follows, we first introduce field projectors, a representation for individual
fields of SCF-ML values, and then describe an interpretation of liveness patterns as sets of
field projectors.

7.1.1 Field Projectors

In figure 7.2(c), we used (without formally defining) the notation x4 to represent the
first field of the tuple-value represented by x4. We now define precisely a notation for
representing arbitrary fields of non-scalar values of interest to SCF.

Figure 7.3 specifies the syntax and semantics of field projectors, along with exam-
ples. Asper figure 7.3(a), there are four kinds of fields we specify; as per figure 7.3(b), the
field represented by a projector may be understood in terms of the result of applying the

projector to an incoming concrete value. The identity field (line 1) of avalue isthe vaue

itself. The projector ¢ ; (line 2) represents the c-variant of a value, with the tag-label

stripped. For instance, if some variable has values cons(23, nil) and nil, the field repre-
sented by projector const ;will have values (23, nil) and undefined respectively. The pro-
jector - (line 3) represents the i’th field of a tuple value. For instance if a variable has

value (23, nil), the field ;2 will have value nil. Finally, the projector {h] represents the
map value corresponding to map key h. For instance, given variable with value [ (“ bar” ,
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1 f € FieldProjector (II) ::= 1 //Identity field
2 | c_% f //Constructor field
3 | £ //Tuple field
4 | £[h] //Map field
5 h € Herbrand Universe //SCF-ML concrete values (sec 3.2.2.1)
(@
1 vh =h //Identity projection
2 (c_% f) (¢ h) = fh //Project constructor bodies
3 (£71) (hy,...,hy, ..., 0y) = f hy //Project tuple elements
4 (flhy]) [(hy,h'y),..., (hy,h";)..., (hy,h'y)]= £ h’'; //Project map elements
(b)
1 (cons 1) (cons (1, cons (2, nil))) = (1, cons(2, nil))
2 (cons_ll_z) (cons (1, cons (2, nil))) = cons(2, nil)
3 (cons! (cons™!H)? (cons (1, cons(2, nil))) = 2
4 (const_l t[var “x”]) ([(var “x”, const 1), (var “y”, non-const)]) =1
(c)

FIGURE 7.3: Syntax and Semantics of Field Projectors.
(a) Syntax (b) Semantics (c) Examples: Applying field projectors.
1), (“foo”, 7)] (a map represented as an association list), the field : [“foo”] will have
vaue7.
Field projectors can be combined, i.e., fields are allowed to have their own fields. Fig-
ure 7.3(c) shows examples of compound field projectors. Line 4, for instance, shows a
field projector that representsthefirst field of the map entry corresponding to key var “ x” .
In what follows, we will sometimes abbreviate “field projector” as “field”.

7.1.2 Liveness Patterns. Syntax and Semantics

In the previous section, we presented a representation for individual fields of SCF-ML
values. DSE represents a set of fields at each program point, so that any store operation
that writes to a field not in this set may be eliminated. SCF-ML uses a representation
called liveness patterns (LP’s) to represent sets of fields. We use this special representation
for sets of fields (rather than simply placing field projectors in a conventional set data
structure) because the LP's provide a more compact and readabl e alternative.

Figure 7.4(a) specifies the syntax of LP's. Figure 7.4(b) specifies the trand ation func-
tion T that maps a LP to the set of field projectors represented by it. Finaly, figure 7.4(c)
shows some example LP's and the set of fields they represent.
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1 1 € LivenessPattern::= L //1live pattern
2 | D //dead pattern
3 | (1,...,1) //product pattern
4 | ¢ 17 |...] e¢g 1, //sum pattern
5 s.t. ¢y #F oy if 1 # ]
6 | [v, 11 //map pattern
7
8 v € AbsValue //SCF-ML abstract values (sec 3.2.2.2)
9 ¢ € constructors = ConstructorName U Int U Bool U String
(a)

1:LivenessPattern -»> 2FieldProjector

1 1L =1II
2 1D = {}
3 T (1,00, 14,000, 1p) = Uiq n {E:574 13 #D AF; €11y}
4 1 (cy 1y|eley Tile]len 1n) = Ui p {og™t £ | £5 e ftutly)
5 1[v, 1] = {fh]l] hev Af e fi}uTl}
(b)
1 1(D, D) = {1
2 1(D, cons D) = {(cons_l 1) _2}
3 1(D, nil) = {(ni1 ! 1) %}
4 1(D, unary D | binary D) = {(unary ! 1) "2, (binary ! 1) "%}
5 1(D, L) = {2 £ e II}
6 t([Int 1| Int 21| Int 1332, const D])= {const™![Int i]|i e {1,21,1332}} U
7 {tlInt i1|i e{1,21,1332}}
8 t(uni(uni(uni D | bin D)))) = {uni ™t uni™t uni?t 1,
9 uni™! uni™! bin?t 1}

(©

FIGURE 7.4: Syntax and Semantics of Liveness Patterns (LP’s).

(a) Syntax (b) Semantics trandating from liveness patterns to sets of field projectors (c) Examples. Sets of field
projectors represented by liveness patterns.

The LPL (short for Live) standsfor the set 770of all possible field projectors (line 1 of
figure 7.4(b)). If avalue if designated live, then it and any of its fields may be read by a
downstream computation. The LP D (short for Dead) stands for the empty set of field pro-
jectors (line 2): if avalueis designated dead, it is guaranteed that none of its fields will be
read downstream. The set of fields represented by a product liveness pattern (line 3) isthe

union of the set of fields represented by the components of the product.® The set of fields
represented by a sum pattern (line 4) is the union of the fields represented by its sum-

mands. A detail isthat if ¢ | isasummand, the field 1 ;isafield represented by the sum,
regardless of whether | is dead: a downstream computation may check the tag on a tagged

1.In what follows, we write patterns of theformc () asc.
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value without inspecting its components. Finally, a map pattern, which is a pair of an
abstract value v representing the domain of the map and a LP | representing the range of
the map, represents the set of fields corresponding to indexing incoming maps with keys
from v, and those derived from accessing the fields corresponding to | of the resulting val-
ues.

Figure 7.4(c) gives examples of liveness patterns, and the sets of fields they corre-
spond to. A product pattern whose components are dead (line 1) represents the empty set
of fields. A subtle point here is that we could make this pattern represent the set {4, i.e,,
we may want to account for the case where although the fields of a tuple value are not
read, the structure itself is significant. However, the typing discipline of ML makes it
unnecessary to distinguish this case. If a value has a product type, then the number of
fields and their types are fixed statically; there is no need for a dynamic check to confirm
this, so that the structure of atuple by itself is never interrogated in an SCF-ML program.

As per line 3 of figure 7.4(c), zeroary patterns (such as nil) have interpretations as
fields. Line 5 shows a product L P whose second component is L: the LP translates to the
set of fields all of which are second components of atuple, but internally may have any
possible structure. Line 8 gives a simple example of why the LP representation is more
compact than that of explicitly maintaining a set of fields. the LP, because it is essentially
a grammar as opposed to an enumeration, is able to factor the prefix uni (uni (...))
of thefields.

7.1.3 The Lattice of Liveness Patter ns

The LP's of the previous section form a lattice under the partial order <(read “isless dead
than”) defined in figure 7.5(a). It is straightforward to verify | <I" ifftl o1l i.e, alive-
ness pattern is less dead than another if the set of fields it represents contains the set of
fields represented by the other.

Figure 7.5(b) specifies ameet function M over this lattice. The meet function is sym-
metric in its arguments (line 11). It approximates conservatively the greatest lower bound
(9.1.b.) for this lattice, in the sense that M(l4, |5) <g.l.b.(I4, |,). Equivalently (since set

union is the g.l.b. function over the lattice of the set under ordering 2), Tt M(l4, o) ot U
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1 L<1XZLD
2 (1q,...,1)< (174,...,17p) & Vyie1 n- 13 174
3 ¢l <<cl & 1 <1
4 11 | |lnSl'1| | l'm <:>Vjel m-* EIiel n llgl'j
5 [v, 11 £ [v', 1'] & vice v Al £ 17
(@
1 ML 1 =L
2 MD1 =1
3 M (1q,..., 1) (174,...17,) = M1; 1'¢,...,M 1, 1",)
4 M (cqq 1i|.femm 1n) (ep1 1qf.ifean 1op)= ¢33 131|~~-|C3p 15,
5 S.t. C33 €4{C11/ s ComsCo1sesContA
6 (c33 = ¢35 = cg) =135 = M 13y Iopn
7 (c33 = c19 # ) =133 = 154
8 (e35 = cop # cq5) =133 = 1o
9 M (ll[vl]) (12 [Vz]) = (M 11 12)
10 [AbstractValue.meet (v, Vv,) ]
11M1; 1, =M1, 1;
(b)

FIGURE 7.5: The Lattice of Liveness Patterns.
(a) The partia order “is less dead than” on the LP domain (b) The meet function M on LP's.

T |, the set of fields represented by the meet of two L P's contains the union of the sets rep-

resented by the LP'sindividually.

An inconvenient aspect of the lattice is that its height is not bounded. The lattice
includes descending chainssuchasL < ...cccD < ccD < ¢ D < D. Furthermore, it is
possible to generate such an unbounded sequence of liveness values during DSE. From the
point of view of the dataflow analysisthat uses the lattice, this unboundedness implies that
the analysis will have to use a widening function, much as the partial evaluator did for the
abstract value lattice in chapter 6. We present the widening function used by SCF in the
next section.

7.1.4 Helper Functions
Figure 7.6 specifies the liveness pattern module. In addition to the LP datatype and the

meet function, the module contains four auxiliary functions that operate on liveness pat-
terns. Two of these functions are defined in figure 7.6, the other two in figures 7.7 and 7.8.
The first helper function iswiden (lines5-11 of figure 7.6), which takestwo LP's|

and |4 and returns athird pattern |, o. If DSE has analyzed a program point n! (typically n
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structure LPModule =
type LP = //see definition of LivenessPattern in figure 7.4(a)
fun meet(lp:LP, Ip:LP):LP = //see definition of meet function M in figure 7.5(b),

andwiden(L:LP, :LP):LP=1L
| widen(|(Ishan)ls [(ISqig)]) = letls = ListPair.map widen (ISpens!Soid) in [(IS)] end
| widen([v, I], [V, I']) =

let v’ = if AV.mustBeEqual(v,v') then v else AV.bot(mkNewl d())

I = widen(l,I")

10 in[v’,I"] end
11 |widen(l, I') = if identical(l,I’) then | else L
12
13 and makeLPFromPattern: (SCF_ML.pattern * LPMap.map -> LP)
14 //seefigure 7.7
15
16 and makeLPFromAbstValue(AV.bot _: value):value =
17 /lseefigure 7.8
18
19 and projectVariant(s:string, |cq 11 |...Icq I]) = if s= ¢ then SOME |; else NONE
20
21 andidentical(I:LP, I’:LP):bool = //trueiff | and I are structurally identical
22 end //LPModule

W J 0 Ul b WN B

e}

FIGURE 7.6: The Liveness Pattern Module.

= 10 in SCF) times, the widen function will be invoked on the LP computed for that pro-

gram point on every subsequent analysis of the program point. LP's |, and I4 are pro-
duced by two successive iterations of the fixpoint loop at a particular program point; g
isthe latest pattern, and |, 4 the penultimate one.

The widening function satisfies the criterion that after the widening threshold is
crossed, the LP associated with a program point will change at most once. It isimpossible,
therefore, for the L P associated with any program point in the program to descend indefi-
nitely down an unbounded chain in the lattice, and (as long as the flow functions are
monotonic w.r.t. to the LP lattice), the dataflow analysis performed by DSE is guaranteed
to converge.

A simple way to accomplish the criterion above would be for widen to return L: fun
widen(l,I’)= if equal(l,I) then | else L. This simple strategy is too conservative. In partic-
ular, recall from the example of figure 7.1 that a key task of DSE is to eliminate dead
writes to the map(s) representing the abstract store in the optimization being analyzed. In

1.We call n the widening threshold.
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typical implementations of optimizations, these maps are threaded throughout the pro-
gram, typically as part of a tuple whose other element is the sub-tree of the AST being
optimized. Note, for instance that as per line 2 of figure 7.1, the argument of the ana-
1lyzeCmd function is a tuple whose first element is the command ¢ being analyzed, and
the remaining two arguments (1Set and aMap) are representations of the abstract store;
similarly, as per line 11, the argument of the t ransformCmd function is a tuple whose
first element isthe command ¢ being transformed, and the second is the map aMap repre-
senting the abstract store. To eliminate stores to these threaded maps in the face of widen-
ing, it is important that the widening function preserve detailed liveness information on
the threaded map(s).

Lines 6-10 of figure 7.6 show how SCF maintains non-trivial information about
threaded maps even in the face of widening. As per line 7, atuple LP is widened by wid-
ening its individual components. If athreaded map is part of a tuple threaded through the
optimization, therefore, aslong as the map LP within the tuple pattern is widened not-too-
conservatively, the LP for the map will be threaded back through the program. As per lines
7-10, amap LP iswidened so that at least in the case that the L P computed by successive
rounds of analysis after the widening threshold remains unchanged, the map remains
unchanged. As per line 11, for al other LP's, if the new LP is different from the old, the
entire LPiswidened to L. Overall, the strategy has the effect that it drastically widens only
those components of the tuple LP being passed through that change across fixpointing
iterations.

The fourth helper function (line 35), projectVariant takes as argument a string sand a
sum liveness pattern I. It optionally returns the liveness pattern I’ such that s | is a sum-
mand of I.

The second helper function, makel PFromPattern (figure 7.7) takes as arguments an
SCF-ML pattern, and a liveness map from identifiers to liveness patterns, and returns a
liveness pattern that represents the set of live fields of any value matched by the pattern,
given the access patterns specified by the liveness map. Consider, for example, the pattern
cons(x,y) with the liveness map [x->L, y->(L,D), z>cons(L,L)]. The map implies that all

parts of variable x are live, and that the fields y and y are live and dead respectively.
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Given these three pieces of information, we may conclude that for any value matching the

pattern, the fields cons® /1 and cons (:1)2 arelive, i.e,, that the fields denoted by the LP
cong(L,(L,D)) are live. In practice, replacing each identifier in the pattern with the LP
attributed to the identifier in the liveness map (line 2), and replacing all wildcard matches
with the LP D (line 1), yields the required result LP. The rest of the function (lines 3-8)
traverses the pattern looking for identifiers and wildcards to replace.

A dight complication arises when the pattern is a binding pattern of the form x as
<pattern>. Recall that SCF-ML allows case expressionssuch as case foo() of x
as cons(y, ) => y::x,which prependsthefirst element of alist to thelist itself.
The complication is that if the pattern being matched in the previous paragraph were z as
cons(x,y) (with the same liveness map), then we know from the cons... part of the pattern
that the value being matched has LP cons(L,(L,D)) as before, but the identifier zimplies
(since zhas LP cons(L,L) in the map) that the value has LP cons(L,L). We combine the two
pieces of information by meeting the two LP's (line 8) to get aggregate LP for the value, in
this case cons(L,L).

The third function, makeLPFromAYV, takes an abstract value and returns a L P that rep-
resents (a superset of) the fields of each concrete value represented by that abstract value.
The LP returned has a structure very similar to that of the abstract value it represents. For
instance, the abstract value cons(3, cons(1, nil)) resultsin liveness pattern cons(3, cons(L,
nil)). Note that the abstract value 1 is turned into the liveness pattern L: since the former
represents the set of all possible values, the latter represents the set of all possible fields.
LP's, however, are simpler in basic structure from abstract values in three basic ways, as
reflected in the corresponding lines of the function:

fun makeLPFromPattern(]_|: SCF_ML.pattern, I[pm:LPMap.map):LP = LP.D

| makeL PFromPattern(|x|, |pm) = case LPMap.find(lpm,x) of SOME | =>1|_=> LP.D
| makeLPFromPattern(|c|, ) =|c()|

| makeLPFromPattern(|c p|, [pm) = let | = makeLPFromPattern(p,lpm) in |c 1| end

| makeLPFromPattern(|(ps)|, Ipm) =

let ps' = List.map (fn p => makeL PFromPattern(p, Ipm)) psin |(ps')| end
| makeLPFromPattern(|x as p|, Ipm) =

LP.meet(makel PFromPatter n(p, Ipm), makeL PFromPattern(|x|, |pm))

W J 0 Ul b WN B

FIGURE 7.7: The makeL PFromPattern Helper Function.
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elt is possible for different alternates in alt abstract values to have the same constructor,
whereas the different alternates of aliveness pattern must have different constructors
(line 5 of figure 7.4(a)). For instance, cons (3, nil) | cons (4, nil) | nil isavalid abstract
value, whereas the LP that summarizes (a superset of) the fields represented by this
abstract value would be cons(3|4, nil) | nil. The conversion function therefore merges
alternates with the same tag (lines 5-6) before recursively processing the summand
abstract values (line 7).

e|t ispossible to have arecursive (fix) abstract value, whereas DSE provides no recursive
LP's. The trandation therefore conservatively attributes LP L to fix abstract values

(line 9): al fields of conforming concrete values are assumed live.

e Abstract map values have an associated list structure, whereas map LP's are represented
by apair. Abstract values seek to maintain the correlation between particular domain
and range elements of the map, whereas LP’s do not. DSE therefore first collapses the
domain and range of the incoming map into abstract values (line 11). These two val-

ues determine the domain and range respectively of the resulting map LP.

7.2 The Abstract Interpreter

The interprocedura part of DSE (not shown because it is a standard context-insensitive
widening-based worklist scheme) associates with every function being analyzed one LP
representing its return value, and one representing its argument. The return LP of afunc-

1 fun makeLPFromAbstValue(AV.bot _: value):value= |L|

2 | makeLPFromAbstValue(AV.tuple(vs, )) = |(List.map makelLPFromAbstValue vs)|

3 | makeLPFromAbstValue(AV.tagval(c, v, )) = let | = makeLPFromAbstValuevin |c || end

4 | makeLPFromAbstValue(AV.alt vs) =

5 let [cq,...Cn] = Listmap (fnc_=>c) vs

6 Vs = List.fold (fn (Jc v, [...cV,...] => [...,c (AV.meet(v,v'),...])) [c{’ top,....Cxy tOP] VS
7 [ET = List.map makel. PFromAbstValue vs

8

in|lq]...)I4l end

9 | makeLPFromAbstValue(AV.fix(v, ))

10 | makeLPFromAbstValue(v asAvV.map )
11 let (Vkey Wa) = AV.collapseMap v in |[Viey, makeLPFromAbstValue vy, ]| end
12 | makeLPFromAbstValue |[ Int|Bool|Sring] k|= |[Int | Bool | String] k()|

LI

FIGURE 7.8: The makeL PFromAbstValue Helper Function.
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1 fun foo x1 = 1 fun foo x1 =

2 case x1 of (x2, x3) => 2 case x1 of (x2, ) =>
3 X2 3 X2

4 end 4 end

FIGURE 7.9: Interprocedural Analysis Example.
Input for intraprocedural analysis (1). A pruned version of the function (r).

tion captures the fields of the return value accessed by computations downstream of the
function. The argument LP captures the fields of the argument value accessed by the func-
tion body and all downstream computations. The analysis begins by assuming that the
optimization program as awhole hasreturn LP L, i.e., that every field of any return value
of the program may be used. LP's are propagated from callees to calersin afixpoint loop.
Termination is guaranteed by widening the LP's associated with a function after it is pro-
cessed afixed number of times using the widen function of the previous section.

During execution, DSE maintains a map (defined by the module LPMap) between
function names and liveness patterns (line 2 of figure 7.10) and a worklist wl (line 1) of
functions to be processed along with their best known argument and result patterns. While
processing each function, it consults the global collecting semantics map Ivm (line 3 of
figure 7.10) that maps map expressions to their set of live keys as described in section
4.4.4.

Given the return LP for a particular function, the intraprocedura part of DSE com-
putes the argument LP for the function, and a pruned version of the function body. Given
function foo of figure 7.9, for instance, and a return LP L, the intraprocedural analysis
deduces that foo has argument LP (L,D). In particular, note that the case expression of line
2 specifies that x1 must have two fields, of which the second is unused (and is therefore
dead). The pruned function body (shown on the right of the figure) is different from the
original because it no longer binds the dead variable x3.

The intraprocedural analysis works by recursively associating a LP with each sub-
expression of the function body. The LP for a subexpression specifies which fields of the
values produced by the subexpression may be used downstream. For each subexpression
e, the backward pass returns a pair containing the expression resulting from pruning out
dead sub-expressions of e, and amap (which we will call the liveness map) from free vari-
ables of eto LP'sthat represent the live fields of those variables. This map corresponds to
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the live-variables set in traditional dead-code elimination. Analyzing sub-expression x2
of line 3 of figure 7.9, for instance, results in the liveness map [(x2,L)]; the case expres-
sion as a whole gives liveness map [(x1,(L,D))]. The bulk of the complexity of the DSE
optimization lies in the way particular types of sub-expressions are treated. Figures 7.10

through 7.16 describe the different cases. We discuss each case below.

7.2.1 Dead Expressions

If the expression being analyzed has liveness pattern D (figure 7.10, lines 6-7), we may
conclude that no field of the expression will be read downstream. In this case, if the
expression has type t (written et in the figure), we replace the expression by a simpler
expression of type t. The function makeReplacementExpr computes this simpler expres-
sion. If tisaproduct type, the replacement expression is a tuple consisting of replacement
sub-expressions derived from the multiplicands. In the case that it is a sum type, the
replacement sub-expression is smply a zeroary variant of that type; in case the type does
not have a zeroary variant, we introduce one.

For example, an expression of type list = cons of int * list | nil will be replaced with the
expression nil. An expression of type int * list could be replaced with expression (O, nil).
The latter case exposes a complication. For instance, if the original expression were the
variable x, then the replacement expression in this case is more complicated, not less, than
the one it replaces! We finesse this issue by relying on the non-scalar rematerialization
strategy of the previous chapter: we assume that all constants can be generated statically in
the text segment so no runtime cost isincurred in constructing them. An alternate strategy,
which we have also explored in SCF, is to never attempt to replace expressions of tuple
type with a smpler expression; instead, we simply analyze such an expression using live-
ness pattern (D,...,D) (where the number of D’s correspond to the arity of the tuple), and
thereby attempt to ssimplify the components of the tuple.

The second component of the returned tuple, the liveness map, is the empty map in this
case: a dead expression does not constrain the liveness of variables or their fields.
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val wl: DSEWorkList.worklist = ref DSEWorkList.empty
structure LPMap = ... //Map from IDs to liveness patterns
val lvm: Label AbstractValueMap.map = ref Label AbstractValueMap.empty

//Dead store elimination on expressions
fun DSE; (Je:t]: SCF_ML.expr, D:LP):(expr * LPMap.map) =
(makeReplacement t, LPMap.empty)

| DSEg (I, Ip) = (Ix], LPMap.empty.insert(x,Ip))

| DSEe (I(e9)], L) =

let (es', Ipms) = List.unzip (List.map (fn e=> DSE(e, L)) e9)
Ipm = List.fold mergeMap LPMap.empty Ipms

in (|(es’)] , Ipm) end

| DSE (I(e9)l, [(I9)]) =

let (es, lpms) = List.unzip (ListPair.map (fn (,e) => DSE(e, ) (Is,e9))
Ipm = fold mergeMap LPMap.empty Ipms

in (|(es’)] , Ipm) end

| DSE (|c €], |L|) = let (¢', Ivm) = DSE(e, L) in (Jc €|, lvm) end

| DSE; (Jc€]: t, clsas|cq I4]...]cq Inl) =

case List.find (fn |c 1| => trug] _ => false) cls of
SOME [cl| =>let (€, lvm)= DSE(e ) in (Jc€|, lvm) end
| NONE => (makeReplacement t, LPMap.empty)

| DSEe(eas|p_|, 1) = DSEprimop(® 1)

| DSE. (Jcaseeof mg], |) =
let (ms, I, Ipm') = DSE(ms, 1)
(e, Ipm) = DSE((e, I')
in (Jcase € of ms'|, mergeMap(lpm, Ipm’)) end

| DSEc(If €], 1) =
let [arg = case LPCachefind(!lpc, I) of SOME ci => ci#argVal | NONE=> |D|
_ = DSEWorkList.add(!wl, MAY(f, |,¢))
(¢, Ipm) = DSEg(€, larg)
in (|f €[, Ipm) end
| DSE (IK], ) = (Ikl, LPMap.empty)

| DSEg (ec as|cf (fnx=>e) €|, 1) = DSE(e )

/IMerge two liveness pattern maps; meet liveness patter ns shared between the maps
and mergeMap(lpm: LPMap.map, |pm:LPMap.map): LPMap.map =
LPMap.unionWith (fn (Ip,Ip’) => LPModule.meet(Ip,Ip’)) (Ipm, [pm’)

and makeReplacement (tsas |t;* ...*tj*...* t,]: SCF_ML.type): SCF_ML.expr =
let es = List.map makeReplacement tsin | (es)| end
| makeReplacement t = zeroaryVariant t
FIGURE 7.10: The Function DSE, for Dead Store Elimination on SCF-ML Expressions.
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7.2.2 Variables

If the expression being analyzed is a variable x (line 9), since from the previous case we
know that X sLPIlisnot D, i.e., xisnot completely dead, we conclude that x cannot be fur-
ther smplified.

To record that all thefields of x represented by LP | are live, we return aliveness map

[x->1].

7.2.3 Tuples

If the expression is atuple, the LP for the expression must either be L (denoting that every
field of every value that the expression evaluatesto is live), or a product LP (note that the
case wherethe LP is D is dready handled by section 7.2.1). In the former case (lines 11-
14), we analyze every component of the tuple expression using LP L, and construct a new
tuple expression and liveness map from the results. In the latter case, lines 16-19, we ana-
lyze each component of the tuple expression using the corresponding component of the
tuple LP instead.

If afieldislivein somefield of atuple, itislivein the tuple as awhole: we therefore
simply merge the corresponding liveness maps to get the map for the tuple as a whole
(lines 13 and 18).

7.2.4 Constructors

If the expression is a constructor application c e, the LP must either be L or asum LP.

In the former case (line 21), we analyze the body e of the expression using LP L (to
acknowledge that any field of e may be live), and tag the resulting expression € with tag ¢
to produce the pruned expression. The liveness map from e is the same as that of c e, since
applying the constructor does not affect the liveness of any variables in the expression (or
their fields).

In the latter case (lines 23-26), we first identify the summand c | that shares the same
tag as the expression, and analyze e with LP | (so as to constrain only the fields of e
denoted by 1) (lines 24-25). The return values for the entire expression follow straightfor-

wardly. If no such summand exists, the entire expression is dead, and replaced by a com-
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pact replacement expression (line 26) as in the dead expression case above; the liveness

map is of course empty.

7.2.5 Primitive Operations

Primitive operations (primops) are analyzed via the DSEyjmgp function (invoked on line
28 of figure 7.10, defined in figure 7.11). The interesting case is when the primop in ques-
tion isamap find, insert or equality operation. For al other cases (line 29 of figure 7.11),

we simply optimize the argument of the primop under the assumption that all its argu-

ments are live (i.e., using LP L), and reconstitute the primop using the pruned argument

expression, while noting the live fields of the argument.

7.2.5.1 Map Insertion
If the argument isamap_insert operation, we seek to determine if the operation is dead by
checking if the potential map fields into which the insertion takes place are dead as per the
LP for the map. If so we avoid the map insert operations. If not, we keep the operation and
recursively optimize its subexpressions.

For instance, suppose we know that over any execution of a program, a map insert

operationmap insert (ey, ey, e,) Writestokeys{1, 454, 6443}, i.e, e, may evalu-

ate to one of these values.? Suppose also that the LP for the resulting map is [1213, L].
Since the latter LP indicates that no downstream computation accesses keys other than 12
and 13 of the map, and the insert operation does not write to any of these keys, we can
eliminate the map insert operation. In particular, we can replacethemap insert opera
tion with the expression e’ , representing the optimized pre-insertion map. Line 2 of fig-
ure 7.11 consults the map lvm for the set of live keys for insert operations. Line 3 extracts
live keysfrom the LP. Line 6 checksif the two setsare disjoint. Line 7 returns e’ if they
are indeed digoint.

The question now arises as to what LP’s to use when optimizing the subexpressions
eqn, €x and e, inthe above example. Take expression e, first. Since e, represents a

1.Note again that the case where the expression is dead is handled on lines 6 and 7.
2.eq, e and e, aremeta-variablesrepresenting SCF-ML expressions.



190

1 and DSEprimop(lmap_i nsert(e;,,8. &,):Map.map|: SCF_ML.expr, |:LP):(SCF_ML.expr* LPMap.map)=
2 let Vi g = case Label AbstractValueMap.find(!lvm, SCF_ML.labelOf g) of SOMEv => v
3 (Vi live!’) = casel of L => (bottom(newld()), L)||[v, I]| => (v, I)

4 Vi = if AV.mustBeSingleton vy 5 then AV.subtract(Vi |ive: Vi val) €€ Vk jive

5 (&m'» IPMy)= DSEg(em [ Vi I'])

6 in if AbstValue.mustBeDisjoint(Vi 4,V jive) then

7 (&m'» IPMyy)

8 else

9 let ((€'Ipmy, (€'y, Ipm,))= (DSEL(e,LPModule. makeL PFromAbstValue v ), DSE(e,l"))
10 Ipm = LPMap.merge(lpm,,, LPMap.merge(lpm,Ipm,))

11 in (Jmap_insert(e’ €, €], Ipm) end

12 end

13

14 | DSEprimop(lmap_fi nd(en.edl. 1) =

15 let v = case Label AbstractValueMap.find(!lvm, SCF_ML.labelOf g) of SOMEv => v
16 ly = case LPModule.projectVariant(* SOME” , ) of SOMEI' => I’

17 (&m'» IPMy)= DSEg(em[ Vi W)

18 [ = LPModule.makel PFromAbstValue v,

19 (& Ipmy) = DSELal)

20 Ipm = LPMap.mer ge(lpm,,Ipmy)

21 in (Jmap_find(e' €|, Ipm) end

22

23 | DSEyrimop(e as [map_equal (eyy.enp)l. 1) =
24 let (€4, 1pmy) = DSEL(e.[1. L])
25 (e'5, Ipmy) = DSEL(ep,[ 1, L])

26 Ipm = LPMap.merge(lpmy, Ipmy)
27 in (jmap_equal (€', € )|, Ipm) end
28

29 | DSEprimop(lp e, ) =let(e',lvm) = DSE4(e L) in (Jp €], Ivm) end
FIGURE 7.11: The Function DSEyjmqp for Optimizing Primops, Including Map Operations.

map, we need to build a LP of the form [v, I] for it, where v represents live keys of the
map, and | the live fields of the values stored in the map. A conservative choice for the set
v of livekeysfor e, istousethesame set asfor themap insert operation asawhole:

if a key k is not live downstream of the map insert  operation, since the
map insert operation itself doesnot make any additional keyslive, k cannot belivein
the map being inserted into. In the above example, for instance, we may conclude that at
most the keys {12, 13} of the map represented by e, are live. Similarly, a conservative

choice for the LP | representing the values stored in e, is the LP for the map resulting

fromthemap insert operation asawhole.
A small optimization is that in the particular case that the map insert operation

can insert exactly one concrete value, we can perform a* strong update”: we can optimize
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(line 5 of figure 7.11) e, using the LP for the post-insertion map with this key removed
(line 4). For instance, if the possible values of e, above were {12}, then we know that
only thekey 13 of e isalive: key 12, even if defined pre-insertion, is re-defined beforeits

first use.
Now, consider optimizing subexpression e, (we only have to do this if the insert

operation as a whole is not dead). We need to deduce a L P with respect to which to opti-
mize e,.. We again make a conservative estimate in this case. In the example above, since

the result of inserting the key e, into the map e, is a map with LP [12|13, L], we can
assume that the only concrete values produced by e, that are live are 12 and 13. Corre-
spondingly, it is sufficient that the LP for optimizing e, specify that every field of con-
cretevalues 12 and 13 islive. The LP 12|13 doesthetrick. Given that the insert expression

as awhole inserts keys into a map expression, and that it has LP [v,]], a general technique
for obtaining the LP for ey therefore isto generate an L P that includes al the fields of all
the concrete values that conform to v. Thisis precisely what we do viathe call to makel P-
FromAbstValue on line 9.

Finally, consider optimizing subexpression e.,. As LP for this subexpression, we sm-
ply (and conservatively) use the LP | for the range of the map expression as a whole (line
9). Since | includes al fields of all map range values possibly used downstream, it will in

particular contain all live fields of valuesthat e, evaluates to.

7.2.5.2 Map Reads
We now describe how map read operations are processed. The basic intuition is that if a
particular read operation reads a key from a map, then that key should belivein the LP for
that map.

For instance, suppose we have a read operation map find (ey, ey ) with LP 1, =

SOME (12|77). Suppose also that the collecting semantics map lvm attributes live keys Vi

="a’|“c’|“m" tothisexpression. Wewant an LP [v,|] for expression e,. First, focus on

1.Recall that the map find operation has type (‘a, ‘b) map * ‘a -> ‘b option. Thus,
map_ find([(7,123)]1, 7) returnsvalue SOME 123, whereasmap_find ([(7,123)], 12) returnsNONE.
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v, the set of live keysin the map. Since (as per v, ) we read at most the values“ a”, “ ¢’ and

“m’, we conclude that at |east these keys should be live. In general, we can smply use the
abstract value v; denoting the read keys as the set v of keys required to be live in the map.

Now consider the LP | for representing the values stored in the map. Since (as per |,)

downstream computations are interested in at most the values 12 and 17 stored in the map,
we conclude that it is sufficient to store these values in the map. Thus| is the result of pro-

jecting away the SOME tag from LP |, as per lines 15-17 of figure 7.11.
Finally, we need an L P with respect to which expression e, can be optimized. Ideally,

we would like to identify just those keys of the map that result in the live fields denoted by
l,. For instance, if we knew that e, evaluates to abstract map (must[(“ a”,12),(“ b" ,17)],

may [ (“ ¢”,99|100)]), then since we know from |,, above that only the values 12 and 17 are
live downstream, we could conclude that key “ ¢”, which maps to dead value 99, is itself
dead. However, SCF maintains much simpler information about the map: it only maintains
the abstract value, v, representing the set of keyswith which the map isread. Since amap
key cannot be liveif that key is never read, we can use v as a conservative estimate of the
set of livekeys. In particular, we say that every field of every concrete value that conforms
to vy is live. We use the function makeL PFromAbstValue to generate the L P representing
these fields (line 18 of figure 7.11). Line 19 performs the actual optimizing of e,,.

Merging liveness maps and reconstituting the map expression (lines 20-21) is routine.

7.2.5.3 Map Equality Tests
The third primitive operation of interest on maps is the equality test on maps. Given

expression map _equal (ey1, eyy) anditsLP | we need to determine the liveness pat-
terns for the expressions e; and e, that represent the argument maps to the operation.

To do so0, we need to answer the question: given that we want to compare two maps for
equality, which parts (i.e., keys and values) of these maps would we need to access in
order to determine equality (and are therefore live upstream)? In the absence of any fur-
ther information, we must resort to saying that every part of every key or value of these
maps may contribute to determining equality. We therefore ascribe (lines 24 and 25 of fig-
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ure 7.11) the liveness pattern [1, L] to each of the maps: the 1 indicates that every key in
the maps may be accessed, and the L indicates that every part of every value for these keys
may be accessed.

A possible concern at this point is that these values may be so conservative asto ren-
der the DSE pass ineffective. After all, the above approach implies that any time a map
equality test appears in the residual optimization program (we expect at least one of these
for each loop in the incoming program), most live upstream inserts to this map will also be
live. The fact that these inserts cannot be eliminated as dead would seem to jeopardize our
goal (mentioned in the introduction to this chapter) of removing as many map insertion
operations as possible.

In practice, however, we are saved by the fact that optimization programs tend to
thread two maps representing the abstract store: the first is the traditional abstraction of
the store at a given program point, and the second is the “sticky representation” of the
store, i.e., amap from all relevant program pointsto the latest relevant dataflow fact at that
point. Equality testing isonly performed between the former kind of map, whereas the lat-
ter (which is essentially an annotation of the program with dataflow facts) isonly used in
the transformation part of the optimization: transformations check whether the dataflow
fact at a point requires a program transformation at that point. Even if many of the former
kind of map insert operations are not removed, virtually all inserts into the latter map that
are not read by the transformation code are removed.

In the DAE optimization of figure 3.7, for instance, the set 1Set givesthe set of live
variables at the current program point, whereas the “sticky” map aMap maps all assign-
ment commands analyzed thus far to the liveness of that command. Equality testing is per-
formed only on 1set (figure 3.7, line 61).

7.2.6 Case Expressions

We now discuss (starting with figure 7.10, lines 30-33) how to compute the liveness map

and pruned expression for a case expression e; = case &, of p; => e | ... | p, => e, (recall
that each individual pattern/expression pair my = p; => g is caled a match). We first

describe how the individual matches my are processed, followed by the guard expression
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1 case x1 of 1 case x1 of

2 unary x2 => unary x2 2 binary(x2, ) => binary(x2,x2)
3 | binary(x2, x3) => binary(x2,x2) 3 end

4 end

FIGURE 7.12: DSE of Case Expressions.
Original expression (1); pruned expression (r).

€y and end by describing how to combine these component results into the results for the

case expression as awhole.

7.2.6.1 Example

Before diving into details, we present an example (figure 7.12). The expression on the | eft
of the figure is a case expression that needs optimization. Assume that the LP for the
expression is binary L, i.e., downstream computations only access the binary variant of
the result of the case expression. Note that intuitively, if the unary variant of the result is
indeed unused, then the match of line 2 (which produces only this variant) is dead and can
be removed. Further, since the variable x3 bound in line 3 is unused, its binding can be
removed. Finally, since the guard expression x1 is live (since there is at least one match
againgt it) and cannot be further simplified, we leave it unchanged. The result is the
pruned expression on the right of the figure.

It remains to show how to produce the liveness map for the expression: which vari-
ables (and in particular, which of their fields) used in the expression are live? Examining
the pruned expression on the right side of the figure (since we can disregard dead parts of
the initial expression), we see that there are two candidate variables, x1 and x2. x2 is
bound within the expression before any of its uses, and is therefore disqualified from the
live set. x1 isfree within the expression and therefore live, but the case expression only
reads the first field x2 of the binary variant of this variable. Finally, since the expression
asawholereturnsbinary (x2,x2) andthe overal LP for the expression is binary L,
we know that all of x2 islive inside the match. We conclude therefore that only the field

-1

(binary ! 1) "1 of x2 islive, or equivalently, create aliveness map binding x1 to LP

binary(L,D).
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1 fun DSE(|p =>¢€|: SCF_ML.match, |:LP):(SCF_ML.match * LPMap.map * LP * bool)=
2 let (€, Ipm) = DSEL(e )

3 P, I', Ipm") = filterPattern(p, Ipm)

4 isLive = not (isReplacementVal €')

5 in(p’ =>¢€], lpm’, I',isLive) end

6

7 and filterPattern(p: SCF_ML.pattern, |pm:LPMap.map): (SCF_ML.pattern* LP *LPMap.map) =
8 let ids = getldsFromPattern p

9 P’ = List.fold (fn (id, p) => case LPMap.find(Ipm,id) of

10 OME L=>p

11 | _ => removeldFromPattern(p,id))

12 pids

13 Ipm’ = List.fold (fn (id, Ipm’) => LPMap.remove(lpm’, id)) lpmids

14 (I'yIpm'") = LPModule.makelL PFromPattern(p’, Ipm’)

15 in(p,I',Ipm’)end

16

17 and removel dFromPattern(p: SCF_ML.pattern, x: SCF_ML.id): SCF_ML.pattern =

18 //If identifier x is bound in pattern p, replace the binding instance with the wildcard pattern “_”
19

20 and isReplacementVal(e: SCF_ML.expr): boolean =

21 [ltrueif eis an expression produced by the makeReplacement function of figure 7.10, false otherwise

FIGURE 7.13: The Function DSE,, for Optimizing Case Expression Matches.

7.2.6.2 Optimizing Matches With DSE,, and DSE ;¢
Function DSE,,, of figure 7.13 describes how individual matches are optimized.

To analyze each match, we need to first decide what LP to analyze it with. In our
example, if the case expression as awhole has LP binary L, it is clearly reasonable to use
this LP for analyzing each match of the case expression (figure 7.14, line 2). Thisis con-
servative because if a value is definitely dead downstream of a case expression, then it
must in particular be dead downstream of each match in the case.

Optimizing a match phrase m (of the form p => €) produces four results (line 1 of
function DSE,,, in figure 7.13): the pruned versionm’ = p’ => €' of the match, the liveness

map |pm’ indicating live fields of the match, an LP I’ representing live fields accessed by
the pattern p of the map, and a boolean isLive that is true if any part of the value of € is
possibly live, and fal se otherwise. Below, we describe, in turn, how each of these resultsis
computed.

1.We compute the pruned expression € and liveness map |lpm corresponding to

expression e(line 2, figure 7.13) by arecursive call to DSE.. We compute, in the hel per
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in (msLive, I, Ipm) end

1 fun DSEg(ms: SCF_ML.match list, I:LP):(SCF_ML.match list * LP * LPMap.map) =

2 let (ms, Ipms, Is, les) = List.unzip (List.map (fn m=> DSE,(m,l)) ms)

3 I = List.fold LPModule.meet LPModule.D Is

4 Ipm = List.fold LPMap.merge LPMap.empty |pms

5 msLive = ListPair.fold (fn (m, true, msLive’)=> m::msLive' | _=> msLive’)
6 [1 (ms, les)

7

8

9

and DSE, ... // Seefigure 7.13
FIGURE 7.14: The Merge Function DSE,s for Optimizing Case Expression Matches.

function filter Pattern, the pruned pattern p’ as follows. If any of the variables bound in
p don’t appear in Ipm, we deduce that it is unnecessary to bind them (since they are
dead), and remove them from p (lines 8-12). The result is p’. In our example, when
pruning the match of figure 7.12(l), line 3, since x3 is dead in the expression
binary (x2,x2), we replace it with a wildcard to get the pattern of line 2 of figure
7.12(r).

2.1f eisnot inferred dead (and therefore replaced by a simpler expression), we set isLive
to true, else fase (line 3).

3.To compute lpm’, we note that the pruned pattern p’ binds some of the variablesin Ipm.
These variables are therefore dead outside the match phrase. In our example, although
x2 isliveinside the match of line 3 of figure 7.12(1), it is dead outside, sinceit is bound
by the match pattern. We therefore remove from Ipm' all variables that are bound in p’
(line 13). This step is analogousto killing assigned variables from the live-variables set

in conventional dead assignment elimination.

4.Findly (line 14), we invoke the helper function makel PFromPattern (defined earlier
in section 7.1.4) to compute the live fields accessed by each pattern, including the
effect of bound variables. Intuitively, the resulting LP I’ represents the set of fields of
the guard expression e, that are accessed as aresult of the pattern match p.
Merging the results of individual matches is straightforward (figure 7.14). We apply the
appropriate meet operators to the LP's (line 3) and liveness maps (line 4) resulting from
each match. For future reference, note that the resulting LP represents the set of all fields
of the guard expression that may be accessed by any of the matches, i.e., al live fields of
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the expression. We accumulate the pruned matches that result into a list of matches, with
the optimization that if amatch is dead, we omit it from thelist (line 5).

7.2.6.3 Optimizing the Guard Expression

Having computed the set of all live fields of the guard expression in the previous section,
itisasimplerecursive cal to DSE, (figure 7.10, line 32) to optimize the guard expression
gg- Intuitively, since gy is consumed solely by the patterns p; of the matches, its live fields
are just the union of the fields accessed by these patterns (or of the fields of variables
bound by the patterns).

7.2.7 Constants

Scalar constants cannot be further pruned, and don’t result in new live variables (figure
7.10, line 40).

7.2.8 Curried Functions

Recall that SCF-ML has two built-in functions, map map and map unionWith, on
map operations that each take an anonymous function and either one or two maps as argu-
ments. The former applies the function to every range value in the argument map. The lat-
ter produces a union of two maps, applying the anonymous function to merge range values
whenever the maps being combined have a common key. See figure 3.5 for examples of
how these functions are used. We now discuss how DSE works for these two built-in func-

tions.

7.2.8.1 Example

Consider the example expression on the left of figure 7.15. Suppose the expression as a

whole has LP[1|22|37, binary L].! This LP indicates that every live value in the range of

1 map_map 1 map_map

2 (fn SOME x => binary(x,x) 2 (fn SOME x => binary(x,x))
3 | NONE => nil) 3 m

4 m

FIGURE 7.15: DSE of Curried Expressions.
Original expression (1); pruned expression (r).
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the map isabinary variant. Since the range values of the map are produced by application
of the anonymous function of lines 2-3, we can conclude that only the parts of this func-
tion that produce binary variants of this function are live. In particular, the case that pro-
duces the nil variant on line 3 is dead. The resulting pruned expression is the one on the
right of figure 7.15.

The second result required from DSE of the expression is its liveness map: which of
itsvariables are live, and what are their LP's, i.e., which fields of these variables are live?
Since the efficacy of DSE depends critically on being able to track the live fields of maps,
it is actually more important that we get as precise a result as possible for the LP of the
map being operated upon, than to prune (as in the previous paragraph) the curried expres-
sion. It is clear from the figure that the only variable free in the expression, and therefore
possibly live outside it, is m, which represents the incoming map. What can we say about
the liveness of fields of this incoming map, given our knowledge of the LP of the result
map?

Consider the liveness of map keys. Since the map operation itself does not use any of
the keys of the incoming map (it uses purely the values in the range of the map, and those
of variables bound outside the expression), we conclude that the incoming map has no
more live keys than the result map. In our example, we conclude that the value 1|22|37
conservatively approximates the live key set of the incoming map. Note that the same rea-
soning holds for the union operation (since the anonymous function for this operation also
operates purely on range values of the incoming maps); of course, in the case of unions,
there are two incoming maps, each of whose domains are approximated by that of the out-
going one.

Now consider the liveness of map range values. The range values of the result map
are created by applying the anonymous function to those of the input map. In our example,
the live fields of the range values of this result map are captured by the LP binary L. The
anonymous function that generates these values has the form (fn SOME x => binary(x,x) |
NONE => nil). By requiring that this expression produce results with live fields repre-
sented by binary L, we conclude that x must have LP L too, and that the input to the anon-

1.Since both built-ins result in a map, their LP's must both be either amap LP, L or D.



199

ymous function has LP SOME L. Abstracting away from the example, the LP for the range
values of the incoming map is computed by using the range LP of the result map as the
result LP of the anonymous function, and using the traditional DSE backward pass to
compute the LP for the formal parameter of the function.

7.2.8.2 The Function DSE 4 for Optimizing Curried Functions
Figure 7.16 specifies the function D SE ¢ that specifies the details of the algorithm underly-

ing the example above. The function works via the helper function optimizeCurriedMap-
Operation, which takes six arguments: opr, the particular primitive map operation being
optimized, the variable x that represents the formal parameter of the anonymous function,
the expression g, that is the body of the anonymous function, the expression e, that gener-
atesthe map (if opr ismap_map) or the pair of maps (if opr ismap_unionWth) to be oper-
ated on, the LP | of the resulting map, and the number i of argument maps (i is 1 for the
map_map operation and 2 for map_unionWth).

We first tease apart the domain (into variable Vi gom) and range (into I;) of the

result map (line 9) from the LP | for the whole expression. The complication here isthat if
the result isL (i.e.,, we simply know that all parts of the result are live), we need to infer
that all possible keys of the map may be live (by using the abstract value bottom for it) and
all possiblerangefieldsare live (by using LP L for it). We then proceed as described in the

1 and DSE(|map_unionWith (fnx => &) &, |:expr, I:LP):(expr* LPMap.map)=

2 optimizeCurriedMapOper ation(|map_unionWith|, x, ey, &y, 2)

3

4 | DSEg(Imap_map (fnx => &) &y, )=

5 optimizeCurriedMapOper ation(|map_map|, X, &, €, 1)

6

7 and optimizeCurriedMapOper ation(opr: SCF_ML.primop, x:id, e,:expr, e,;expr, L:LP, i:int):
8 (expr * LPMap.map) =

9 let (vmp_dom,lr) = casel of L => (bottom(newld()), L)| |[Vv, 11| => (v, )

10 (€plpmy) = DSEg(ey, Iy)

11 lp = case LPMap.find(Ipmy, X) of SOME | => 1| _=>D

12 |map_rng = case opr of map_map => |, | map_unionWith => LPModule.mest(l,, I,)
13 | map = [Vimap_dom !map_rngl

14 Im = casei of 1=> iy | 2=> |(Imap: Imap)l

15 (€plpmy) = DSEgen, In)

16 lpm'y, = LPMap.del ete(l pmy,,x)

17 in (Jopr (fnx=> €') €], LPMap.merge(lpm’,, Ipm,,y)) end
FIGURE 7.16: The Function DSE for Optimizing Curried Function Applications.
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preceding example. To compute the range value of the incoming map(s), we invoke (line
10) DSE on the body &, of the anonymous function, and look (line 11) for the LP (if any)
bound to formal x. As discussed in the example above, for the map_map operation, I, then
represents the liveness of range values.

A complication isthat for map_unionWth operations, the anonymous function is only
applied to range values that have a common key. For instance, the expression
map unionWith (fn (x,y) => x + y) (ml,m2),withincomingmapsml and
m2 bound to values[(1,2)] and [(3,4)] produces the result map [(1,2), (3,4)]. In this case,
the anonymous function is not applied at all, since the two maps have no keys in common.
Conservatively, therefore, to derive LP's for the incoming map ranges, given the LP for
the result map, we need to account for the fact that the fields may or may not have been
created by the anonymous function. For map_unionWth operations, in order to get the
range LP for the incoming maps, we meet (line 12) the |, (which is computed assuming
that each range value is produced by application of the anonymous function) and |, (which
assumes the function was not applied). Also, since we cannot determine during our back-
ward pass which of the two input maps contained each live field, we need to conserva-
tively assume that either could have done so. In our algorithm, we therefore produce a
tuple of identical LP' s for the incoming pair of maps (line 14).

Since the incoming maps are produced by the expression e, now that we have the LP
|y, for theincoming maps, we can optimize e,,with arecursive call to DSE, (line 15).

It remains to create a liveness map for the expression as a whole. We do this by meet-
ing the liveness maps from the two components of the expression, that from the anony-
mous function (Ipmy,) and that from e, (Ipmy) (line 17). Before doing so, we account for
the fact the formal parameter of the anonymous function is not free (and therefore, dead)

in the expression as a whole (line 16).

7.3 Summary

In this chapter, we described the dead-store elimination algorithm (a whole program con-
text-insengitive, flow-sensitive abstract interpretation) that SCF uses to eliminate dead
computations from partially evaluated optimization programs. Compared to traditional



201

dead-assignment elimination, the novelty of thisalgorithm isthat it keepstrack of thelive-
ness of individual fields of data structures, through the use of liveness patterns. Liveness
patternswere originally introduced by Liu et al. [40], and Reps et al. [53]. In fact, the form
of liveness patterns introduced there is more powerful than ours in some ways. In particu-
lar, when describing the liveness of recursive structures, they can describe certain infi-
nitely deep but highly regular kinds of liveness patterns that a value may exhibit. Our
contribution relative to these works is a pragmatic one: we have noticed that the high reg-
ularity that recursive liveness patterns capture is not exhibited by the key recursive struc-
tures (maps) in our application. Instead, we introduce a custom liveness pattern for maps
that is intended to track the highly irregular patterns of liveness that arise in practicein a
tractable and effective manner. We combine these specalized liveness patterns with infor-
mation computed by the partial evaluation pass to more effectively remove dead map
operations.
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8. Evaluation

The goa of SCF isto make it easy to produce effective staged compilers. In this chapter,
we evaluate the extent to which SCF succeeds, and the contribution of its components
towards its performance.

We have implemented a prototype of SCF in Standard ML. We provide an SCF-ML
front-end to allow specification of optimizers. We also provide a C front-end (which
parses C programs into abstract values) to specify functions, called “input functions’
below, whose optimization is to be staged. We have staged pipelines containing three tra-
ditional dataflow optimizations. constant propagation, copy propagation and dead-assign-
ment elimination. Compared to our experience hand-writing staged versions of these
optimizations for DyC [24], using SCF to automatically implement staged versions these
optimizations has certainly been far easier in design, implementation and debugging: the
burden of writing optimizations in SCF-ML and invoking the automatic stager is much
lower than writing a specialized stager. The remaining issues, which can be evaluated by
measurement, are whether automatic staging asin SCF is effective, and what the contribu-
tions of the individual techniques in SCF are.

The most direct way to establish the broad effectiveness and applicability of auto-
matic staged compilation a la SCF would be to demonstrate significant reduction in total
execution time (including late-stage optimization overhead), for a variety of plausible
compiler pipelines over a broad, representative set of benchmark programs and their
inputs. We could show, for instance, that SCF can effectively exploit information available
only at run time by comparing the total execution time for the program with and without a
(SCF-based) run-time optimization stage. Similarly, to show how the quality of SCF out-
put compares to that of hand-staged schemes, we could compare total execution times for
programs that use SCF-staged versus hand-staged run-time stages.

From the point of view of this dissertation, such an approach, although comprehen-
sive, is prohibitive in terms of engineering effort. Implementing an entire compiler pipe-
line in SCF-ML (especidly a non-trivial compiler backend), preparing for staged
compilation a comprehensive set of C programs as benchmarks, and evaluating the perfor-
mance of pre-existing staging techniques on these inputs, are each tasks that can take
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teams of engineers years of work.! The goal of this evaluation, therefore, is more modest.
We provide strong evidence that at least for a few useful C programs, and for a pipeline
consisting of three conventional intraprocedural optimizations that were staged (each at
great engineering cost) by hand in awell-known previous system, SCF can produce (at lit-
tle engineering cost) a staged version of the pipeline capable of yielding significant end-
to-end speedups. In this restricted context, we also analyze the contributions of the various
techniques comprising SCF to net speedup.

In section 8.1, we describe our evaluation framework and our measures of effective-
ness. In section 8.2, we discuss the overall effectiveness of SCF. In section 8.3, we analyze

the contribution of individual techniques. We summarize the results in section 8.4.

8.1 Evaluation Framework

We discussin section 8.1.1 below what system configuration (and related parameters) we
measure in order to establish SCF's effectiveness. In section 8.1.2, we discuss the inputs
under which these measurements are made.

8.1.1 System Configuration and Parameters Used in M easurements

Figure 8.1 shows how SCF is intended to be used to support two-stage dynamic compila-
tion, wherethefirst three phases of the compilation pipeline are staged. For pragmatic rea-
sons our actual implementation differs somewhat from the configuration shown. The two
stages, labeled 1 and 2, are the traditional static-compile-time and run-time stages respec-
tively. The part of the compiler pipeline to be staged (labeled unstaged pipeline in the fig-
ure) consists, in this case, of our three staged optimizations, i.e.,, namely, constant
propagation (labeled CnP), copy propagation (CpP) and dead assignment elimination
(DAE). The stager takes as input this pipeline of optimizations, aswell as an abstract value
representing the input to the pipeline. In this case, the input abstract value is a pair of

which the first element is f, the function to be optimized, and the second is C, a list map-

1.In work directly preceding this thesis, the author spent two years in a team of three full-time graduate students
accumulating one of the most comprehensive sets of benchmarks for evaluating a staged compilation system based on
hand-staged optimizations[24]. However, even that work did not entail devel oping an entire compiler pipeline (although
we did modify most of one), or directly testing competing systems.
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FIGURE 8.1: Staged Dynamic Compilation Using SCF.

ping the arguments of this function to sets of their possible run-time constants as discussed
at the end of section 3.2.3. Execution of the stager produces a specialized version of the
pipeling, labeled CnP’ through DAE’ in the figure.

At run time (stage 2), the binary version Py, of program P (which is invoked with
some input I ,, and of which function f is a part) is executed until f is invoked for the first
time. At this point, the concrete value ¢ corresponding to abstract value C is available,
since c is derived from the actual parameters to be passed to f. P can therefore yield con-
trol to the staged version of the optimization pipeline (labeled staged pipeline in the fig-
ure) with argument (f,c). The invocation generates an optimized version fq of function f.
A traditional back end phase consisting of a scheduler, code generator and assembler per-
forms machine specific transformations on the resulting function and produces a binary
version fon pin Of the function. Finally, alinker links o pin to the rest of the binary image
of the program (labeled Py;-f,in) to obtain a new, optimized executable for the program
(Popt_bin)- All future invocations of function f result in execution of the optimized version
fopt_bin- FOr future reference, let tyya staged (@S indicated at the bottom of the figure) be the
total time, inclusive of all optimization overhead, spent executing the program.

Figure 8.2 shows three baseline configurations that the automatically staged compiler
may be compared against. The simplest configuration (figure 8.2(a)) is a conventional sin-

gle-stage compiler that is used to produce an executable Py;,. Since compilation happens

entirely before program execution, this configuration ignores the information ¢ available
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FIGURE 8.2: Basdline Configurationsfor Evaluating SCF.
(a) Single stage, no dynamic compilation (b) Single stage, all dynamic (c) Two stages, hand-staged dynamic
compilation

only at runtime. Let tioa noopt PE the time taken to execute Py, on Ip An alternative (fig-
ure 8.2(b)) isto again use a single-stage compiler, but to execute the compiler entirely at
run time. A final option (figure 8.2(c)) is to use a hand-staged compiler. Let tya unstaged
and tiotal_handstaged "€SPectively be the total time (including optimization overhead) to exe-
cute the program P in the last two cases.

A direct approach to validate the SCF approach to staged compilation compared to no
late-stage optimization, unstaged |ate-stage optimization, and hand-staged | ate-stage opti-
mization would be to compare tiotal_staged O total_noopt: ttotal unstaged and liotal_handstaged
respectively. For the purposes of this dissertation, however, the direct approach has a dis-

tinct disadvantage: it requires that the backend and linker phases of the compiler being

staged be implemented. Implementing high-quality versions of these phases entails a sub-
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stantial amount of work, as mentioned previously. We therefore settle for a more indirect
demonstration of SCF's effectiveness, as described below.

As illustrated at the bottom of figure 8.1, the end-to-end execution overhead
tiotal_staged CaN be broken into the following components: the time tp spent executing the

unoptimized version of the program, the time tyy gtaged SPENt EXecuting the staged parts of
the optimization pipeline, the time tyqeqen SPENt executing the backend and the linker, and
the time tp oy SUbsequently spent executing the run-time-optimized version of the pro-
gram. Staged compilation results in anet speedup if the time t, lost in late-stage compi-
lation (tioss = topt staged * tcodegen) IS l€ss than the time ty,, gained executing the
optimized binary Pgy i instead of the unoptimized Py (tgain = tiotal_noopt - (tp +
tp opt)- Anideal technique would maximize tg,i, and minimize tjss

Regarding t)oss, given that we have no way of affecting teogegen, We will focus on
quantifying the extent to which SCF can reduce toy gaged- Specifically, we will measure
the staged optimization speedup (ton: unstaged/topt_staged): SINCE topt unstaged 1S Unaffected
by staging techniques, increasing this ratio will clearly imply a decrease topt gaged:

Regarding tys,, we will focus on the asymptotic speedup, sy = tigta) noopt/(tp +
tp opt); @A, since tygta noopt @d tp do not depend on staging technique, maximizing the
asymptotic speedup clearly maximizes ty,,. In line with convention, we will actually
measure the asymptotic speedup of the function f to be optimized dynamically (and not
that of the program P as awhole): s, = t noopt/ts opt Where ty o is the time spent in the
dynamically optimized version of function f, whereas t; o IS the time spent in the
unoptimized version.

From the previous two paragraphs, it should be clear that we need to measure four
timings. to compute staged optimization speedup, we need topt_staged and topt_unstageds and
to compute asymptotic speedup, t noopt and t opt-

We measure t; noopt by instrumenting the unoptimized binary Py, to record the time
spent in function f; t noopt isafraction of the total execution time tp noopt @ shownin fig-

ure 8.2(a). The remaining three numbers are measured as shown in figure 8.3.
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FIGURE 8.3: Configurations Used in this Evaluation.
Figure 8.3(a) takes the pipeline from figure 8.1, and essentially replaces the compiler
backend with afull compiler, i.e., gcc. The compiler takes as input C source (generated by
a pretty printer from SCF-ML abstract values, and written fo: ¢ in the figure), and pro-

duces an executable. Since we have factored out the effect of the compiler backend (by
avoiding a direct end-to-end measurement), we are free to insert an arbitrarily dow (but
highly effective) backend. We simulate the interleaving of program execution and optimi-
zation by directly feeding the input (f,c) (whichis ordinarily produced by |ate-stage execu-
tion of the program being optimized) to the optimization pipeline. We record the time
spent by the staged pipeline generating the input to the backend; this is toy taged- Figure
8.3(b) does the same with the unstaged pipeline of figure 8.2(b). The time spent executing
the unstaged version of the sequence of three optimizationsis toy nstaged:

In both cases, the result of the pipeline as a whole is the same (Pgpt yin): the staged

optimizer produces exactly the same result as the unstaged variant, hopefully at much

lower overhead. We instrument this binary to measure time t; o spent in function f.
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Table 3: Inputsto Staged Pipeline

Abstract Values (C) and Concrete
No.  Input Function (f) Description of f Values (c) to Which Staged Arguments
of f are Bound in the Early, L ate Stages
1 mul_ add mul_add from figure 2.7: stagel: a="Int
computesa* x+ vy, stage2: a =
2 mul add aisfixed at runtime stagel: a=0[1
B stage2:a=1
3 mul_ add stagel: a=3]|1
stage2: a=1
4 dotproduct Finds the dot product of two vectors vl and stagel: V2 ="Int, s="Int
V2 of sizes; v2 and s arefixed at run time stage2: v2=1[0,1,7],s=3
5 dotproduct stagel: v2="Int,s=3
stage2: v2=1[0,1,7],s=3
6 doconvol Convolves 2-D image matrix i with a 2-D stagel: c="Int
convolution matrix c; cisfixed at runtime stage2: c=[[1, 0, 1], [0, 1, 0], [1, O, 1]]
(from the pnmconvol program of the
netpbmn library)
7 doconvol 1d 1-D version of above stagel: ¢ ="Int
stage2: ¢ =10, 1, O]
8 main_ loop Main loop of the Dinero cache simulator; stagel:
invokes routines for finding, fetching and Cache configuration parameters:
updating cache entries, cache configuration i-cache szein kilobytes, i =’ Int
parameters fixed at run time d-cache sizein kilobytes, d ="Int
9 main loop £ As above, also with cache fetch routine i/d cache associativity, a ="Int
inlined
stage2:
10 main loop f u As above, also with cache update routine i=8
inlined d=8
1 main loop f u f  Asabove, also with cache find routine a=1
inlined

8.1.2 Inputsto the Optimization Pipeline

Having discussed which optimizations we stage and what aspects of the stager we mea-
sure, we now discuss the staged inputs to the optimization pipeline. Recall that (as shown
in figure 8.3), the pipeline is fed an abstract version (f,C) of the optimization inputs at the
early stage (an abstract pair of which the first element isthe function f to be optimized and
the list C mapping formals of f to abstract values), and the concrete version (f,c) at the late
stage. In the unstaged case, we just use the late stage inputs (f,c). In this section, we dis-
cuss the actual functions f and the corresponding constants C and ¢ used in our evaluation.

Table 3 lists the functions f and the inputs C and c. We use as tests four functions: the
very simple mul add function used as an example in chapter 2, and three other func-
tions, dotproduct, doconvol and main loop, which were used in our previous
study on hand-staged optimization [24]. We consider different variants of these functions,
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along with variants of input abstract value C in each case. A combination of a function
variant and its abstract value is an input value configuration; each configuration is a row
in table 3, with eleven configurationsin all. Below we discuss the configurations for each
function.
1.For themul add function, we examine three possible values for the early stage input
C. In configuration 1, al that is known is that parameter a of the function will have
some constant value at run time. In configuration 2, we assume early-stage information
that a will have value either O or 1 in the late stage. In configuration 3, we assume
early-stage values 1 or 3 for a. The different early-stage input values are included to
illustrate that, unlike conventional compilers, the performance of staged compilers
depends on the quality of information available at the early stage. In al three

configurations, we assume that the late-stage value of a is 1.

2.The dotproduct function takes two arrays v1 and v2 of length s as input and
computes their dotproduct. In configurations 4 and 5, we assume that v2 is a known
early to be a constant array determined only at run time (in fact, we use annotations of
the style used in DyC [24] to indicate that not only is the pointer v2 a constant, but so
are dereferences off it). In configuration 4, we assume that s is only known to be some
fixed integer at run time, whereasin 5, we assume that it is the particular integer 3. In
either case, weintend that at run time, the dotproduct loop is unrolled, and the values of

v2 corresponding to each iteration treated as a constant.

3.The doconvol function is extracted from the pnmconvol program of the netpbm
[47] image manipulation library. It has two variants.
The first, configuration 6, convolves input matrix i with respect to input matrix c.
Both matrices are two dimensional. The convolution involves a quadruply nested loop:
the outer two levels of nesting iterate over the elements of i, whereas the inner two
iterate over those of c. We assume that ¢ is known early to be a constant matrix
determined only at run time. We intend that the doubly nested loop over the
convolution matrix ¢ isunrolled fully at run time.

The second, configuration 7, is a convolution over one-dimensional matrices i and c.
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In this case, the inner loop is doubly nested, the outer loop over i and the inner one
over c. Weintend that the singly nested loop over the convolution matrix ¢ isunrolled

fully at run time.

4.Themain loop functionistheinner loop of acache smulator [27]. It loopsthrough
the entries from afile containing a trace of memory addresses and cache queries (each
guery is a fetch or an update), and simulates performing the query at a given virtual
address. A common sub-step for both fetches and updates is the find step which
computes the physical location in the cache that the given virtual address maps to.
Typically, the structure of the cache is fixed at the beginning of a simulation run,
yielding the possibility that the function can be optimized with respect to this constant
value. Further, we can stage the optimization, since we know at stage 1 that the
variables representing the structure will have some constant value, as detailed in the
rightmost column for configurations 8 through 11.
The function as originally implemented has three helper functions fetch, update
and find that implement the corresponding queries. The run-time constant
computations are spread out over these three functions. In order to get maximum
benefit from intraprocedural optimization, it is necessary to inline al three callee
functions into the parent main_ loop function. Configurations 8 through 11 differ in
the number of these callee functions that are inlined. We choose to examine the four
increasingly complex configurations separately in order to gauge how both asymptotic

speedup and staged optimization speedup vary with input function size.

8.2 Overall Effectiveness of SCF

In this section, we examine the end-to-end effectiveness of SCF using the two metrics dis-
cussed in the previous section: staged optimization speedup (in section 8.2.1) and asymp-
totic speedup (in section 8.2.2).

All measurements in this section and the next were performed on a lightly loaded 350
MHz Pentium processor with 256MB RAM and 8kB L1 instruction and data caches and a
512kB L2 cache. Times reported are user times.
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FIGURE 8.4: Speedup of Saged Optimizer Relative to Unstaged Optimizer.

8.2.1 Staged Optimization Speedup

Figure 8.4 shows the staged optimization speedup (i.e., the ratio of the time taken to exe-
cute the unstaged version of the compiler to that of the staged one) for each of the 11 input
configurations described in the previous section. The figure also shows the reduction in
the number of operations executed by the optimizer (i.e., the ratio of the number of opera-
tions executed in the unstaged version of the compiler to that of the staged one), as
counted by a concrete interpreter for the optimization program. The chart on the left is a
graphical representation of the table on the right. A few key points are worth noting.

First, the staged pipelines are significantly (up to an order of magnitude) faster than
their unstaged versions in most cases. Thus, automatic staging via SCF is capable of sig-
nificantly reducing run-time compilation overhead relative to conventional variants of
optimization pipelines.

Second, the speedup due to staging may be quite sensitive to the particular abstract
values provided at each stage. Comparing configurations 2 and 3, for instance, even
though the two configurations differ only in that the former binds argument a of function
mul add to 0|1 and the latter to 1|3, the speedup in the latter case is more than thrice that
in the former. The reason is that since the product of any value with 0 is 0, constant propa-
gating a potential O value results in a chain of computations that potentially need to be
folded away (to 0). A staged constant propagator that handles these extra potential cases
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FIGURE 8.5: Pipeline Expansion Factor and Input Function Size.
Function size indicates the size of the function before staging. Pipeline expansion factor is the ratio of the size of the
specialized optimization pipeline to the unspecialized version.
needs to perform more checks than one that does not, resulting in extra compile-time over-
head.

Third, large reductions in number of instructions executed do not always trand ate to
correspondingly large gains in execution time. For instance, comparing configurations 10
and 11 to configuration 8, we would expect to get speedups of roughly 10x in the former
cases, as in the latter case. However, the actual speedup is half of that expected. Figure
8.5, which presents the pipeline expansion, i.e., the ratio of the size of the staged pipeline
in the final stage to that of the unstaged version, provides a possible reason for this anom-
aly. The staged pipelines for configurations 10 and 11 occupy roughly six times as much
gpace asthat of configuration 8. It is very likely that these pipelines perform poorly in the
(small) hardware cache on our machine.

Fourth, the size of the staged compiler usually grows linearly in the size of the input
program, rather than exponentialy, as is the theoretical worst case described in section
6.2.1.2. Figure 8.5 shows that thisisroughly truefor all configurations but configuration 6
(note that although the function in configuration 6 is roughly three times the size of that in
configuration 3, the expansion factor is six to seven times the size). The reason is that the
theoretical worst case size increase applies when the input function has deeply nested
loops. The convolution routine in configuration 6 contains a four-way nested loop; even

bounded unrolling of the nested recursion required for analyzing this loop resulted in
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noticeable exponential blowup. Configurations 9 through 11 seem to yield sub-linear
increase in size; thisis mainly because the stager is able to determine at the early stage that
the functions being optimized in these configurations are for the most part not amenable to
late stage optimization, so that the corresponding residual code is for the most part folded
away or removed as dead. Configuration 6 suffers in this respect. In that case, the loop
body being unrolled consists of aload of a run-time constant of a value that is then muilti-
plied and added to non-constant values. Given that the actual value of the constant is not
known statically, the stager needs to accommodate the possibility that the value could be
zero, one or a power of two. The residual code thus maintains analysis and transformation
code to handle these possibilities.

8.2.2 Asymptotic Speedup

Figure 8.6 shows the asymptotic speedup of the optimized functions produced at runtime.
For three of the configurations (5, 6 and 11), the corresponding ratio for hand-staged sys-
temsisincluded under the label “hand speedup”. The numbers for the hand-staged system
are taken directly from our previously published results [24] and therefore have caveats as
discussed below. Three points are especially worth noting.

The staged optimizations do provide noticeable speedups. In a sense, thisis not sur-
prising since prior work on hand-staged systems [24, 14] has already shown that the opti-
mizations in our pipeline are effective in speeding up input functions. However, most
optimizations have versions with different levels of aggressiveness, e.g., a constant propa-
gator may or may not reduce multiplies by powers of two to shifts, or fold multiplies by

g 6 @ SCF speedup M conf #| SCF speedup|hand speedup
] 5 Qhand speedup| | 1 1.2
& 4 2 12
o3 3 1.2
22 _ 4 2.7
o
c 14 || 5 2.7 5.7
(‘5 T T T T T T T T T T
7 1.9
1 2 3 4 5 6 7 8 9 1011 5 1
configuration no. 9 1.1
10 1.1
11 1.3 1.7

FIGURE 8.6: Asymptotic Speedup of Compiled Functions.
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zero to the constant zero. Our measurements demonstrate that the particular SCF-ML
specification of the three optimizations in our pipeline is aggressive enough to achieve
good speedups on at least three of the input programs previously examined in the literature
(mul addisamicro benchmark particular to the current evaluation).

Configurations 8 through 11 illustrate a peculiarity of staged compilation that we dis-
cussed in the previous section. Fewer opportunities for late-stage optimization may actu-
ally result in greater staged compiler speedup, if the stager is able to determine
conclusively in the early stage that the opportunities do not exist.

The speedup due to the hand-staged pipeline is significantly greater than that
achieved by SCF. One possible reason for this gap is that the optimizations as specified in
the SCF pipeline may not be as aggressive as that in the hand-staged pipelines. Another is
that the two sets of speedup numbers were obtained on different hardware systems, and
the utility of agiven optimization can vary widely across systems. We reproduce the hand-
staged numbers here smply to give an indication, however imperfect, of how the auto-
mated result compares with hand-staged versions.

8.3 Contributions of Staging Techniquesto Compiler Speedup

We now analyze the extent to which various techniques in the stager contribute to the
speedup of the staged compiler. The analysis proceeds by disabling a technique (or a
group of techniques that work together) and recording the staged optimization speedup
with the resulting stager. If the original speedup was s and the new speedup s, we report
the fractional speedup change (abbreviated “speedup change” below), (s-1)/(s - 1). For
instance, if the origina speedup were 1.4 and the new speedup 1.2, then the speedup
change would be (1.2 - 1)/(1.4 - 1) = 0.5. If the new speedup is below 1, i.e., it is a sow-
down, then the fractional speedup change is negative. For instance if s is 0.6 (with sas
before), then the fractional speedup changeis-1. If the new speedup is the same as the old
speedup, the speedup change is 1. Intuitively, the speedup change ascribed to a technique
isthe fraction of the original speedup that is lost by disabling the technique.
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FIGURE 8.7: Contributions from Variants of the Abstract Value Representation.

We present our results in three subsections. The subsections correspond to the bene-
fits derived from abstract value implementation techniques, improvement strategies and

dead store elimination respectively.

8.3.1 Contributionsfrom Abstract Value | mplementation Techniques

SCF uses a more detailed representation of abstract values (defined in figure 5.2) than
most online partial evaluation systems. In what follows, we examine in succession the
effect of removing tuple, alt and fix variants of SCF abstract values, of disabling value
ID’s, and of using a simpler representation than that based on may and must lists for
abstract maps.

8.3.1.1 Removing tuple, alt and fix forms

Figure 8.7 shows the effect of removing various combinations of the tuple, alt and fix vari-
ants. By “removing” alt and fix variants, we mean that the stager is forced to use the
abstract value bottom where it would ordinarily use one of these variants. By “removing”
the tuple form, we mean that whenever the stager would ordinarily create a tuple abstract
value that has even one field that is non-singleton, we replace the whole tuple with bot-
tom; afully concrete tuple would continue to be represented as before. In effect, we gauge
the impact of these variants by using the conservative value bottominstead of them. Since
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many traditional online partial evaluation systems use a three-level abstract value hierar-
chy consisting of top, concrete values and bottom, thisis an interesting study.

The table to the right of figure 8.7 gives, for each of the 11 input function configura-
tion, the staged optimization speedup achieved by the full-featured version of SCF, the
version (labeled “tpl/at/fix”) where al three variants (i.e., tuple, alt and fix) are removed,
the version (labeled “alt/fix”) where alt and fix variants are removed, and the version
(labeled “fix") where only the fix variant is removed. The chart on the left shows the corre-
sponding speedup changes.

Not surprisingly, disabling tuple values (along with fix and alt) leads to speedup drop-

pingto 1in every case. The reason isthat since disabling non-singleton tuples setsthem to
bottom, then in particular, the abstract input tuple (f, C) to the optimization pipeline will
be bottom for al eleven configurations. For instance, configuration 1 ordinarily has input
(int mul add(){...}, (..., CONSTANT(1))) asin figure 3.13(a). If we
only represented fully concrete tuples explicitly, then (since this tuple contains non-con-
crete value 1), the configuration would have input 1. A bottom abstract input value at the
early stage means precisely that the stager has no information whatsoever about the
abstract input at this stage, so that the specialized value of each optimization isidentical to
the original one.

Disabling just fix and alt values produces more interesting results. Intuitively, this
restricts early-stage information available to SCF exclusively to fully concrete sub-fields
of tuples. We describe the significant effects below.

e Thereisno significant difference in performance between configurations 2 and 3, which
only differ in the alt values that parameter a is bound to. In the absence of alt values, we
would simply assume a value of bottom for this parameter in both cases. The magnitude
of the speedup for configurations 1 through 3 is also close to one: the stager ordinarily
produces alt forms for almost every statement in the mul add function (figure 3.13);
setting these to bottom loses almost all useful information at the early stage. Configura-
tion 5 (optimizing a loop statically unrolled 3 times) also relies on extensive use of the
alt form because the stager cannot rule out a variety of options; its speedup aso therefore

drops close to one.
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e |n cases where the early stage needs to reason about loops being unrolled, and the degree
of unrolling is statically unknown (configurations 4, 6 and 7), the stager ordinarily uses
fix values to represent the early results of unrolling. In all three configurations, the loop
to be unrolled dominates the body of the function being optimized, so that setting this fix
value to bottom resultsin loss of information about most of the function, and therefore a
precipitous drop in stager speedup. Note that although the histogram seems to imply an
especialy dramatic fall in performance on configuration 6, thisis an artifact of the rela
tive fractional speedup change we use: actually, the speedup drops from a modest 1.1 to

asmall slowdown of 0.9.

e Somewhat surprisingly, in the largest benchmark (configurations 8 through 11) most of
the body of the function is provably unaffected by the optimizations, so the lack of alt
and fix forms has much lessimpact. Of course, here we are making a virtue out of neces-
sity: if much of the body is provably unaffected by optimization then presumably the
code produced by late-stage optimization will not be much faster than that without the

optimization.

Disabling just fix values only has an effect in the configurations where fix values are used.
As mentioned above, thisis in configurations 4, 6 and 7. In these cases, speedup all but
disappears. In al other configurations, speedup is unaffected.

8.3.1.2 Dropping Abstract Value ID’s

Figure 8.8 shows the effect of dropping ID tags from abstract values. In all programs that
require fixpoint analysis of loops, performance drops significantly. The reason is that fix-
point analysis requires abstractly executing an SCF-ML map equal operation to test ter-
mination of the fixpoint loop (e.g. line 61 of figure 3.7). As explained in section 5.3.7.3,
map equality invoked on non-singleton abstract maps will always result in an abstract
vaue (true [ false) inthe absence of value ID’s, so that the termination test of the fix-
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FIGURE 8.8: Contributionsfrom Abstract ValuelD'’s.

point loop may always be false during partial evaluation. At some point, the partial evalu-
ator isforced to declare a possible infinite loop and widen its abstract state.

A somewhat subtle point to note here is that the map equal instructionsasin line 61
of figure 3.7 are only executed when a while loop possibly in the input function at the
late stage is being analyzed. Consequently, loops in the input function that are to be fully
unrolled in the late stage (so that there is no possibility at all that they will be loops at the
late stage) do not require abstract execution of the map equal test during abstract inter-
pretation at the early stage. In the latter cases, therefore, value ID’s, which are intended to
facilitate equality comparisons, are not relevant. Configurations 4 and 5 (the fully unrolled
dotproduct functions) therefore escape the performance penalty. Configurations 6 and
7 contain both unrolled loops and non-unrolled ones, so that accurate equality testing is
important in them. All the loops in 9 through 11 are of the non-unrolled variety, so they
experience signficant reduction in speedup. As will be seen later, these latter configura-
tions do not lose al speedup because of the complementary role played by SCF's widen-
ing techniques. Configurations 1 through 3 contain no loops and are therefore unaffected

by value ID’s.

8.3.1.3 Dropping “must” and “may” Listsin Maps
Figure 8.9 shows the result of weakening the special representation that SCF uses for rep-
resenting abstract maps. In particular, the stager is modified so that it does not separately
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keep track of the definitely-known mappings using the must list (figure 5.2, line 12) and

the possible mapping using the may lists. Instead, the stager represents a map by a pair of

values (k,v), where k is the meet of the keys in the original must and may lists, and v the

meet of the corresponding values.

Not surprisingly, losing the ability to keep track of mappings precisely destroys
speedup in every case. Recall that all our optimizations consist of an analysis step that sets
the fields of a map representing the abstract store at each node of the function being opti-
mized and a transformation step that consults this map for each node. Essentially, SCF is
unable to simplify the transformation code for any optimization because information for
every node in the AST is conflated with that for every other node. Most importantly, this
results in map lookup operations that cannot be folded away because they do not return
singleton values (both in analysis and transformation code) and map write operations that
cannot be eliminated by dead-assignment elimination because the downstream transfor-
mation code may read these writes.

Unfortunately, dropping precise map representations does not affect unrolling of the
optimization over the incoming AST, so that the specialized optimizations still occupy
much more space than the unspecialized version. As with configuration 6, this double
whammy of ineffective optimization and code bloat can result in significant slowdowns,

not just lack of speedups.
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8.3.2 Contributionsfrom Improvement Strategies

We now turn to the efficacy of improvement strategies used in SCF. The four improve-
ment strategies we examine are function specialization (described in section 6.2.1),
expression specialization (section 6.2.2), widening (section 6.3) and non-scalar rematerial-

ization (section 6.4).

8.3.2.1 Function Specialization

To understand the effect of function specialization techniques we performed two experi-
ments. In the first case (labeled “finite args’ in figure 8.10), we omitted finiteness analy-
sis, and therefore did not specialize on finite arguments. SCF's use of finiteness analysisis
detailed in section 6.2.1.1. In practice, we implemented this by using the finiteness key
bottom for all functions in the optimization program. In the second case (Iabeled “help-
ers’), we omitted specializing non-finite functions, which are typically helper functions,
for each calling context. The need for specializing helper functions is detailed in section
6.2.1.2. We implemented this by using a single finiteness key bottom for all non-finite
functions (i.e., with finiteness patterns of | for their arguments).

Not specializing on finite arguments (and therefore not unrolling the optimization
over the incoming input function) essentially has the effect of performing no specializa-
tion at all. Note that we continue to specialize on k-deep context chains (with k = 2), so
that al function call chainsoptimize(...)-> ... £ ... -> £’ (which may
contain at most two instances of functions £) result in unique specialized versions of func-
tion £ . For instance, we generate two instances of the analyzeCmd function in the con-
stant propagation optimization of figure 3.7, one corresponding to the call from the
analyzeFun function (line 18, figure 3.7), and the other corresponding to a recursive
call (e.g. line 31). The second instance contains arecursive call to the first one, since fur-
ther unrolling is forbidden given the value of k.

Not surprisingly, blind specialization based purely on call chains (i.e., not specializing
on individual nodes of the incoming AST) is insufficient for producing good specializa-
tion: there are tens to hundreds of instance of various types of phrases (expressions, com-
mands, etc.) in any non-trivial function, and (if k = 2) only two specialized versions of the

functions that process them. Each version is therefore invoked more times than the (gener-
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FIGURE 8.10: Contributions from Context-Sensitivity Strategy.

ous) widening threshold of n; = 12 times that SCF uses, resulting in aggressive widening

of argument and return values to bottom. The net effect is the same as staging with input
abstract value bottom: there is no speedup (or slowdown) relative to no staging, although
staging time (not shown) is considerably longer, since widening needs to happen first. As
shown in the curve labeled “finite args” in figure 8.10, the result is uniformly a fractional
speedup change of zero.

Figure 8.10 also shows the effect of not specializing non-finite “helper functions’ in
the context of their calling contour key chain. Recall that helper functions are non-finite
functions, i.e., ones with no finite arguments. In practice, for the three optimizations we
are staging, there are only two helper functions: meet, which perform the relevant map
meet operation in all three optimizations, and constAsLatticeElement, which con-
verts an SCF-ML constant value into a constant propagation lattice value in the constant
propagation optimization. Only the meet function affects the value of the abstract map
threaded through the optimization: constAsLatticeElement does not read or write
the abstract store. A consequence is that configurations that do not invokethemeet func-
tion are minimally impacted by not specializing helpers, whereas those that do (in particu-
lar, the ones with branches and/or loops) are affected significantly.

The meet function is invoked when the incoming function contains a branch. As
described in section 6.2.1.2, the case that is especially expensive is when the incoming
function contains an early branch followed by many downstream branches. The resulting
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conflation of abstract stores at branches can result in significant performance loss, as

shown in configurations 6 through 11.

8.3.2.2 Expression Specialization

Figure 8.11 shows the effect of disabling expression specialization (see section 6.2.2), i.e.,
not introducing discriminators to case expressions in order to split the abstract environ-
ment under which the body of the case expression is specialized. In our benchmarks,
expression specialization does not have a significant effect. Although it is not difficult to
come up with examples where expression specialization should make a significant differ-
ence, it seems that these opportunities are certainly not ubiquitous across all instances of
staged compilation. Note that the fractional speedup change metric exaggerates the effect
on configuration 6 in the histogram because the speedup was relatively small to begin
with.

8.3.2.3 Widening

The careful widening strategy in SCF (see section 6.3) ensures that partial evaluation of
optimizations terminates in a finite number of steps, while preserving accuracy in com-
mon cases. In particular, the widening ensures that maps (which, in general, represent the
abstract store that is propagated throughout the optimization) are treated carefully. In the

rest of this section, we refer to “careful widening” simply as “widening’.
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Widening is essential in SCF, because programs specialized on finite arguments (i.e.,
“unrolled” over incoming AST’s) may still contain recursion. Combined with the fact that
the abstract value lattice has unbounded height, this recursion may result in non-termina-
tion. In the common case, recursion arises from two sources. First, optimization programs
iterate to fixpoint in order to analyze loops in the programs they are optimizing; in SCF-
ML the iteration is implemented as a recursive function call to functions such as ana-
lyzeWhile in the implementation of dead-assignment elimination (figure 3.7). Second,

an abstract AST may contain recursive (or fix) abstract values, which correspond to infi-

nitely large sub-trees of the incoming AST.1 “Unrolling” optimizations over such AST’s
also resultsinrecursive calls (e.g., figure 6.28).

The above sources of recursion make different requirements of widening. Assuming
precise equality tests (facilitated by abstract value ID’s), the k-deep-contour-chain-based
gpecialization in SCF is typically sufficient for fully unrolling the recursive anaysis of
while loops. In this case, we expect each contour to be analyzed less than k times, so that
the widening threshold for the contour (which is typically greater than k) is not exceeded,
and widening is not required. When analyzing fix forms, however, there is no a priori
bound on the number of times a contour is analyzed, so that the widening is typically
expected to be invoked. Of the configurations we are evaluating, configurations 1, 2, 3 and
8 have no loop in them (so that widening isirrelevant), 5 has an unrolled loop that is, how-
ever, unrolled fully at the early stage (so that widening is again irrelevant), 4 has an
unrolled loop represented as a fix form (so that widening is aways relevant), 6 and 7 have
both unrolled and non-unrolled loops (widening should be even more relevant when
abstract value ID’s are disabled in this case), and 9 through 11 have only non-unrolled
loops (so that widening is relevant only when abstract value I1D’s are disabled).

Figure 8.12 shows the impact of disabling widening. The data labeled “no widen” is
the case where only intelligent widening is turned off, i.e., dumb widening to bottom is
used instead. The data labeled “no widen/ID’s” is the case where both widening and
abstract value ID’s are turned off. Turning off just widening causes catastrophic 10ss in
precision in the configurations (4, 6 and 7) that contain non-unrolled cases. However, its

1. In our examples, fix values are aresult of unrolling loops at the early stage.
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FIGURE 8.12: Contributions from Widening Strategy.

impact is not significant in the configurations that have only non-unrolled loops. In this
case, it is only when abstract ID’s are also turned off, so that widening is forced, that the
contribution of widening becomes clear. Comparing configurations 9-11 across figures 8.8
and 8.12, it is clear that widening can compensate to some extent for the loss of precision
from discarding value ID’s. In figure 8.12 (“no widen/ID’s” case) where widening is dis-
carded, speedup change essentially falls to zero, whereas in figure 8.8, where widening
(but not value ID’s) isretained, we still see a noticeabl e speedup. Not surprisingly, widen-
ing has no significant impact on the configurations (1, 2, 3, 5 and 8) which have no loops.

8.3.2.4 Non-Scalar Rematerialization

Non-scalar rematerialization (see section 6.4) replaces SCF expressions that evaluate to a
(possibly non-scalar, e.g., AST nodes) constant value with an expression that synthesizes
just that specific constant. Given that these new expressions can themselves be much more
expensive than the ones they replace, we need an additional optimization, that of generat-
ing them into the text segment at compile time (called “hoisting” below) so that no run-
time cost is paid when evaluating them.

Figure 8.13 showsthe results (labelled “remat”) of disabling non-scalar rematerializa-
tion. In summary, disabling rematerialization has a modest effect. Thisisin line with our
observation that much of the time spent in optimization is spent in accessing the abstract
store (i.e., writing into and out of maps), and not as much in generating the trees. In many

cases, the optimization generates trees by using unchanged parts of the incoming AST by
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FIGURE 8.13: Contributionsfrom Non-Scalar Rematerialization and Hoisting.

reference (for instance, a dead code eliminator may simply reuse entire statements by ref-
erence asin line 79 of figure 3.7), so that the original expression is not as expensive as it
would be if it re-assembled every sub-tree of the incoming AST.

Figure 8.13 also shows the results (labeled “hoist”) of performing non-scalar remate-
rialization without the hoisting optimization. In effect, we force the stager to generate al
constant values including, in particular, entire sub-trees known at static compile time.
Since the number of map operations eliminated remains the same, in most cases we till
see a speedup. However, forcing all constant values to be built from scratch (when the
original program may have constructed them by references to existing values) substan-
tially reduces the efficacy of staging. The drop is most noticeable in configurations 9, 10
and 11, which process large AST’s, most of which can be proven to be constant (and un-

transformed) at static compile time.! Constructing these AST’s not only adds to the num-
ber of operations relative to the version without rematerialization, but also adds substan-
tially to the size of the residual programs, which were already extremely large (see figure
8.5).

Configurations 9 through 11 benefit especially strongly from hoisting. The reason is
that, as mentioned previoudly, configurations 1 through 8, have many potential (but not
definite) opportunities for optimization. At the early stage, therefore, the structure of most

1.Asin previous cases, although the fractional speedup change for configuration 6 is quite dramatic, the baseline speedup
wasonly 1.1in that case.
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of the late-stage AST is not fully concrete. These parts of the AST are therefore not rema-
terialized. Correspondingly, the total benefit attributable to intelligent rematerialization is
not as high for these configurations as for configurations 9 through 11.

8.3.3 Contributionsfrom Dead-Sore Elimination

Figure 8.14 shows the effect (labeled “dead store”) of turning off dead-store elimination
(DSE) atogether. DSE is the subject of chapter 7. One of the key innovations of DSE as
implemented in SCF, is the use of a written-keys map computed by the partial evaluator
that indicates, for each map insert operation in the residualized optimization, the set of
possible keys that may be written by that operation. SCF is able to remove map insert
operations by checking whether this set of keys has a null intersection with the down-
stream list of possibly live map keys (section 7.2.5.1). The result of not using the written-
keys map is labeled “dead inserts” in figure 8.14.

Two key trends stand out. First, disabling dead assignment elimination leadsto signif-
icant losses in stager speedup. Surprisingly, however, not all speedup is lost: one may
expect that removing the map-operation-eliminating and A ST-construction-eliminating
effects of DSE would remove all speedup or even result in slowdowns. On examining the
specialized code, the primary reason is that a significant number of map read operations
are folded away by the partial evaluator because they yield fully concrete results. A lesser
effect is that some sub-trees, although unnecessarily constructed, are rematerialized at

compiletime in the text segment, so that their cost is not paid at run time.
1
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Second, not being able to eliminate map insert operations has almost as bad an effect
as not performing any dead store elimination. To understand why, recall (see figure 7.1 for
an example) that most staged optimizations (and certainly the three actually staged in this
study) can be divided into an analysis part, which writes a map from labels in the incom-
ing AST to lattice values, and a transformation part, which reads this map to perform
appropriate transformations of the AST. Typically, if for any given node in the AST, the
read (in the transformation code) from the map can be folded away, then the upstream
write (in the analysis code) into the map becomes dead. If the write corresponding to a
node becomes dead, then often all the analysis code that went into computing the written
value also becomes dead, so that in summary, the map accesses, analysis logic and AST
accessors for a particular node al become dead (and removable). Unfortunately, most of
this benefit vanishes if we cannot eliminate the intermediate map write operation. As the
figure shows, however, DSE till has some modest benefit even in this case: the “dead
inserts’ numbers are dightly higher than the “dead store” case. A look at the generated
code reveals that many tree-construction and traversal operations that either build or
extract parts of trees that are not used downstream (mostly because their results have been

rematerialized downstream) can still be avoided.

84 Summary

We provide evidence that SCF can produce staged optimization pipelines that can generate
significantly optimized code. The generated optimizations can exploit run-time informa-
tion at substantially lower run-time overhead than their conventional variants. Asymptotic
speedup of the generated functions ranges from 1x (no speedup) to 2.7x. Speedup of
staged compilation ranges from 1.1x to 12.2x. A pleasing result isthat the staged compiler
speedup is often high when not much run-time optimization is feasible: in the common
case that not much optimization is possible, staged compilation can determine statically
that thisis so, and avoid paying the run-time overhead of trying to optimize.

Many of the techniques included in SCF have a noticeable effect on its ability to pro-
duce faster late-stage compilers. Except for expression specialization, which did not have
significant impact on our benchmarks, disabling each of the techniques we examined
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resulted in loss of at least half the speedup for at least one (and frequently more) of the
input configurations. Not surprisingly, some design choices, such as representing at least
alt variants of abstract values, must/may lists in abstract maps, and specializing on argu-
ments (viafiniteness analysis), were essential for any speedup on any configuration.
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9. Conclusions

In this chapter, we examine the main contributions of this thesis, present a critique of the
work and sketch possible directions for future work.

9.1 Contributions

This dissertation makes three main contributions. First, it introduces an architecture for
staging individual optimizations and pipelines that requires far less work from compiler
writers than traditional approaches. Second, it provides an implementation of this archi-
tecture that cleanly and effectively combines two existing powerful but notorioudy diffi-
cult-to-use techniques, partial evaluation and dead store elimination. Third, it reports
measurements of an implementation of this architecture that show that it can yield staged
compilers with good performance at very low per-optimization engineering overhead.
SCF unifies and automates a variety of existing approaches to staging individual opti-
mizations. Existing approaches involve writing a special staged version of each traditional
optimization to be staged. Staging an optimization therefore requires considerable addi-
tional engineering effort specific to that optimization. In this dissertation, we show that it
is possible to get many of the effects of the specially designed staged optimizations by
applying one generic function (called the stager) to generic versions of these optimiza-
tions written in a domain specific language (SCF-ML); figure 3.2 illustrates this approach
at a schematic level. Since it is far easier to re-implement a conventional design in this
domain-specific language than to design and implement staged versions of optimizations,
this viewpoint has the potential of making staged optimization more widely usable.
Through the use of a uniform representation (regular tree grammars) to represent
early-stage inputs and outputs of optimizations, SCF further shows how the infrastructure
for staging a single optimization can be composed with little effort to yield one that can
stage pipelines of optimizations. Figure 3.1 captures this approach. Existing approaches
specify early-stage information using optimization specific annotation languages, and pro-
vide little support for staging pipelines of optimizations: changing the order of optimiza-
tions in the staged pipeline either did not make sense (as in swapping compiler backends
with intermediate optimizations), or implied writing an entire new staged pipeline corre-
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sponding to the new sequence of opportunities. Since most compilersrely heavily on pipe-
lined optimizations for effectiveness, making it easy to construct and use staged pipelines
further lowers the barrier to useing staged optimization.

A large literature exists both on partial evaluation and dead-store elimination, the two
constituent technologies of the stager. Both techniques are known to be difficult to use. In
terms of power and challenge of use, partial evaluation is comparable to theorem proving:
many useful problems can be formalized in terms of these techniques, but both techniques
are intractable with respect to many common problems that are nominally formulated in
terms of them. Good solutions often require extensive use of heurigtics, and often user
involvement. Similarly, dead-store elimination belongs to afamily of techniques, of which
alias analysis is the canonical example, that is widely applicable in principle, but for
which scalable, effective implementations require domain-specific heuristics. Developing
an instance of these two techniques that automatically and effectively applies to a class of
useful problems is therefore a significant challenge.

The key technical contribution of this dissertation is a set of implementation tech-
niques (representation choices and custom heuristics) suited for partial evaluation of opti-
mization programs, and for dead-store elimination of residual optimizers produced by the
partial evauator. Below, we list the key implementation techniques, and describe why
they are particularly effective when specializing optimizers. Although the particular ver-
sion of these implementation techniques used in SCF is often novel with respect to tradi-
tional designs of partial evaluators, the more important contribution is that taken together,
they result in effective staging of intraprocedural optimizations.

e Optimization specification language. Many optimizations may be naturally written in
a functional language. This alows SCF to require that optimizations are written in a
purely functional, first-order subset of ML, thus skirting issues related to side effects

and control-flow analysis.

¢ Finiteness analysis. Optimizations tend to be compositional over their input programs.
This makesit easier for SCF to determine, viaits finiteness analysis, which functions to

specialize, and which of their arguments to specialize them with respect to.
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e Regular-tree-grammar based abstract domain. The compositional nature of trans-
formation functions also motivates the effort involved in using the highly accurate reg-
ular-tree-grammar based domain such as the one proposed in this dissertation. For
partial evaluation of general programs, having an extremely detailed representation for
abstract values is often futile because complex patterns of recursion in the function
being interpreted very quickly confuse the partial evaluator; for most non-singleton
inputs, the abstract store soon degenerates to the conservative abstract value bottom as
result. Transformation functions, because they compositionally replace sub-trees of the
incoming ASTs with transformed versions, are typically easier to reason about. As a

result, they often yield intricate tree-grammars that describe their results.

e Non-scalar rematerialization strategy. The compositiona structure of optimizations,
combined with the fact that only select parts of the incoming AST are transformed,
results in large sub-trees of the resulting ASTs being determined statically. The non-
scalar rematerialization strategy proposed in this dissertation, in particular the tech-
nique (borrowed from the functional language implementation literature) of hoisting

constant non-scalars to the text segment, is especially effective here.

e Built-in abstract maps. Optimizations tend to use certain data structures extensively,
e.g., maps and sets. This enables SCF to provide pre-defined variants of these data
structures. The specializer understands their semantics, allowing it to model accurately

this large class of complex computations.

e Kk-call-instance-deep calling contours. A common class of recursive callsin optimiza-
tions, fixpoint loops to process recursive commands, is known to often terminate within
a (typically small) fixed number of iterations independent of the program being opti-
mized. This provides a natural and effective bound on the degree of context sensitivity
to be used in analyzing these calls, motivating the k-call-instance-deep specialization
approach proposed in this dissertation. This specialization approach differs from more
conventional bounded-call-chain based specialization because it uses a bound on the

number of times a function is specialized on a particular finite argument: it is the coop-
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eration between the finiteness analysis and the context-sensitivity strategy that provides

the desired level of specialization.

e Highly context-sensitive analysis. Optimizations are typically not very large (hun-
dreds to thousands of lines, say), and input functions being analyzed do not typically
consist of very highly nested loops (this is the worst case that results in exponential
space and time blowup), so it is not impractical to use extensive specialization and

highly context-sensitive algorithms, as SCF does.

e Integrated partial-evaluator and dead-store eliminator. Optimizations use a single
datastructure, the abstract store, to propagate the results of analyzing various parts of
the incoming AST in a structured manner. In particular, an optimization typically ana-
lyzes a sub-tree of the AST, stores the result of this analysisin a slot of the abstract
store indexed by the sub-tree, and retrieves the result from the store when transforming
the same sub-tree. In the common case that the partial evaluator folds away this last
read operation, the dead-store eliminator in SCF is able to deduce that the correspond-
ing write operation is dead, by comparing the set of downstream live keys with the
“written-keys’ set provided by the SCF partial evaluator for every map-write operation.
The communication of these written keys from the partial evauator to the dead store

eliminator is anovel and critical aspect of SCF.

9.2 Critique

The work described in this dissertation can stand improvement along a variety of dimen-

sons:

eRelevance. Staged compilation, as highlighted in this dissertation, is aimed at efficiently
exploiting information available only at a late stage (such as run time) to optimize
programs. The main kind of run-time information described in this dissertation is the
value of variables that have run-time constant (or quasi-constant) values. Unfortu-
nately, although strenuous efforts by various groups over the last decade have shown

that such value-specific optimization can improve the time to execute a variety of real
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programs, it still seems unlikely that the vast majority of programs will benefit from
it. Further, it is unclear that the performance benefits that accrue are worth the engi-
neering cost of building the staging system. Although the techniques advocated in this
dissertation may reduce the incremental cost of building a staged compiler, even the
one-time cost of building the stager is still not clearly worth the benefit of increased
performance in some, but not most, programs. This begs the question of whether
staged compilation is destined to be a niche concept relevant only to a small
extremely performance-conscious community with plenty of run-time constants in
their programs.

In fact, recent trends in software engineering present an opportunity to increase the
scope and relevance of staged compilation. These trends provide both more compel-
ling kinds of run-time information than values of variables, and more compelling
analyses and transformations (we give this combination the generic name “rewrites’
below) than those that relate to a reduction in raw execution overhead for select C
programs. An important emerging class of run-time information is the identity of
dynamically linked parts of a program: dynamic assembly of programsisincreasingly
common in modern programs, and these programs are assembled in a number of
stages. An important emerging class of rewrites is the analysis of whole programs to
confirm that various soundness and security properties hold, and (if necessary) insert
run-time tests to enforce these properties. Another increasingly important class of
rewrites (because of the increasing adoption of languages such as Java and C#) is that
of optimizations necessary for efficient implementation of high-level languages.
Putting these two trends together, staged compilation should be well positioned to
verify whole programs for soundness and security in a staged way: it should be possi-
ble to partially evaluate these rewrites (and accompanying trandations) with respect
to fragments of programs available at the early stage, leaving for run-time execution
only parts of the rewrites possibly affected by the structure of the program as awhole.
Automatically staging rewrites may be especially valuable, because rewrites for secu-

rity and soundness are often written by compiler users (as opposed to compiler-writ-
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ers), who may find it far too technically demanding to hand-write staged versions of

the rewrites.

e Scalability. Unfortunately, if whole programs are to be staged, the approach detailed in
this dissertation is not quite the right one. In particular, one of the results of staging is
the original optimization unrolled over the incoming code fragment being analyzed,
so that the size of the resulting specialized optimizer increases at least linearly in the
size of the incoming fragment. Already, when the fragment is a function of 300 or so
lines of code, the specialized optimizations produced are too large to fit in modern
processor caches. If the fragment is a program, which can easily be 30,000 to 30 mil-
lion lines of code, it is possible that the specialized programs will begin to tax the

memory requirements of processors.

eI ncrementality. Because specialized optimizers in SCF are often far larger than the
incoming optimizers, applying the stager in more than two stages is not necessarily
beneficial. The original intention when designing SCF was that optimizations would
be staged incrementally across multiple stages. Each stage would receive as inputs a
more precise description (using the tree-grammar formalism) of the optimization
inputs than the previous one, and the most specialized version of the optimization
from the previous stage. Each stage would produce an even more specialized version
of the optimization to be consumed by the next stage. The hope was that, by using the
most specialized version of the optimization at any stage, we could avoid re-doing the
work that was “folded away” in the previous stage, and thus perform only an incre-
mental amount of work.
In practice, because the specialized optimizations are so much larger than the unspe-
cialized ones, and because the specialized optimization still traversed large pre-
known parts of incoming ASTs to get at newly-known parts, using the much more
compact original optimization at later stages is till faster than using the specialized

version. Especially if whole programs are to be analyzed using staged optimization, it
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is critical to develop staging algorithms that pass on much less work (and much

smaller structures) for later stages to process.

e Applicability. Although SCF-ML is a Turing-complete functional language, and there-
fore capable of specifying any optimization, the heuristics in SCF are all tuned
towards staging optimizations that are compositional, in that nodes in the incoming
AST are processed strictly by examining the results of recursively processing its sub-
nodes. Unfortunately, certain important conventional optimizations, such as register
allocation (where a global graph-coloring problem that is decidedly non-composi-
tional needs to be solved), scheduling (where transformed sub-nodes of ASTs may be
moved to be their sibling or cousin nodes) and partial redundancy elimination (with
similar behavior to scheduling) have non-compositional structure in their traditional
formulation. To allow staging of entire pipelines, it isimportant to understand how to
handle (at least important) non-compositional phases. Two possible directions are to
investigate compositional versions of these optimizations (for instance “linear scan”
versions of register allocators that perform no global graph coloring optimizations are
quite effective), and to investigate special hand-written stagers for just these optimi-
zations (thus abandoning pure automatic staging).

eRobustness. Another disadvantage of the expressivity of SCF-ML isthat even optimiza-
tions that have compositional structure can be written in ways that are difficult to ana
lyze. For instance, users may even define and use their own recursive datatypes to
represent the abstract store instead of using the built-in version, all but guaranteeing
that no benefit will be derived from staging. As another example, the use of recursive
helper functions may also result in widening and catastrophic degradation of staged
results.
Given that SCF relies fairly heavily on the incoming SCF-ML programs conforming
to a “stager-friendly” style (which, in its defense, is a very natural style for writing
optimizations), it isimportant to have either an automatic style checker (which ideally

recommends how to fix programs with bad style), or to replace SCF-ML with a
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domain-specific language such that all optimizations specified in it are guaranteed to

stage well.

eEvaluation. The suite of optimizations and input programs used for evaluating SCF-ML,
discussed earlier in this dissertation, is intended to establish the potentia of staging
realistic problems on a pipeline of conventional optimizations. The suite is undoubt-
edly too limited, both in terms of optimizations staged and inputs optimized, to com-
prehensively establish the value of automatic staging. Part of the problem here is the
sheer engineering cost of specifying a complete compiler pipeline for staging, and of
preparing inputs for these pipelines: in effect, the performance study requires the
specification of an entire compiler, and the porting of a variety of substantial pro-
grams to this compiler! A comprehensive study would therefore be appealing only if
the anticipated benefits of automated staging exceed this cost. In particular, as per the
“relevance’ bullet earlier, the ability to perform whole-program optimization, correct-

ness verification and security checks may serve as the necessary motivation.

e Manageability. The work described in this paper isthe latest in a series of staged compi-
lation systems built at the University of Washington [8, 24, 50]. The author of thisdis-
sertation was heavily involved in designing and building all three systems. Although
the work from these projects has been well received (each system resulted in a publi-
cation at a high-quality venue, and the publication on the second system earned an
“influential paper” citation), all three projects were only modestly successful in teas-
ing out and developing as free-standing contributions the key technical innovations
that enabled them. More bluntly, we produced one major publication per system, not
one per major technique in the systems, leading to the question of whether the sys-

tems contained innovations that could stand by themselves. Given that the systems

were extremely expensive to build (each taking many person-years of effort)?, it is

useful to consider whether anything could be done to increase the cost-benefit ratio of

1. Costsinclude the amount of labor involved (counting just graduate student time, roughly fifteen person years over
seven years), and the size and sophistication of the systems built (easily 200,000 lines of C, Perl, assembler and Stan-
dard ML code all told, with more than 30,000 lines of code in SCF, the smallest system).
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these complex projects.

The author’s experience with SCF suggests that one of the more effective ways to
reduce the cost of system implementation and to focus on technically innovative
aspects of such projectsisto formalize the problem early, often and compactly. When
building extremely large systems, it is critical to formally specify what is being built.
Ideally, the formal specification should be abstract and compact enough so that the
soundness of the approach is clear, and more importantly, the innovative parts of the
system are in sharp focus. It isimportant to formulate the system as much as possible
in terms of existing approaches, so that it is clear how the “innovative’ partstruly add
to the existing knowledge in the field. Advisors can better gauge from the formaliza-
tion whether there is enough “meat” to support multiple students and publications.
Graduate students should be facile with the formalization before implementing. In
fact, it should be possible to implement the system to reflect the specification as
closely as possible.

SCF does not have a particularly good formalization in this sense. Specifically, the
formalization is not compact or sufficiently abstract; it is certainly difficult to be con-
vinced of the soundness of SCF by looking at its (incomplete) specification in this
dissertation! However, specifying SCF as an instance of the existing partial evalua-
tion and dead-store elimination techniques (with their conventional decomposition
into sub-problems such as the various improvement strategies), alowed us to both
adapt existing work on these techniques, and also to be clear about the significance of
the sub-problems in the scheme of things. For instance, given that improvement strat-
egiesfor partial evaluation can rarely be viewed as substantial free-standing contribu-
tions, we made the decision to focus on solutions to these sub-problems (such as
finiteness analysis) that were sufficient for SCF to succeed reasonably well, and not to
strive for heroic solutions that could be presented as free-standing contributions to
partial evaluation theory.

Finally, having used “in anger” a modern programming language (SML/NJ) with

extensive support for abstraction, typing and modularization, it is clear to the author
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that specifying a program in such alanguage (as opposed, for instance, to C, in which
the earlier systems were developed) both forces and aids in developing aformal view

of the system.

9.3 FutureWork

The critique of the previous section suggests a course for future work. Most importantly,
the scope of staged compilation should be broadened to include whole program rewrites,
whether those aimed at performance optimization or, perhaps more importantly, those
aimed at enforcing adherence of programs to various restrictions, e.g., those for correct-
ness, security, and style. The key staged information to be accommodated would be the
structure of the program being assembled. In a nutshell, staged compilation may enable
automatic and efficient whole-program checking and enforcement of propertiesin the face
of dynamically assembled programs.

Realizing the above vision requires first that a clearly useful set of rewrites that bene-
fit from whole-program structure, and that cannot be solved by interface matching alone,
be identified. Good candidate rewrites would be those critical for efficient implementation
of advanced languages, and rewrites for policy enforcement.

Next, staging will need to be more efficient, both in terms of time and space costs. It
will be useful to investigate implicit representations of rewrites, which maintain special-
ized versions of the data structures being interpreted by the rewrites rather than of the code
that interprets the data structures. For instance, a staged points-to analysis (or any set-
based [26] analysis) may communicate specialized points-to (or more generally, set-con-
straint) graphs between stages rather than entire “unrolled programs”. It will further be
useful to investigate incremental representations, where instead of communicating entire
specialized rewrite programs (abeit in implicit form) between stages and analyzing the
entire specialized input program for the stage, only the “part that does useful work” and
the “part that contributes new information” respectively are communicated. Another inter-
esting approach to efficiency could be approximation. SCF produces specialized optimiza-
tions that have exactly the same semantics as their unspecialized variants, even if the

possible run-time benefit is not very high. It may be possible to systematically transform
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an optimization into less aggressive variants by using conservative lattice-bottoms if the
expected gain from optimization is not very high. Finally, it will be useful for staging to be
modular: when two parts of a program that have each been built up in many stages are
finally composed, it should be possible to exploit as much as possible the partial results
from the two parts.

Given that dynamic compilation will likely always be the key motivator for staged
compilation, it is important to understand how the compiler backend (register allocation,
scheduling, assembly, codegen, linking) that generates executable code from the above
rewrites could be staged. Register allocation and scheduling are two optimizations that can
sometimes impact program performance substantially and have aspects somewhat differ-
ent from conventional dataflow optimizations. Idealy, it should be possible to develop
versions of these optimizations that stage fairly well and produce code of acceptable
though perhaps not optimal quality. At the very least, it is important to identify and inte-
grate extremely fast unstaged versions of these optimizations, so that the gains of staging
are not exceeded by the loss of slow backend compilation.

Finally, it is important to formalize the above work so that both soundness and nov-
elty of the approach are clear. The emphasis here should be on being precise while
abstracting away irrelevant detail. The key challenge is to identify the important and gen-
eral underlying operations, define a compact notation to express them, and specify the
entire staged infrastructure in this notation. The result should ideally be something that a
practitioner can appreciate and understand within afew days of poring over the specifica
tion. Such a specification can serve as an important managerial and motivational tool.

The allure of staged compilation has always been that of having your cake and eating
it too: performing high quality optimization at late stages while transferring most of the
cost of doing so to the earlier stages. Recent work, including this dissertation, has shed
considerable light on realizing this vision, although the broader goal of these efforts, i.e.,
value-specific dynamic optimization, has been of limited interest. On the other hand, the
problem of efficient whole-program analysis of dynamically assembled program is an
instance of the staged compilation problem that is of far broader interest. Applying and
extending the insights of the staged compilation community to this problem could dramat-

ically increase their relevance: much more cake to have and to eat!
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