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Abstract

The classical meaning of sup er optimization [23 ] is to �nd the optimal co de sequence

for a single, lo op-free assem bly sequence of instructions. Sup eroptimization has pre-

viously b een studied for compiling small, p erformance critical co de fragmen ts, suc h as

compute-in tensiv e inner lo ops. This thesis in v estigates the use of sup eroptimization

tec hniques in optimization and co de generation for whole programs.

The �rst part of the thesis describ es p eephole sup eroptimizers and their construc-

tion. A p eephole sup eroptimizer �rst generates a p eephole optimizer using sup erop-

timization tec hniques and then applies the generated p eephole optimizer to impro v e

executables. Using this approac h, w e are able to generate man y useful p eephole

optimizations automatically and �nd impro v emen ts o v er co de optimized b y mature

compilers.

The second part of the thesis applies p eephole sup eroptimizers to p erform e�cien t

binary translation b et w een t w o div ergen t arc hitectures. W e use a sup eroptimizer to

generate equiv alence relations b et w een co de snipp ets of t w o di�eren t arc hitectures.

The equiv alence relation is represen ted as a p eephole transformation. W e discuss

our P o w erPC-x86 binary translator implemen ted using p eephole sup eroptimization

tec hniques, and compare it with existing binary translation to ols.

The third part of the thesis discusses a no v el approac h to signi�can tly lo w er the

computational complexit y of brute-force sup eroptimization. Our approac h, whic h w e

call meet-in-the-middle sup eroptimization, uses rev erse execution of instructions to

signi�can tly prune the sup eroptimizer's searc h space.
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Chapter 1

In tro duction

Using brute-force to �nd the optimal co de for a giv en function (also termed sup er op-

timization ) has previously b een studied in the con text of computing small mathemat-

ical functions or optimizing p erformance-critical co de fragmen ts[15]. Our goal in this

thesis is to understand the practicalit y of using sup eroptimization as a useful co de

generation and optimization to ol. In this c hapter, w e �rst in tro duce a p eephole sup er-

optimizer (Section 1.1), discuss its application as a co de generation to ol for a binary

translator (Section 1.2) and �nally presen t an o v erview of our meet-in-the-middle

sup eroptimization strategy (Section 1.3).

1.1 P eephole Sup eroptimizers

P eephole optimizers are pattern matc hing systems that replace one sequence of in-

structions b y another equiv alen t, but c heap er, sequence of instructions. The op-

timizations are usually expressed as parameterized replacemen t rules, so that, for

example,

mov r1, r2; mov r2, r1 => mov r1, r2

expresses that if the v alue of register r1 is copied to register r2 , then the follo wing

instruction mov r2,r1 is useless and can b e deleted. T o da y , p eephole optimization

1



2 Chapter 1. Intr oduction

rules are hand-written, relying on the exp erience and insigh t of exp erts in the mac hine

arc hitecture to recognize and co dify the imp ortan t rules.

In this part of the thesis, w e explore a di�eren t approac h to building p eephole

optimizers that is b oth completely automatic and more systematic. The basic idea

is to use sup er optimization tec hniques (describ ed further b elo w) to automatically

disco v er replacemen t rules that are optimizations; this computation is done o�-line.

The optimizations are then organized in to a lo okup table, mapping original sequences

to their optimized coun terparts. Optimization of a compiler's generated co de can then

b e done as e�cien tly as a normal p eephole optimizer, simply using the precomputed

rules.

This arc hitecture, where optimizations are computed o�-line and then presen ted

as an indexed structure for e�cien t lo okup, is m uc h closer to a searc h engine database

than to a traditional optimizer. Unlik e standard compilers where ev ery user has a

cop y of the en tire system, searc h engines ha v e so m uc h data that it is more e�cien t to

k eep the data at a cen tral site and pro vide access to users o v er a net w ork. W e b eliev e

it is p ossible to build a p eephole optimizer using our approac h with man y millions of

learned optimizations, and at that scale the most e�cien t deplo ymen t ma y also b e as

a net w ork-based searc h engine. The goal in this thesis is considerably more mo dest,

fo cusing on sho wing that an automatically constructed p eephole optimizer is p ossible

and, ev en with limited resources (i.e., a single mac hine) and learning h undreds to

thousands of useful optimizations, suc h an optimizer can �nd signi�can t sp eedups

that standard optimizers miss.

The classical meaning of sup er optimization [23] is to �nd the optimal co de se-

quence for a single, lo op-free assem bly sequence of instructions, whic h w e call the

tar get se quenc e . As noted in later w ork [19], the term sup eroptimization is an o xy-

moron: If a program has b een optimized�meaning it is optimal�then what can it

mean to b e sup eroptimized? The terminology problem lies in the need to distinguish

sup eroptimization from garden v ariet y optimization as that term is normally used;

compiler optimizations are really just co de impro v ers and it is an acciden t if a con-

v en tional optimizer pro duces an optimal program. Ho w ev er, for brevit y , w e will often

refer to our o wn system as an optimizer rather than as a sup eroptimizer.
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There ha v e b een t w o approac hes to sup eroptimization explored in the past. The

�rst, used in Massalin's original pap er [23], simply en umerates sequences of instruc-

tions of increasing length or cost, testing eac h for equalit y with the target sequence;

the lo w est cost equiv alen t sequence found is the optimal one. The second approac h,

pursued in Denali, constrains the searc h space to a set of equalit y-preserving trans-

formations expressed b y the system designer. F or a giv en target sequence, a struc-

ture represen ting all p ossible equiv alen t sequences under the transformation rules is

searc hed for the lo w est cost equiv alen t sequence [19]. A common p oin t of view in

b oth approac hes is that sup eroptimization is something that is exp ensiv e, p oten tially

requiring man y hours of computation to optimize a single target instruction sequence,

and that the main application is as an aid to h uman p erformance exp erts in sp eeding

up the o ccasional critical inner lo op.

Our w ork di�ers from this previous w ork in a n um b er of w a ys, b eginning with the

goal. Our main in terest is in creating a p eephole sup eroptimizer that is fast enough

and systematic enough to b e w orth using in ev ery compilation. W e are also in terested

in in v estigating, to what exten t the considerable h uman lab or needed to write an

optimizer can b e automated. T o this end, w e mak e the follo wing con tributions:

� W e sup eroptimize man y target sequences (p oten tially millions) sim ultaneously

in a �rst, o�-line phase. The target sequences are extracted, or harveste d , from

a tr aining set of programs. The idea is that the imp ortan t sequences to optimize

are the ones emitted b y compilers; w e simply tak e all instruction sequences up

to a giv en length from a represen tativ e collection of existing binaries as our

training set.

� Because w e aim to b e applicable to general binaries, our protot yp e implemen-

tation handles nearly all of the 300+ op co des of the x86 arc hitecture; previous

e�orts ha v e fo cused on a m uc h smaller set of register-to-register op erations. In

particular, w e presen t the �rst tec hniques for correctly inferring sup eroptimiza-

tions in v olving memory accesses and branc hes, as w ell as the �rst approac h that

tak es the con text (e.g., the set of liv e v ariables) of an instruction sequence in to

accoun t.
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� A k ey problem in sup eroptimization is sp ending as little time as p ossible consid-

ering instruction sequences that cannot b e optimal v ersions of target sequences.

W e in tro duce a new tec hnique, c anonic alization , based on the observ ation that

ha ving once considered a sequence, w e need nev er consider a sequence that is

equal up to consisten t renaming of registers and sym b olic constan ts. W e sho w

that canonicalization dramatically reduces the searc h space for our system.

� The output of our system is a set of replacemen t rules. Eac h rule giv es a

source (canonical) instruction sequence and the resulting optimized (canonical)

instruction sequence. Th us, these rules can b e indexed and used as e�cien tly

as the rules in a standard p eephole optimizer. The rules w e disco v er ma y b e

less general than rules written b y h umans�i.e., it ma y require m ultiple rules

disco v ered b y the sup eroptimizer to co v er the same functionalit y as a single

rule written in a more general form. Ho w ev er, a p eephole sup eroptimizer can

comp ensate for less general rules b y automatically disco v ering man y more rules

than are written for normal p eephole optimizers.

� W e rep ort exp erimen tal results on a n um b er of k ernels where our system

ac hiev es sp eedups of b et w een 1.7 and a factor of 10 o v er co de already optimized

b y a standard compiler. The impro v emen ts sho w that ev en mature compilers

do not come close to the b est p ossible co de in at least some relativ ely simple

situations.
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1.2 Binary T ranslation Using P eephole

Sup eroptimizers

A common w orry for mac hine arc hitects is ho w to run existing soft w are on new

arc hitectures. One w a y to deal with the problem of soft w are p ortabilit y is through

binary tr anslation . Binary translation enables co de written for a sour c e ar chite ctur e

(or instruction set) to run on another destination ar chite ctur e , without access to the

original source co de. A go o d example of the application of binary translation to solv e

a pressing soft w are p ortabilit y problem is Apple's Rosetta, whic h enabled Apple to

(almost) transparen tly mo v e its existing soft w are for the PS/2 to a new generation

of In tel x86-based computers [2].

Building a go o d binary translator is not easy , and few go o d binary translation

to ols exist to da y . There are four main di�culties:

1. Some p erformance is normally lost in translation. Better translators lose less,

but ev en go o d translators often lose one-third or more of source arc hitecture

p erformance for compute-in tensiv e applications.

2. Because the instruction sets of mo dern mac hines tend to b e large and idiosyn-

cratic, just writing the translation rules from one arc hitecture to another is a

signi�can t engineering c hallenge, esp ecially if there are signi�can t di�erences in

the seman tics of the t w o instruction sets. This problem is also exacerbated b y

the need to p erform optimizations wherev er p ossible to minimize problem (1).

3. Because high-p erformance translations m ust exploit arc hitecture-sp eci�c seman-

tics to maximize p erformance, it is c hallenging to design a binary translator

that can b e quic kly retargeted to new arc hitectures. One p opular approac h is

to design a common in termediate language that co v ers all source and destina-

tion arc hitectures of in terest, but to supp ort needed p erformance this common

language generally m ust b e large and complex.

4. If the source and destination arc hitectures ha v e di�eren t op erating systems then

source system calls m ust b e em ulated on the destination arc hitecture. Op erating
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systems' wide in terfaces com bined with subtle and sometimes undo cumen ted

seman tics and bugs mak e this a ma jor engineering task in itself.

In the second part of the thesis, w e presen t a new approac h to addressing prob-

lems (1)-(3) (w e do not address problem (4)). The main idea is that m uc h of the

complexit y of writing an aggressiv ely optimizing translator b et w een t w o instruction

sets can b e eliminated altogether b y dev eloping a system that automatically and sys-

tematically learns translations. In Section 3.5 w e presen t p erformance results sho wing

that this approac h is capable of pro ducing destination mac hine co de that is at least

comp etitiv e with existing state-of-the-art binary translators, addressing problem (1).

While w e cannot meaningfully compare the engineering e�ort needed to dev elop our

researc h pro ject with what go es in to commercial to ols, w e hop e to con vince the reader

that on its face automatically learning translations m ust require far less e�ort than

hand co ding translations b et w een arc hitectures, addressing problem (2). Similarly ,

w e b eliev e our approac h helps resolv e the tension b et w een p erformance and retar-

getabilit y: adding a new arc hitecture requires only a parser for the binary format and

a description of the instruction set seman tics (see Section 3.2). This is the minim um

that an y binary translator w ould require to incorp orate a new arc hitecture; in partic-

ular, our approac h has no in termediate language that m ust b e expanded or t w eak ed

to accommo date the unique features of an additional arc hitecture.

Our system uses p eephole rules to translate co de from one arc hitecture to another.

P eephole rules ha v e traditionally b een used for compiler-optimizations, as w e do in

Chapter 2. F or our binary translator, w e use p eephole rules that replace a source-

arc hitecture instruction sequence b y an equiv alen t destination arc hitecture instruction

sequence. F or example,

ld [r2]; addi 1; st [r2] => inc [er3] { r2 = er3 }

is a p eephole translation rule from a certain accum ulator-based RISC arc hitecture

to another CISC arc hitecture. In this case, the rule expresses that the op eration of

loading a v alue from memory lo cation [r2] , adding 1 to it and storing it bac k to [r2]

on the RISC mac hine can b e ac hiev ed b y a single in-memory incremen t instruction
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on lo cation [er3] on the CISC mac hine, where RISC register r2 is em ulated b y CISC

register er3 .

The n um b er of p eephole rules required to correctly translate a complete executable

for an y source-destination arc hitecture can b e h uge and man ually imp ossible to write.

W e automatically learn p eephole translation rules using sup er optimization tec hniques:

essen tially , w e exhaustiv ely en umerate p ossible rules and use formal v eri�cation tec h-

niques to decide whether a candidate rule is a correct translation or not. This pro cess

is slo w; in our exp erimen ts it required ab out a pro cessor-w eek to learn enough rules to

translate full applications. Ho w ev er, the searc h for translation rules is only done once,

o�-line, to construct a binary translator; once disco v ered, p eephole rules are applied

to an y program using simple pattern matc hing, as in a standard p eephole optimizer.

Sup eroptimization has b een previously used in compiler optimization [5, 15], but our

w ork is the �rst to dev elop sup eroptimization tec hniques for binary translation.

Binary translation preserv es execution seman tics on t w o di�eren t mac hines: what-

ev er result is computed on one mac hine should b e computed on the other. More pre-

cisely , if the source and destination mac hines b egin in equiv alen t states and execute

the original and translated programs resp ectiv ely , then they should end in equiv alen t

states. Here, e quivalent states implies w e ha v e a mapping telling us ho w the states

of the t w o mac hines are related. In particular, w e m ust decide whic h registers or

memory lo cations on the destination mac hine em ulate whic h registers of the source

mac hine. Note that the example p eephole translation rule giv en ab o v e is conditioned

b y the r e gister map r2 = er3 . Only when w e ha v e decided on a register map can

w e compute p ossible translations. The c hoice of register map turns out to b e a k ey

tec hnical problem: b etter decisions ab out the register map (e.g., di�eren t c hoices of

destination mac hine registers to em ulate source mac hine registers) lead to b etter p er-

forming translations. Of course, the c hoice of instructions to use in the translation

also a�ects the b est c hoice of register map (b y , for example, using more or few er reg-

isters), so the t w o problems are m utually recursiv e. W e presen t an e�ectiv e dynamic

programming tec hnique that �nds the b est register map and translation for a giv en

region of co de (Section 3.3.2).

W e ha v e implemen ted a protot yp e binary translator from P o w erPC to x86. Our
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protot yp e handles nearly all of the P o w erPC and x86 op co des and using it w e ha v e

successfully translated large executables and libraries. W e rep ort exp erimen tal re-

sults on a n um b er of small compute-in tensiv e microb enc hmarks, where our translator

surprisingly often outp erforms the nativ e compiler. W e also rep ort results on man y of

the SPEC in teger b enc hmarks, where the translator ac hiev es a median p erformance

of around 66% of nativ ely compiled co de and compares fa v orably with b oth Qem u

[28], an op en source binary translator, and Apple's Rosetta [2]. While w e b eliev e

these results sho w the usefulness of using sup eroptimization as a binary translation

and optimization to ol, there are t w o ca v eats to our exp erimen ts that w e discuss in

more detail in Section 3.5. First, w e ha v e not implemen ted translations of all system

calls. As discussed ab o v e under problem (4) this is a separate and quite signi�can t

engineering issue. W e do not b eliev e there is an y systematic bias in our results as

a result of implemen ting only enough system calls to run man y , but not all, of the

SPEC in teger b enc hmarks. Second, our system is curren tly a static binary translator,

while the systems w e compare to are dynamic binary translators, whic h ma y giv e our

system an adv an tage in our exp erimen ts as time sp en t in translation is not coun ted

as part of the execution time. There is nothing that prev en ts our tec hniques from

b eing used in a dynamic translator; a static translator w as just easier to dev elop giv en

the to ol base w e b egan with. W e giv e a detailed analysis of translation time for our

b enc hmarks, whic h allo ws us to b ound the additional cost that w ould b e incurred in

a dynamic translator.

In summary , our aim in this thesis is to demonstrate the abilit y to dev elop binary

translators with comp etitiv e p erformance at m uc h lo w er cost. T o w ards this end, w e

mak e the follo wing con tributions:

� W e presen t a design for automatically learning binary translations using an

o�-line searc h of the space of candidate translation rules.

� W e iden tify the problem of selecting a register map and giv e an algorithm for

sim ultaneously computing the b est register map and translation for a region of

co de.

� W e giv e exp erimen tal results for a protot yp e P o w erPC to x86 translator, whic h
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pro duces consisten tly high p erforming translations.

1.3 Goal-Directed Sup eroptimization Using

Meet-in-the-Middle

Sup eroptimization normally in v olv es a brute-force searc h o v er an exp onen tially large

space of instruction sequences. An imp ortan t goal is to b e able to disco v er tec hniques

to scale a sup eroptimizer to longer instruction sequence lengths. In this third part

of the thesis, w e observ e that it is p ossible to signi�can tly prune this searc h space

b y using a strategy w e call me et-in-the-midd le . Unlik e the naiv e approac h where all

instruction sequences are en umerated c hec king eac h of them for a matc h with the goal

function, the meet-in-the-middle strategy w orks bac kw ards from the goal function to

en umerate only those instruction sequences that could p ossibly yield the goal state.

T o explain our meet-in-the-middle algorithm, w e �rst de�ne forwar d and b ackwar d

execution of instruction sequences. A forw ard execution of a sequence is a simple

in-order execution of the instructions in the sequence. A bac kw ard execution of a

sequence is the op eration to undo the e�ects of the instruction sequence on a mac hine

state. T o understand this b etter, consider a mac hine state Y that is obtained b y

forw ard execution of a sequence on a mac hine state X. A bac kw ard execution of the

same sequence on Y attempts to reco v er the state X as m uc h as p ossible. T o reduce the

computational time of a brute force sup eroptimization searc h, w e execute instruction

sequences bac kw ards from the goal mac hine state c hec king the result for a matc h

with an y of the states obtained b y forw ard en umeration of instruction sequences on

the initial mac hine state. An optimization exists only if one of the states obtained b y

forw ard-en umerated sequences matc hes a state obtained from a bac kw ard-en umerated

sequence (see Figure 1.1). Since w e can eliminate an y in termediate state that cannot

b e obtained b y bac kw ard execution on the goal state, w e can prune our searc h space.

The meet-in-the-middle sup eroptimization strategy signi�can tly reduces the

searc h space of a brute-force sup eroptimizer. In this third part of the thesis, w e
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r2

r1

r1+r2+1

r1

No instruction sequence
inverts to yield intermediate
state from final state

Final State

r1

r1
mov r2, r1

Initial State Intermediate State

 enumeration)
(obtained by forward

Figure 1.1: An Example of Meet-in-the-Middle Pruning: The in termediate state can

b e pruned a w a y b ecause there is no instruction sequence b eginning in the in terme-

diate state that results in the �nal state � or, equiv alen tly , there is no sequence of

instruction in v erses leading from the �nal state to the in termediate state.

mak e the follo wing con tributions:

� W e describ e and analyze our meet-in-the-middle strategy to p erform e�cien t

goal-directed sup eroptimization.

� W e de�ne the notion of executing an instruction bac kw ards on a mac hine state

through instruction in v erses and don't-kno w bits. These concepts are explained

b oth formally using mathematical constructs and in tuitiv ely using examples

from the x86 arc hitecture.

� W e implemen t the meet-in-the-middle strategy in b oth our sup eroptimizer and

the publicly a v ailable GNU Sup eroptimizer[15 ] and rep ort exp erimen tal results.



Chapter 2

P eephole Sup eroptimizers

In this c hapter, w e describ e the automatic generation of p eephole sup eroptimizers.

Section 2.1 discusses the �o w c hart of a p eephole sup eroptimizer, Sections 2.2-2.4

describ e the steps in the �o w c hart in detail, Sections 2.5-2.6 presen t exp erimen tal

results, Section 2.7 discusses related w ork and �nally Section 2.8 concludes. This

c hapter of the thesis is based on w ork presen ted in [5].

2.1 Design of the Optimizer

W e b egin b y de�ning a few terms that w e use throughout the thesis. An instruction

is an op co de together with some v alid op erands. F or example, on a mac hine with

eigh t registers r 0 through r 7, the incremen t op co de ( i nc) generates eigh t unique

instructions:

inc r0 ; inc r1 ; inc r2 ; inc r3 ;

inc r4 ; inc r5 ; inc r6 ; inc r7

A p oten tial problem arises with op co des that tak e immediate op erands, as they gener-

ate an un b ounded n um b er of instructions. F or example, an add-immediate instruction

( a ddi) can ha v e 232
di�eren t v arian ts (on a 32-bit mac hine) based on the immediate

op erand alone.

. . .

11
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Figure 2.1: Flo w c hart of the sup eroptimizer.

addi $0x12345678, r0

addi $0x12345679, r0

. . .

W e restrict immediate op erands to a small set of constan ts and sym b olic constan ts.

F or example, w e simply use a sym b olic constan t $c0 to capture all the 232 p ossibilities

using one instruction

addi $c0, r0

W e en umerate certain constan ts (e.g. 0 and 1) separately to capture sp ecial opti-

mizations. In this w a y , w e ensure op co des with immediate op erands generate only a

small n um b er of distinct instructions.

A c ost function captures the appro ximate cost of an instruction sequence on a par-

ticular pro cessor. W e use di�eren t cost functions for di�eren t purp oses; e.g., running

time to optimize sp eed, instruction b yte coun t to optimize the size of a binary . An

instruction sequence is optimal if no equiv alen t sequence of lo w er cost exists. Equiv-

alence of t w o instruction sequences is de�ned under a c ontext , whic h is a subset of

the mac hine state that is liv e b ey ond the instruction sequences themselv es. Since



2.1. Design of the Optimizer 13

w e ignore I/O instructions, the mac hine state for our purp oses consists of registers,

stac k and memory . The con text of a target instruction sequence can p oten tially in-

clude registers, memory lo cations and stac k lo cations liv e at the program p oin t where

the instruction sequence ends. Ho w ev er, for implemen tation simplicit y , w e curren tly

conserv ativ ely assume memory and stac k lo cations are alw a ys liv e. The con text of

an instruction sequence is th us reduced to the set of registers liv e on exit from the

sequence.

An e quivalenc e test

�= L tests t w o instruction sequences for equiv alence under the

con text (set of liv e registers) L . F or a target sequence T and a cost function c, w e

are in terested in �nding a minim um cost instruction sequence O suc h that

(O �= L T)

Unlik e previous e�orts, our sup eroptimizer computes the optimal instruction se-

quences for sev eral di�eren t target sequences sim ultaneously . Moreo v er, once an

optimization is found, it is sa v ed in an indexed optimization datab ase so that the

exp ensiv e w ork done to compute the optimizations need nev er b e rep eated again.

Th us, the database represen ts all the optimizations acquired b y running the sup er-

optimizer. Once computed, these optimizations can b e used to optimize an y n um b er

of programs.

Our optimizer is structured in three parts:

� The harvester extracts target instruction sequences from the training applica-

tions. The target instruction sequences are the ones w e seek to optimize.

� The enumer ator exhaustiv ely en umerates all p ossible candidate instruction se-

quences up to a certain length, c hec king if eac h candidate sequence is an optimal

replacemen t for an y of the target instruction sequences.

� The optimizer applies the optimization datab ase , an index of all disco v ered op-

timizations, to applications.

There are t w o k ey c hallenges for our approac h. First, w e m ust reduce the searc h

space of the en umerator as m uc h as p ossible (Section 2.3.2). Second, w e need a v ery

e�cien t test for equiv alence of t w o instruction sequences (Section 2.4.1).
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A �o w c hart of the sup eroptimizer is sho wn in Figure 2.1. W e discuss the comp o-

nen ts sho wn in the �o w c hart in the follo wing sections.

2.2 Harv esting T arget Instruction Sequences

The �rst step in creating a sup eroptimizer using our approac h is to obtain target

instruction sequences from a represen tativ e set of applications. These harveste d in-

struction sequences form the corpus used to train the optimizer. Not all instruction

sequences are harv estable in our curren t implemen tation. A harv estable instruction

sequence I m ust ha v e a single en try p oin t�no instruction in I (except the �rst in-

struction) should b e a jump target of an y instruction outside of I . T o enforce this

constrain t, w e iden tify all jump targets of direct-jump instructions in the binary ex-

ecutable. Also, w e iden tify all instructions starting at addresses p oin ted to b y ob ject

sym b ols since these instructions are p ossible targets of indirect jump instructions.

An y suc h instructions should not b e a part of a harv ested instruction sequence I

(except p ossibly b eing the �rst instruction in I ). Notice that a harv ested instruction

sequence can ha v e m ultiple exits since w e allo w jump instructions in the sequence.

When the harv ester extracts instruction sequences from a binary , it also records

the set of registers liv e at the end of the sequence; this con text is used in determining

equiv alence as discussed in Section 2.1.

2.2.1 Canonicalization

All w ell-formed instruction sequences are v alid candidates for optimization, but man y

sequences are just transformations of eac h other under renamings of registers and

immediate op erands. F or example, on a mac hine with eigh t registers, an instruction

mov r1, r0 has 8� 7 = 56 equiv alen t v ersions with di�eren t register names. T o reduce

w asted e�ort, one w ould lik e to eliminate all unnecessary instruction sequences that

are mere renamings of others�a pro cess w e call c anonic alization .

An instruction sequence is c anonic al if its registers and constan ts are named in

the order of their app earance in the instruction sequence i.e., the �rst register used
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is alw a ys r 0, the second distinct register used is alw a ys r 1, and so on. Similarly , the

�rst constan t used in a canonical instruction sequence is (the sym b olic constan t) c 0,

the second distinct constan t c 1, and so on.

An instruction sequence is c anonic alize d b y renaming registers and constan ts. An

optimization that applies to a sequence is also v alid for its canonicalization (with

registers and constan ts suitably renamed). Hence, w e store only canonical forms

of instruction sequences in our optimization database. Optimizing an instruction

sequence I requires �rst canonicalizing I to � (I ) , where � is the canonical renaming

of registers and sym b olic constan ts of I . W e then searc h the database for a sequence

R equiv alen t to � (I ) , and then �uncanonicalize� R to � � 1(R) so that the registers and

constan ts ha v e their original names as in I . The sequence � � 1(R) then replaces I in

the application.

Dealing with only canonical instruction sequences dramatically reduces the size of

the corpus of target instruction sequences. Figure 2.2 plots the n um b er of unique har-

v ested instruction sequences b efore and after canonicalization. A t short instruction

sequence lengths, there are man y few er unique canonical instruction sequences than

the n um b er of unique harv ested sequences. A t longer lengths, the n um b er of har-

v ested instruction sequences decreases b ecause few er sequences meet the harv ester's

constrain ts.

2.2.2 Fingerprin ting

The most common op eration in our o�-line computation of optimizations is determin-

ing whether an instruction sequence I is equiv alen t to an y target instruction sequence.

W e execute I on test mac hine states and then compute a hash of the result, whic h w e

call I 's �ngerprint . The �ngerprin t is the index in to a hash table; eac h buc k et holds

the target instruction sequences, if an y , with that �ngerprin t. The most imp ortan t

prop erties of the �ngerprin t are that it is v ery fast to compute and results in at most

a small set of target sequences that migh t b e equiv alen t to I .
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Figure 2.2: The n um b er of unique harv ested instruction sequences in SPEC CINT2000

b enc hmarks, b efore and after canonicalization.

W e ha v e found it su�cien t to use t w o pseudo-random mac hine states called testve c-

tors to compute �ngerprin ts.

1

The instruction sequence is �rst con v erted in to an

executable binary form. The mac hine is loaded with a testv ector and con trol is trans-

ferred to the instruction sequence. The mac hine state (the con ten ts of registers, status

bits, and memory�see b elo w) is recorded after the instruction sequence �nishes ex-

ecution. This pro cess is rep eated for b oth testv ectors and a hash is then computed

on the mac hine states that w ere obtained.

Executing the instruction sequence on the bare mac hine has three adv an tages.

First, it is extremely fast. Second, it eliminates sources of error due to incorrect

sim ulation of instructions. And third, mac hine coun ters can b e used to estimate the

time sp en t in executing the instruction sequence on hardw are, pro viding hin ts for

shaping the time-based cost function.

While executing the instruction sequence directly on hardw are is go o d, it presen ts

1

Eac h bit in the t w o testv ectors is set randomly , but the same testv ectors are used for �nger-

prin ting ev ery instruction sequence.
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Original Instruction Sequence

inc r1

xchg (r2), r1

With Memory Sandb o xing Instructions

i nc r1

mov r2, r7

and $0xff, r7

add $membase, r7

xchg (r7), r1

Figure 2.3: The memory arra y M starts at address membase and is 28 = 256 b ytes

long. Ev ery memory access is prep ended with three instructions ensuring the memory

access is con tained within M . In this example, a temp orary register r7 w as used to

p erform this function.

its o wn set of c hallenges. In particular, w e m ust isolate the state of our system from

an y side-e�ects of the instruction sequence. W e sa v e all registers b efore executing the

instruction sequence and restore them after the execution is �nished. W e sandb ox all

memory and stac k references b y adding extra instructions to the executed co de. Both

memory and stac k accesses are constrained to small regions of memory in the address

space of the sup eroptimizer. The memory is appro ximated b y a small arra y M of size

2s
starting at a memory address m em base. Eac h instruction p erforming a memory

access is then prep ended with instructions ensuring that the memory access do es not

fall outside M . A similar approac h is tak en for stac k references. Figure 2.3 sho ws the

sandb o xing instructions used for the x86 instruction set. Note that this strategy for

handling memory references preserv es the prop ert y that if t w o instructions sequences

are equiv alen t they result in the same mac hine state on an y testv ector and therefore

ha v e the same �ngerprin t. W e ha v e found that a sandb o xed memory of size M = 256

b ytes is su�cien t for minimizing �ngerprin t collisions b et w een inequiv alen t instruction

sequences.

The function used to hash the mac hine states obtained after the execution of

the instruction sequences on the testv ectors m ust ha v e some sp ecial prop erties to

ensure minimal collisions. First, it should b e asymmetric with resp ect to di�eren t
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memory lo cations and registers, whic h is necessary to distinguish b et w een instruc-

tion sequences p erforming iden tical op erations at t w o di�eren t lo cations. Second, it

should not b e based on a single op erator (lik e xor ); otherwise, there are lik ely to b e

man y collisions on instruction sequences using that particular op erator. W e emplo y a

com bination of xor and w eigh ted-add op erations to compute the hash of the mac hine

state. T o handle con text correctly , when �ngerprin ting a target sequence the hash

function includes only the liv e registers; the v alues of the dead registers are discarded.

Finally , the full structure of the �ngerprin t hash table is more elab orate than w e

ha v e describ ed so far. F or eac h target instruction sequence I , the hash table records I

and the �ngerprin t not only for the canonicalization of I , but also for all of I 's di�er-

en t register and sym b olic constan t renamings. This, as w e describ e in Section 2.3.2,

helps us in reducing the searc h space of the en umerator. Hence, an instruction se-

quence using r distinct registers and c distinct constan ts can generate at most r ! � c!

�ngerprin ts. T ypically r � 5 and c � 2, so the blo w-up is upp er-b ounded b y 240. In

practice, w e �nd that the blo w-up is around 18. The �ngerprin t hash table is indexed

b y an instruction sequence's �ngerprin t and set of liv e registers.

In summary , the �ngerprin t hash table maps a �ngerprin t and set of liv e registers

to a set of instruction sequences with the same �ngerprin t under that con text. This

table forms the corpus of instruction sequences that w e wish to sup eroptimize.

2.3 En umerator

The en umerator simply en umerates all p ossible, unique instruction sequences. W e

discuss the en umerable instruction set, tec hniques to reduce the searc h space, and

the searc h for useful optimizations in the follo wing subsections.

2.3.1 En umerable Instruction Set

Instruction sequences are en umerated from a subset of all instructions. A t most one

branc h instruction is allo w ed in an instruction sequence. F or the branc h instruction,

a canonical target is de�ned whic h represen ts an exit p oin t outside of I . Hence,
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an en umerated instruction sequence is allo w ed to ha v e at most t w o di�eren t exits:

the straigh t-line exit p oin t in the co de, and the exit de�ned b y the branc h instruc-

tion. Notice that while an en umerated instruction sequence can ha v e at most one

branc h instruction, a target instruction sequence could ha v e more branc hes; man y

optimizations eliminate or reduce the n um b er of branc hes in the target sequence.

T o b ound the searc h space, w e restrict the maxim um n um b er of distinct registers

and constan ts that can app ear in an en umerable instruction sequence. F or instructions

using a restricted subset of registers, only that subset is considered during en umera-

tion. F or constan ts w e allo w the n um b ers 0 and 1 , the sym b olic constan ts c 0 and c 1,

and addition or subtraction where the �rst argumen t is a sym b olic constan t and the

second argumen t is a sym b olic constan t or 1. Allo wing addition and subtraction of

constan ts enables disco v ery of lo cal constan t-folding optimizations. Constan t-folding

optimizations in v olving more than t w o constan ts are captured b y rep eated application

of optimizations to a co de sequence.

W e also restrict the n um b er of distinct registers used in an en umerated instruction

sequence. The n um b er of registers used b y instruction sequences v aries greatly . W e

pro�led some CPU-in tensiv e applications to gauge this distribution (see Figure 2.4)

and observ ed that more than 50% of harv ested instruction sequences of length 8 use

few er than 4 mac hine registers. Th us, w e decided to allo w at most 4 distinct regis-

ters in an en umerated instruction sequence. Again, notice that a target instruction

sequence can use more registers than the corresp onding optimal instruction sequence.

In fact, man y optimizations pro duced b y the sup eroptimizer eliminate redundan t

registers.

The n um b er of indirect memory accesses in an instruction sequence is constrained

b y the n um b er of registers allo w ed, since an indirect memory access dereferences a

register. F or direct memory accesses, w e allo w at most t w o distinct direct memory

addresses ( c0 and c1 ). Because w e use the sym b olic constan ts c0 and c1 as b oth

v alues of immediate op erands and memory addresses, w e capture optimizations in-

v olving the transformation of indirect memory accesses to direct memory accesses.
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Figure 2.4: P attern of register usage of harv ested instruction sequences in SPEC

CINT2000 b enc hmarks.

Figure 2.5 sho ws examples of op co des of di�eren t t yp es and the instructions gen-

erated b y them.

2.3.2 Reducing the Searc h Space

Once the en umerable instruction set is �xed, the en umerator's searc h space is exp o-

nen tial in the length of the instruction sequence. W e use t w o tec hniques to reduce

the size of the searc h space.

� W e en umerate only canonical instruction sequences. While this decision reduces

the size of the en umerated set of sequences, it do es cause a blo w-up in the size

of the �ngerprin t hash table (recall Section 2.2.2).

� W e prune the searc h space b y iden tifying and eliminating instructions that are

functionally equiv alen t to other c heap er instructions.

F or simple cost functions, it is p ossible to further prune the searc h space b y

observing that all subsequences of a length n instruction sequence m ust b e

optimal�if an y subsequence is not optimal, then it can b e replaced b y a c heap er

sequence and hence the sequence is not optimal. This is alw a ys true when w e

are optimizing for co desize, since the cost function is simply the sum of individ-

ual instruction lengths. F or run time optimizations, this is not true in general
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n ot < r e gister >
n ot r0

n ot r1

n ot r2

n ot r3

d ec < memory lo c ation >
d ec (r0)

d ec (r1)

d ec (r2)

d ec (r3)

d ec (c0)

d ec (c1)

a dd < mem-indir e ct > , < imme diate >
a dd (r0), 0

a dd (r0), 1

a dd (r0), c0

a dd (r0), c1

a dd (r0), c0+1

a dd (r0), c0-1

a dd (r0), c0+c1

a dd (r0), c0-c1

and rep etition of the ab o v e for r 1, r 2, . . .

Figure 2.5: Examples of instructions generated b y op co des taking di�eren t op erand-

t yp es in the x86 instruction set.

b ecause running time is also dep enden t on the com bination and order of instruc-

tions in the sequence. In our exp erimen ts, w e emplo y ed this aggressiv e pruning

strategy only when optimizing for co desize. Pruning the searc h space at smaller

instruction sequence lengths pro vides a signi�can t b ene�t for longer instruction

sequences. This idea w as �rst prop osed b y Massalin [23]. W e curren tly c hec k

that all subsequences of length 2 are optimal using a table that lists all length

2 optimal sequences, when optimizing for co desize.

T able 2.1 lists the size of the set of en umerated instruction sequences with and without

canonicalization and pruning. While canonicalization pro vides the biggest reduction,

the e�ect is cum ulativ e and using b oth tec hniques w e ac hiev e o v er 50x impro v emen t
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in the size of the searc h space for instruction sequences of length 3 on the x86 ar-

c hitecture. In T able 2.1, the reduction due to pruning is only due to elimination of

single instructions that are equiv alen t to other single instructions. F or the co desize

cost function, where w e can emplo y the more aggressiv e pruning strategy , w e get a

total impro v emen t of 60x (20% more) in the size of the searc h space at length 3.

Length Original

Searc h

Space

After

Canoni-

calization

After

Prun-

ing

Reduction

F actor

1 5,453 997 644 8.5

2 29 m 2.49 m 1.2 m 24.7

3 162.1 b 8.6 b 3.11 b 52.1

T able 2.1: The size of the searc h space for x86 instruction sequences of length 1 to 3.

The last column sho ws the reduction in searc h space ac hiev ed through pruning and

canonicalization.

Man y of the en umerated sequences are redundan t and it is tempting to a v oid

en umerating them b y placing c hec ks in the en umerator. F or example, it is p ossible

to c hec k for instruction sequences of the form { mov r0, r1; mov r0, r1 } and a v oid

�ngerprin ting them. Ho w ev er, suc h c hec ks in the inner lo op of the en umerator result

in an o v erall slo wdo wn. In the in terest of sp eed, w e let the system w eed out suc h

sp ecial cases automatically through �ngerprin ting and equiv alence c hec ks.

The en umerator stores en umerable instructions in a table with information ab out

the registers and constan ts used to help the en umerator generate only canonical in-

struction sequences. The table is sorted in an order to mak e en umeration fast. Using

the fast �ngerprin t tec hnique, ab out 500; 000 instruction sequences p er second can b e

en umerated and �ngerprin ted on a single pro cessor.

2.3.3 Searc hing the Fingerprin t Hash table

Eac h en umerated instruction sequence is �ngerprin ted as describ ed in Section 2.2.2.

The �ngerprin t is computed for all p ossible sets of liv e registers. The �ngerprin t

v alue and the corresp onding set of liv e registers is then used to lo ok up an y matc hing
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target instruction sequence in the �ngerprin t hash table. If there is a matc h, w e

ha v e found a candidate optimization and pro ceed with the equiv alence test describ ed

in Section 2.4.1. If there is no matc h in the �ngerprin t hash table, the en umerated

instruction sequence is simply discarded.

Recall that while w e en umerate only canonical instruction sequences, the �nger-

prin t hash table con tains instruction sequences in b oth canonical and non-canonical

forms. This is imp ortan t, b ecause it is p ossible to optimize a canonical instruction

sequence with a non-canonical instruction sequence and vice-v ersa. F or example, a

canonical length 2 instruction sequence T { mov r0, r1; mov r1, r2 } can b e opti-

mized using a non-canonical length 1 instruction sequence O { mov r0, r2 } (assum-

ing r1 is not liv e). T o catc h this optimization, w e k eep all renamings of T in the

�ngerprin t hash table and en umerate only the canonical v ersion of O . In this exam-

ple, the non-canonical renaming of T { mov r0, r2; mov r2, r1 } in the �ngerprin t

hash table is optimized b y the canonical en umerated sequence { mov r0, r1 }.

2.4 Learning an Optimization

Once a matc h is found in the �ngerprin t hash table for an en umerated instruction

sequence, an equiv alence test is p erformed. If the target instruction sequence and

the candidate instruction sequence are found to b e equiv alen t, and the cost of the

candidate instruction sequence is lo w er than the target (or a previously disco v ered

optimization for that target), the optimization is stored in the optimization database.

Eac h of these steps is describ ed in the follo wing subsections.

2.4.1 Equiv alence T est

The equiv alence test pro ceeds in t w o steps�a fast but incomplete execution test and

a slo w er but exact b o olean test.
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Execution T est

Our fast execution test is similar to �ngerprin ting. W e run the t w o sequences o v er

a set of testv ectors and observ e if they yield the same output on eac h test. In our

exp erimen ts, w e use a total of 18 testv ectors: one is all zeros, one is all ones and in

the remaining 16, eac h bit is set randomly .

Con trary to Massalin's exp erience [23], w e found a n um b er of pairs of instruction

sequences that passed the execution test and failed the b o olean test.

2

This situa-

tion arises due to a v ariet y of reasons, almost all in v olving loss of bits during the

computation. F or example, an equalit y comparison of t w o computed registers on

the testv ectors is lik ely to alw a ys return false. Similarly , memory addresses are al-

most nev er aliased b y execution tests, while a b o olean deterministic test catc hes all

inconsistencies due to the p ossibilit y of memory aliasing.

Bo olean T est

The b o olean v eri�cation test represen ts an instruction sequence b y a b o olean form ula

and expresses the equiv alence relation as a satis�abilit y constrain t. The satis�abilit y

constrain t is tested using a SA T solv er.

A mac hine state is represen ted b y a �nite set of registers and a mo del of the full

memory and stac k. Registers are represen ted as bitv ectors. Memory is mo deled b y

a map from address expressions to data bits. The �rst use of a memory lo cation is

enco ded b y fresh b o olean v ariables represen ting the data bits at that address. Bo olean

clauses are used to enco de the relationship b et w een the data bits and address bits.

e.g., for a sequence p erforming t w o memory reads at addresses addr1 and addr2 , and

returning data b ytes data1 and data2 resp ectiv ely , the follo wing clause captures their

aliasing relationship:

(addr1 = addr2) ) (data1 = data2)

All memory writes are stored in a table in order of their o ccurrence. F or a memory

2

Massalin did not implemen t a complete test, relying on h umans to con�rm that candidate

optimizations that passed an execution test w ere correct in all circumstances.
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read o ccurring after memory writes, the read-address needs to b e compared with

the address expressions of the writes. Eac h read-access R is c hec k ed for address-

equiv alence with eac h of the preceding write accesses Wi in decreasing order of i ,

where Wi is the i 'th write access b y the instruction sequence. The follo wing clause

enco des this relationship b et w een the data of the read access dataR and the data of

one of the preceding write accesses dataW i .

_

j � i

(addrR 6= addrW j ) ^ addrR = addrW i ) dataR = dataW i

F or eac h pair of memory accesses, a b o olean clause is generated to capture the p os-

sibilit y of their address expressions aliasing with eac h other. Where information is

not a v ailable, w e conserv ativ ely assume that t w o memory addresses ma y alias. The

equiv alence of t w o memory states is c hec k ed b y reading the bits at eac h address lo-

cation for b oth states and c hec king them for b o olean equiv alence. The mo del of the

stac k is iden tical to that of memory , with additional bits represen ting the stac k and

frame p oin ters.

Instructions are enco ded as b o olean circuits transforming an input mac hine state

to an output mac hine state. Branc h instructions are handled b y predicating the

execution of instructions on the true and false paths with the branc h condition or

its negation. The program coun ter is mo deled to indicate if a branc h to a target

outside the instruction sequence w as tak en. The input state is shared b et w een the t w o

instruction sequences b eing c hec k ed for equiv alence. T w o instruction sequences are

equiv alen t i� the registers, memory and stac k expressions obtained in the �nal state

are equiv alen t. The equiv alence relation of the output mac hine states is expressed as

a satis�abilit y constrain t b efore giving it to the SA T solv er.

2.4.2 Optimization Database

The optimization database records all optimizations disco v ered b y the sup eroptimizer.

The database is indexed b y the original instruction sequence (in its canonical form)

and the set of liv e registers, and returns the corresp onding optimal sequence if one
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exists. Because instruction sequences stored in the �ngerprin t hash table need not b e

canonical, they m ust b e canonicalized (and their optimal v ersions renamed) b efore

storing them in the optimization database.

The op eration of optimizing a binary executable is fast: it in v olv es only harv esting

a target sequence, canonicalizing it, and searc hing the indexed optimization database.

Multiple optimization passes are p erformed on the executable un til no further opti-

mizations are found.

2.5 Exp erimen tal Results

Our implemen tation of the optimizer is written in C++ and O'Caml [22]. W e use the

Diablo link-time rewriting framew ork [1, 27 ] to compute liv eness information for an

x86 executable binary . W e use zCha� [25, 38 ] as our bac k end SA T solv er b ecause of

its p erformance and incremen tal SA T solving capabilities. It to ok around t w o w eeks

to write form ulas mo deling the op co des of the In tel P en tium instruction set for the

b o olean test. W e compared our optimizer on executables compiled using gcc v ersion

3.2.3. The default optimization lev el used w as -O2 .

Our exp erimen ts w ere done using a Lin ux mac hine with a single In tel P en tium

3.0GHz pro cessor and 100 Gigab ytes lo cal storage. W e limited the p eephole size to

instruction sequences of length 3, whic h w ere not to o time consuming to en umerate.

Giv en more resources, w e can easily scale the system to length 4 instruction sequences,

whic h w e b eliev e, w ould pro duce ev en b etter results. Going b ey ond length 4 instruc-

tion sequences requires additional tec hniques to further reduce the searc h space of

the en umerator. Although, w e en umerate only up to length 3 instruction sequences,

w e optimized windo ws of up to length 6 instruction sequences in our exp erimen ts.

W e use t w o di�eren t cost functions, one capturing run time and the other co desize.

The co desize cost function simply considers the size of the executable binary co de of

a sequence as its cost. The run time cost function is more in v olv ed. It �rst tak es

in to accoun t the n um b er of memory accesses and branc h instructions in the sequence.

Then, the appro ximate cycle costs of the instruction are considered, as obtained from

the tec hnical man uals on In tel arc hitectures. In case of a tie, the n um b er of registers
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used and the co de length are used as tie-break ers.

3

In our �rst set of exp erimen ts, w e to ok some k ernels op erating on arra ys of in-

teger elemen ts. All the k ernels w ere written in C. A description of eac h of the k er-

nels is giv en in T able 2.3. These k ernels w ere compiled using arc hitecture sp eci�c

( -march=pentium4 , -mmmx and -msse ) optimization options in g cc, with the lo ops

unrolled 8 times.

Figure 2.6 plots the run time impro v emen ts our sup eroptimizer obtained in the

di�eren t k ernels o v er g cc. W e ac hiev ed impro v emen ts of b et w een 1:7 and 10 times o v er

already-optimized co de. Some (but not all) of the large impro v emen ts in running time

are b ecause the sup eroptimizer �nds clev er w a ys to use the SIMD (single instruction

m ultiple data) instructions a v ailable in the In tel arc hitecture. The problem of emitting

e�cien t SIMD co de has confounded compiler-authors for man y y ears; g cc at least

do es not app ear to attempt to use SIMD instructions. Most co de in v olving the use of

complex instructions is curren tly hand-co ded b y exp ert assem bly programmers. Our

results sho w that an automatically generated optimizer is at least a partial solution

to this problem.
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Figure 2.6: Sp eedups for the k ernels in T able 2.3.

Next, w e applied the sup eroptimizer to applications from the SPEC CINT2000

3

W e tried using P en tium p erformance coun ters to estimate the run time of an instruction sequence.

In our exp erience, that w as not useful for short sequences due to the large v ariance in the n um b ers

obtained across di�eren t runs.
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b enc hmarks [17 ]. The n um b er of optimizations p erformed and the corresp onding im-

pro v emen ts o v er gcc are sho wn in T able 2.4. As one w ould exp ect, the impro v emen ts

are m uc h less dramatic for full applications than for compute-in tensiv e k ernels. W e

found sp eedups of 0-5% with these impro v emen ts, though w e found that sp eedup

v aried across di�eren t runs and mac hine con�gurations. W e sa w impro v emen ts in

co de size of 1-6% o v er executables already optimized for size using -Os .

W e also ran our optimizer on SPEC executables compiled using the arc hitecture

sp eci�c In tel C++ compiler icc [18]. F or the SPEC b enc hmarks, the sp eedups ob-

tained on icc optimized executables w ere less than 1%, but w e found that the co desize

of these executables reduced b y 2.5-4% with no p erformance p enalt y . On the k ernels,

our optimizer ac hiev ed sp eedups o v er icc comparable to the results with gcc .

A sample of some in teresting optimizations p erformed on binaries that had b een

already optimized using g cc are giv en in T able 2.5. The system found a range of

optimizations, from ones that are w ell-kno wn (constan t folding, redundan t load elim-

ination, strength-reduction) to v ery arc hitecture sp eci�c optimizations (the use of the

xchg instruction to sw ap registers, and v arious uses of the SIMD instructions). W e

discuss t w o disco v ered optimizations in detail. In Example 1 of T able 2.5, the sup er-

optimizer �nds a three-instruction sequence to compute the sum of eigh t unsigned

b yte in tegers using the 64 bit registers a v ailable on the x86 platform. It �rst zeros out

one of the 64 bit registers ( mm0 ) b y subtracting it from itself. It then uses the psadbw

instruction, whic h computes the sum of absolute di�erences of t w o 64-bit v alues.

Since one of the registers in this sequence is zero, this amoun ts to the computation of

the sum of the eigh t b ytes in the other op erand. The third instruction then stores the

computed sum to the memory lo cation sum . In Example 5, the destination (register

esi ) is in tended to b e zero ed out only if the comparison �ag in the mac hine is set;

here g cc pro duces clev er co de to a v oid a branc h instruction. The target sequence

emitted b y g cc reads the �ag to a register eax , decremen ts it (causing it to b e either

0 or � 1) and then computes the bit wise-and of eax and esi . Since � 1 is represen ted

b y all 1s in t w o's complemen t, this e�ectiv ely sets esi to zero only if the comparison

�ag w as set. The sup eroptimizer prop oses the use of a simple conditional-mo v e cmov

instruction to ac hiev e the same result.
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A total of around 3000 co desize optimizations and 2100 run time optimizations

w ere learn t after training the optimizer on a div erse set of in teger programs. One

metric of imp ortance is the frequency of use of these optimizations. W e found a

tremendous amoun t of re-use. T able 2.2 presen ts a pro�le of the optimizations that

w ere applied to the SPEC in teger b enc hmarks. Fiv e optimizations w ere used more

than 1,000 times eac h; in total o v er 600 distinct optimizations w ere used at least once

eac h on these b enc hmarks. T o further study the re-use of optimizations, w e trained

the optimizer on one set of executables and optimized another set of executables.

W e found that most optimizations are captured ev en though the executable b eing

optimized w as not a part of the training set. F or example, 97% of the optimizations

w ere captured when w e ran the optimizer on the p opular in ternet bro wser firefox

after training it only on the SPEC b enc hmarks.

F requency

Of Use

Num b er of

Optimiza-

tions

Num b er of

Applications

> 1000 8 18679

201� 1000 7 4098

51� 200 33 2823

11� 50 82 1737

1 � 10 474 1256

T able 2.2: Pro�le of the n um b er of optimizations and the n um b er of times they w ere

applied on SPEC CINT2000 b enc hmarks.

The pro cess of optimizing a full binary using the optimization database is v ery

fast, completing in less than t w o seconds on these b enc hmarks. A protot yp e of our

system is a v ailable online at [33 ].

2.6 Discussion

In this section, w e sho w in detail ho w our system optimizes a simple lo op; the purp ose

is to illustrate what our tec hniques can, and cannot, do using a small but fairly realistic

example. Consider the follo wing C program to tra v erse a link ed list of in tegers,
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Kernel

Name

Description Pseudo-co de

s um Calculate the sum of unsigned

b yte-in tegers in an arra y

s um += a[i]

i mage-di� Calculate the sum of absolute dif-

ferences of image pixels

s um += ABS (a[i] - b[i])

c omparison Compare eac h elemen t of t w o ar-

ra ys

c [i] = (a[i] < b[i]) ? c0 : c1

m in Find the minim um of eac h ele-

men t of t w o arra ys

c [i] = (a[i] < b[i]) ? a[i] : b[i]

x or Computes exclusiv e-OR o v er t w o

arra ys

c [i] = b[i] � a[i]

s prite-cop y Rendering sprite graphics (Game

Programming)

c [i] = (a[i] == 0) ? b[i] : a[i]

T able 2.3: Sup eroptimized k ernels, op erating on arra ys of 4 million elemen ts.

m ultiplying eac h elemen t b y 2:

struct node

{

int val;

struct node *next;

};

void traverse (struct node *head)

{

while (head)

{

head->val *= 2;

head = head->next;

}

}

The follo wing assem bly co de is generated b y g cc without optimizations for the lo op

b o dy of traverse() ( eax , edx are mac hine registers, ebp is the register holding the
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Run time Co desize

Program Description Num b er of

Optimiza-

tions

Instructions

Elimi-

nated

Num b er of

Optimiza-

tions

Co desize

Impro v e-

men t

gzip Data Compression

Utilit y

621 4.16% 402 3.95%

mcf Minim um Cost

Net w ork Flo w

Solv er

381 3.73% 335 5.86%

crafty Chess Program 1074 2.19% 758 1.71%

bzip2 Data Compression

Utilit y

396 4.11% 301 4.58%

gcc C compiler 10326 2.44% 2996 1.12%

parser Natural Language

Pro cessing

1123 3.84% 582 3.06%

twolf Place and Route

Sim ulator

1125 2.17% 619 1.47%

T able 2.4: Results of running the optimizer on SPEC CINT2000 b enc hmark appli-

cations. The run time impro v emen ts are sho wn o v er `gcc -O2' optimization. The

co desize impro v emen ts are sho wn o v er `gcc -Os'.

frame p oin ter).

1 : movl 8(%ebp), %edx #edx := head

2 : movl 8(%ebp), %eax #eax := head

3 : movl (%eax), %eax #eax := head->val

4 : sall %eax #left-shift eax by 1

5 : movl %eax, (%edx) #head->val := eax

6 : movl 8(%ebp), %eax #eax := head

7 : movl 4(%eax), %eax #eax := head->next

8 : movl %eax, 8(%ebp) #head := eax

9 : cmpl $0, 8(%ebp) #head == null?

The sup eroptimizer �rst replaces instruction 2 with

20
: movl %edx, %eax
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Description T arget Sequence Optimal Sequence Liv e

Registers

1. Sum of s um += a[i] p subb %mm0, %mm0 s um

b yte-in tegers s um += a[i+1] p sadb w &a[i], %mm0

in an arra y . . . m o vd %mm0, sum

s um += a[i+7]

2. e ax  s ub %eax, %ecx n otl %eax eax

e cx - eax - 1 m o v %ecx, %eax a dd %ecx, %eax

d ec %eax

3. Elimination of s ub %eax, %ecx s ub %eax, %ecx eax,

Branc h t est %ecx, %ecx c mo vne %edx, %eb x ecx,

Instructions j e .END eb x,

m o v %edx, %eb x eb x

. END:

4. Sw ap t w o m o v %eax, %ecx x c hg %eax, %edx eax,

registers m o v %edx, %eax edx

m o v %ecx, %edx

5. Use of s etg %al m o v $0, %eax esi

Conditional m o vzbl %al, %eax c mo vg %eax, %esi

Mo v e d ec %eax

Instruction a nd %eax, %esi

6. Constan t m o v $8, %eax m o v $7, %eax eax,

F olding s ub %ecx, %eax s ub %ecx, %eax

d ec %eax ecx

7. Elimination of m o v %eax, -20(%ebp) m o v %eax, -20(%ebp) ecx

Redundan t

Loads

m o v -20(%ebp), %ecx m o v %eax, %ecx

T able 2.5: Examples of run time optimizations p erformed b y the sup eroptimizer on

g cc-optimized executables.
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and instruction 9 with

90
: cmpl $0, %eax

eliminating t w o redundan t loads. Then, the instruction sequence 20; 3; 4; 5 is replaced

with a single instruction

30
: sall (%edx)

taking adv an tage of the fact that eax is not liv e at the end of instruction 5. It is

inferred that lo cations 8(%ebp) and (%edx) in instructions 1 and 30
cannot alias with

eac h other b y comparing the t yp es of instruction op erands. Hence, in the third step,

the instruction sequence 1; 30; 6 is replaced b y the sequence 1; 30; 60
with

60
: movl %edx, %eax

eliminating another redundan t load. Instructions 60
and 7 are replaced b y

70
: movl 4(%edx), %eax

eliminating a register cop y and �nally the use of register eax is eliminated in in-

structions 70
, 8 and 90

b y replacing it with edx in all three instructions. After these

optimizations, the assem bly co de is:

1 : movl 8(%ebp), %edx #edx := head

3': sall (%edx) #left-shift head->val by 1

7': movl 4(%edx), %edx #edx := head->next

8': movl %edx, 8(%ebp) #head := edx

9': cmpl $0x0, %edx #edx == null?

A standard optimizing compiler pro duces the follo wing co de ( eax holds the v alue of

head b efore en tering the lo op b o dy):

1 : sall (%eax) #left-shift head->val by 1

2 : movl 4(%eax), %eax #eax := head->next

3 : testl %eax, %eax #eax == null?
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In this example, our automatically generated optimizer p erforms all but one of the

optimizations p erformed b y a standard optimizing compiler. The optimization that is

missed in v olv es the iteration v ariable (instructions 1 and 8). Because data�o w analysis

giv es the standard compiler a global view of the lo op's b eha vior across all iterations,

the standard compiler can cac he the iteration v ariable ( head ) in a register a v oiding

loads and stores at lo op b oundaries. Our rule-based system cannot curren tly �nd this

optimization b ecause it do es not understand lo op-carried dep endencies. Unrolling the

lo op a few times w ould mitigate this limitation since the in termediate loads can still

b e eliminated b y pattern-matc hing on short sequences of instructions.

2.7 Related W ork

Sup eroptimization of co de sequences w as �rst prop osed nearly 20 y ears ago, but w e

are a w are of just three e�orts that ha v e dev elop ed the idea. Massalin �rst describ ed

an exhaustiv e-searc h based approac h using a fast probabilistic test to disco v er short

optimal programs[23 ]. By constraining the set of instructions to a few register-register

op erations, Massalin w as able to scale the length of en umerated programs to 12 in-

structions. F or the probabilistic test, Massalin's sup eroptimizer c hose a set of carefully

c hosen inputs for the program b eing optimized. In the �rst stage, the probabilistic

test used 3 hand-c hosen input v ectors; if the t w o programs pro duced iden tical output

on all 3 inputs, the second stage compared the t w o programs on man y more randomly

selected inputs. Massalin also used a pruning strategy to eliminate sub-optimal sub-

sequences at ev ery in termediate step. He �ltered out instruction sequences that are

kno wn not to o ccur in an y optimal program, using the prop ert y that an y subsequence

of an optimal program m ust also b e optimal. T o enable this pruning, he used man u-

ally co ded equiv alences b et w een shorter programs. Although Massalin prop oses and

describ es a b o olean v eri�er to determine program equiv alences in his pap er, his pro-

tot yp e implemen tation used only a probabilistic test. He used man ual insp ection to

further ascertain equiv alence of program pairs. Massalin's sup eroptimizer w as able

to test 50,000 programs p er second.

W e ha v e adopted the same basic approac h to searc hing (en umerating) instruction
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sequences, with the addition of sim ultaneously optimizing man y target sequences and

reducing the searc h space using canonicalized instruction sequences. While Mas-

salin w as in terested in computing optimal programs for mathematical functions (e.g.

signum ), our in terest is in computing optimal v ersions of small instruction sequences

found in commonly executed co de. Our probabilistic test and pruning strategy are

v ery similar to those prop osed b y Massalin. W e ha v e enhanced the equiv alence c hec k er

b y supp orting a large set of instructions (including those accessing memory) and an

e�cien t SA T-based implemen tation of a b o olean equiv alence c hec k er. Because w e

aim to sup eroptimize sev eral sequences sim ultaneously , a b o olean c hec k er b ecomes

essen tial to remo v e false p ositiv es pro duced b y the probabilistic test. Massalin's w ork

rep orted on the optimization of relativ ely long sequences (12 instructions), at least

compared to ours. T o ac hiev e suc h lengths it w as necessary to restrict the en umer-

able instructions to a v ery small set of 10-15 hand-c hosen op co des. W e deal with

roughly 300 op co des, and so the n um b er of instruction sequences for us gro ws m uc h

more rapidly with length. Ev en though our optimizer can test man y more instruction

sequences (500,000 p er second), our optimizer scales to only length- 3 sequences.

The GNU Sup eroptimizer (GSO) [15] learns optimizations in v olving elimination of

branc h instructions for the RS/6000 pro cessor, for later use with the GNU C Compiler

(GCC). They use exhaustiv e searc h to �nd the fastest straigh t-line co de computing

a goal function. In particular, they �nd optimal v ersions of the computation of

comparison op erators ( A r el-op B ). This w ork is p erhaps the closest to ours in its goals;

w e are b oth in terested in learning p eephole optimizations. GSO has a large man ual

comp onen t, as a user is required to sp ecify the goal function and if an optimization is

found, add it to GCC. Our approac h is completely automatic. While GSO has b een

used to learn a few tens of optimizations, our system has learned thousands and there

is no reason the algorithms should not scale to millions of optimizations.

One of GSO's primary goals is to ensure p ortabilit y across arc hitectures and they

ac hiev e it using instruction sim ulation. W e instead c ho ose to directly execute instruc-

tions on hardw are for sp eed. Therefore, our optimizer can run only on the target

arc hitecture. GSO generates only register-register op erations where the output and

inputs of the goal functions are assumed to b e in sp eci�c registers. They prune the
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searc h b y trying only op erands that are either inputs or ha v e b een generated b y pre-

vious instructions. F or three-op erand arc hitectures, the destination of eac h op eration

is assumed to b e the next a v ailable register; for t w o-op erand mac hines, one of the

op erands is used as the destination. F or comm utativ e op erations, only one ordering

of op erands is tried. Using suc h optimizations, GSO restricts their branc hing factor

to b et w een 100 and 1000. The longest sequence rep orted in their examples is four

instructions long. Unlik e GSO, w e are in terested in optimizing arbitrary sequences

including those that mo dify m ultiple registers and memory lo cations. F or this reason,

our branc hing factor is bigger (around 2000-3000). Similarly , while GSO's equiv alence

c hec k er needs to compare only one pair of v alues (the last generated v alue and the tar-

get function's v alue), our equiv alence c hec k er needs to compare the full represen tation

of the mac hine state.

Another in teresting approac h to sup eroptimization is prop osed in a system called

Denali [19]. Denali is targeted primarily at optimizing p erformance-critical inner

lo ops. They divide the problem of �nding the optimal sequence in to t w o steps: in the

�rst step, a searc h pro cedure �nds the space of programs equiv alen t to the program

b eing searc hed; and in the second step, they decide the optimal program in the space

of equiv alen t programs. T o determine equiv alence, Denali requires a set of axioms

expressed in �rst order logic, capturing mathematical op erators and the instruction

set of the arc hitecture. F or example, an axiom could express the fact that in teger

addition is asso ciativ e, or that the leftshift instruction m ultiplies its op erand b y

2. The system then pro ceeds b y matc hing the program constructs with the corre-

sp onding axioms to �nd all p ossible w a ys to compute a goal function and form ulates

a satis�abilit y constrain t, the solution to whic h expresses the fastest among all p ossi-

ble equiv alen t instruction sequences. Because Denali uses goal-directed searc h, it can

�nd m uc h longer sequences than w e can curren tly generate using exhaustiv e searc h.

Ho w ev er, Denali has t w o dra wbac ks that led us to prefer exhaustiv e searc h. First,

Denali is dep enden t on ha ving enough rules (axioms) to co v er all in teresting cases;

w e didn't w an t to rule out optimizations simply b ecause w e hadn't though t of them.

Second, it is unclear ho w this approac h can b e used to optimize sev eral instruction

sequences sim ultaneously; w e gain signi�can t e�ciency b y amortizing the cost of a
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single exhaustiv e en umeration of instruction sequences o v er the optimization of man y

target sequences.

P eephole optimizers, apart from their t ypical use in the �nal optimization pass,

ha v e also b een used to p erform co de selection at link time to generate highly p ortable

compilers [6 , 9, 10 , 11 , 21 ]. In these systems, p eephole optimization through pattern-

matc hing is a primary metho d to p erform co de optimization. F or example, the �v ery

p ortable optimizer� (VPO) in [6] uses p eephole optimization to reduce the v olume

of in termediate co de b y a factor of t w o to three. These systems share our goal of

automatically and systematically disco v ering p eephole optimizations. The primary

di�erences with our w ork are that our equiv alence test based on SA T is more general

(able to detect more equiv alen t sequences) and w orks for longer sequences than pre-

vious systems. Disco v ering eac h optimization is also more exp ensiv e in our approac h;

ho w ev er, b y partitioning the w ork in to an o�-line learning phase that computes a

database of optimizations and an actual optimization phase that simply lo oks up

transformations in the database, our optimization phase can b e as fast or faster than

traditional p eephole optimizers.

2.8 Conclusions and Summary of Con tributions

W e ha v e describ ed the construction of a system to automatically generate a p eephole

sup eroptimizer for a target arc hitecture. The system is capable of automatically

learning thousands of p eephole optimization rules, eac h replacing the target sequence

with the corresp onding optimal sequence. Our sup eroptimization-based approac h

is capable of generating e�cien t co de in v olving SIMD instructions. It is also useful

approac h to automatically disco v er man y di�eren t classes of optimizations in already-

compiled co de.



Chapter 3

Binary T ranslation Using P eephole

Sup eroptimizers

In this c hapter, w e discuss the use of p eephole sup eroptimizers to p erform e�cien t

binary translation. W e b egin with a discussion on the recen t applications of binary

translation (Section 3.1). W e then pro vide a necessarily brief o v erview of p eephole

sup eroptimizers follo w ed b y a discussion on ho w w e emplo y them for binary trans-

lation (Section 3.2). W e discuss other relev an t issues in v olv ed in binary translation

(Section 3.3) and go on to discuss our protot yp e implemen tation (Section 3.4). W e

then presen t our exp erimen tal results (Section 3.5), discuss related w ork (Section 3.6),

and �nally conclude (Section 3.7).

3.1 Applications of Binary T ranslation

Before describing our binary translation system, w e giv e a brief o v erview of a range

of applications for binary translation. T raditionally , binary translation has b een used

to em ulate legacy arc hitectures on recen t mac hines. With impro v ed p erformance, it

is no w also seen as an acceptable p ortabilit y solution.

Binary translation is also useful to hardw are designers for ensuring soft w are a v ail-

abilit y for their new arc hitectures. While the design and pro duction of new arc hi-

tecture c hips complete within a few y ears, it can tak e a long time for soft w are to b e

38
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a v ailable on the new mac hines. T o deal with this situation and ensure early adoption

of their new designs, computer arc hitects often turn to soft w are solutions lik e virtual

mac hines and binary translation[8 ].

Another in teresting application of binary translation for hardw are v endors is bac k-

w ard and forw ard compatibilit y of their arc hitecture generations. T o run soft w are

written for older generations, new er generations are forced to supp ort bac kw ard com-

patibilit y . On the �ip side, it is often not p ossible to run new er generation soft w are on

older mac hines. Both of these problems create compatibilit y headac hes for computer

arc hitects and h uge managemen t o v erheads for soft w are dev elop ers. It is not hard to

imagine the use of a go o d binary-translation based solution to solv e b oth problems

in the future.

Binary translation is also b eing used for mac hine and application virtualization.

Leading virtualization companies are no w considering supp ort for allo wing the execu-

tion of virtual mac hines from m ultiple arc hitectures on a single host arc hitecture[31 ].

Hardw are v endors are also dev eloping virtualization platforms that allo w p eople to

run p opular applications written for other arc hitectures on their mac hines[26 ]. Serv er

farms and data cen ters can use binary translation to consolidate their serv ers, th us

cutting their p o w er and managemen t costs.

P eople ha v e also used binary translation to impro v e p erformance and reduce p o w er

consumption in hardw are. T ransmeta Cruso e [20 ] emplo ys on-the-�y hardw are binary

translation to execute x86 instructions on a VLIW arc hitecture thereb y cutting p o w er

costs[16]. Similarly , in soft w are, man y Ja v a virtual mac hines p erform on-the-�y bi-

nary translation from Ja v a b yteco de to the host mac hine instructions[37 ] to impro v e

execution p erformance.
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3.2 Binary T ranslation Using P eephole Sup eropti-

mizers

In this section w e giv e a necessarily brief o v erview of the design and functionalit y of

p eephole sup eroptimizers, fo cusing on the asp ects that are imp ortan t in the adapta-

tion to binary translation, whic h is discussed in Section 3.2.

3.2.1 P eephole Sup eroptimizers

a.out

H
A

R
V

E
S

T
E

R

Indexed table of
Objective Sequences

Training
Programs

Figure 3.1: In the �rst phase, the harv ester extracts instruction sequences from a

set of training executable binaries and constructs an indexed data structure of target

sequences

P eephole sup eroptimizers are an un usual t yp e of compiler optimizer [5, 15 ], and

for brevit y w e usually refer to a p eephole sup eroptimizer as simply an optimizer.

Constructing a p eephole sup eroptimizers has three phases:

1. A mo dule called the harvester extracts tar get instruction se quenc es from a set

of training programs (see Figure 3.1). These instruction sequences are the ones

w e seek to optimize.

2. A mo dule called the enumer ator en umerates all p ossible instruction sequences

up to a certain length. Eac h en umerated instruction sequence s is c hec k ed to see

if it is equiv alen t to an y target instruction sequence t . If s is equiv alen t to some

target sequence t and s is c heap er according to a cost function (e.g., estimated
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execution time or co de size) than an y other sequence kno wn to b e equiv alen t to

t (including t itself ), then s is recorded as the b est kno wn replacemen t for t (see

Figure 3.2). A few sample p eephole optimization rules are sho wn in T able 3.1.

3. The learned (target sequence, optimal sequence) pairs are organized in to a

lo okup table indexed b y target instruction sequence.

Once constructed the optimizer is applied to an executable b y simply lo oking up

target sequences in the executable for a kno wn b etter replacemen t (see Figure 3.3).

The purp ose of using harv ested instruction sequences is to fo cus the searc h for opti-

mizations on the co de sequences (usually generated b y other compilers) that app ear

in actual programs. T ypically all instruction sequences up to length 5 or 6 are har-

v ested, and the en umerator tries all instruction sequences up to length 3 or 4. Ev en at

these lengths, there are billions of en umerated instruction sequences to consider, and

tec hniques for pruning the searc h space are v ery imp ortan t [5]. Th us, the construction

of the p eephole optimizer is time-consuming, requiring a few pro cessor-da ys. In con-

trast, actually applying the p eephole optimizations to a program t ypically completes

within a few seconds.

Objective
Sequences
for match

Check
match

candidate sequences
upto a certain length

Enumerate all
Add to Peephole Table

Figure 3.2: In the second phase, the en umerator en umerates all instruction sequences

up to a certain length, c hec king eac h of them with an y of the target sequences for a

matc h. If a suitable matc h is found, the corresp onding replacemen t rule is added to

the p eephole table.

The en umerator's equiv alence test is p erformed in t w o stages: a fast execution

test and a slo w er b o olean test. The execution test is implemen ted b y executing

the target sequence and the en umerated sequence on hardw are and comparing their

outputs on random inputs. If the execution test do es not pro v e that the t w o sequences
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are di�eren t (i.e., b ecause they pro duce di�eren t outputs on some tested input), the

b o olean test is used. The equiv alence of the t w o instruction sequences is expressed

as b o olean form ula: eac h bit of mac hine state touc hed b y either sequence is enco ded

as a b o olean v ariable, and the seman tics of instructions is enco ded using standard

logical connectiv es. A SA T solv er is then used to test the form ula for satis�abilit y ,

whic h decides whether the t w o sequences are equal.

T arget Sequence

Liv e

Registers

Equiv alen t

En umerated Sequence

movl (%eax), %ecx

movl %ecx, (%eax)

eax,ecx movl (%eax), %ecx

sub %eax, %ecx

mov %ecx, %eax

dec %eax

eax

not %eax

add %ecx, %eax

sub %eax, %ecx

test %ecx, %ecx

je .END

mov %edx, %ebx

.END:

eax, ecx,

edx, ebx

sub %eax, %ecx

cmovne %edx, %ebx

T able 3.1: Examples of p eephole rules generated b y a sup eroptimizer for x86 executa-

bles

.

Using these tec hniques, al l length-3 x86 instruction sequences ha v e previously b een

en umerated on a single pro cessor in less than t w o da ys[5 ]. This particular sup erop-

timizer is capable of handling op co des in v olving �ag op erations, memory accesses

and branc hes, whic h on most arc hitectures co v ers almost all op co des. Equiv alence of

instruction sequences in v olving memory accesses is correctly computed b y accoun t-

ing for the p ossibilit y of aliasing. The optimizer also tak es in to accoun t liv e register

information, allo wing it to �nd man y more optimizations b ecause correctness only

requires that optimizations preserv e liv e registers (note the liv e register information

qualifying the p eephole rules in T able 3.1).
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sequence

target
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Figure 3.3: In the �nal phase, the optimizations in the p eephole table are applied to

the target executable.

3.2.2 Binary T ranslation

Here, w e discuss ho w w e use a p eephole sup eroptimizer to p erform e�cien t binary

translation. The approac h is similar to that discussed in Section 3.2.1, except that

no w our target sequences b elong to the source arc hitecture while the en umerated

sequences b elong to the destination arc hitecture.

The binary translator's harv ester �rst extracts target sequences from a training

set of source-arc hitecture applications. The en umerator then en umerates instruction

sequences on the destination arc hitecture c hec king them for equiv alence with an y of

the target sequences. A k ey issue is that the de�nition of equiv alence m ust c hange

in this new setting with di�eren t mac hine arc hitectures. No w, equiv alence is mean-

ingful only with resp ect to a r e gister map sho wing whic h memory lo cations on the

destination mac hine, and in particular registers, em ulate whic h memory lo cations on

the source mac hine. Some v alid register maps are sho wn in T able 3.2. A register

in the source arc hitecture could b e mapp ed to a register or a memory lo cation in

the destination arc hitecture. It is also p ossible for a memory lo cation in the source

arc hitecture to b e mapp ed to a register in the destination arc hitecture. The c hoice of

the register determines the renaming of registers in p erforming a translation from a

source sequence to an equiv alen t target sequence.

During en umeration, all p ossible register maps are en umerated and a corresp ond-

ing target sequence searc hed. W e reduce the searc h space b y observing that ha ving

once considered a register map, w e need nev er consider a register map that is equal

up to a consisten t register renaming. In case a matc h is found, the corresp onding

p eephole rule is added to the translation table. The p eephole rule no w has an extra
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Register Map Description

r1 ! eax
Maps P o w erPC register to

x86 register

r1 ! M 1 Maps P o w erPC register to a

memory lo cation

M s! eax
Maps a memory lo cation in

source co de to a register in

the translated co de

r1 ! eax

r2 ! eax

In v alid. Cannot map t w o

P o w erPC registers to the

same x86 register

M s! M t Maps one memory lo cation

to another (e.g. address

space translation)

T able 3.2: Some v alid (and in v alid) register maps from P o w erPC-x86 translation (M i

refers to a memory lo cation).

�eld sp ecifying the register map under whic h it is v alid. Some examples of p eephole

translation rules are sho wn in T able 3.3.

Once the binary translator is constructed, using it is relativ ely simple. The

translation rules are applied to the source-arc hitecture co de to obtain destination-

arc hitecture co de. The application of translation rules is more in v olv ed than the

application of optimization rules. No w, w e also need to select the register map for

eac h co de p oin t b efore generating the corresp onding translated co de. The righ t c hoice

of register maps can mak e a visible di�erence to the p erformance of generated co de.

W e discuss the selection of optimal register maps at translation time in Section 3.3.2.

3.3 Other Issues in Binary T ranslation

In this section, w e discuss the main issues relev an t to our approac h to binary trans-

lation.
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P o w erPC

Sequence

Liv e

Registers

State

Map

x86 Instruction

Sequence

mr r1,r2 r1,r2

r1 ! eax

r2 ! ecx

movl %ecx,%eax

mr r1,r2 r1,r2

r1 ! eax

r2 ! M 1
movl M 1 ,%eax

lwz r1,(r2) r1,r2

r1 ! eax

r2 ! ecx

movl (%ecx),%eax

bswap %eax

lwz r1,(r2)

stw r1,(r3)

r1,r2,

r3

r1 ! eax

r2 ! ecx

r3 ! edx

movl (%ecx),%eax

movl %eax,(%edx)

mflr r1 r1,lr

r1 ! eax

lr ! ecx

movl %ecx,%eax

T able 3.3: Examples of p eephole translation rules from P o w erPC to x86.

3.3.1 Static vs Dynamic T ranslation

Binary translation can either b e p erformed statically (compile-time) or dynamically

(run time). Most existing to ols p erform binary translation dynamically for its primary

adv an tage of ha ving a complete view of the curren t mac hine state. Moreo v er, dynamic

binary translation pro vides additional opp ortunities for run time optimizations. The

dra wbac k of dynamic translation is the o v erhead of p erforming translation and b o ok-

k eeping at run time, whic h is esp ecially visible while running small user-in teractiv e

applications that are in v ok ed m ultiple times, suc h as man y desktop applications. A

static translator translates programs o�ine and can apply more extensiv e (and p oten-

tially whole program) optimizations. Ho w ev er, p erforming faithful static translation

is a sligh tly harder problem since no assumptions can b e made ab out the run time

state of the pro cess.

Our binary translator is static, though w e ha v e a v oided including an ything in

our implemen tation that w ould mak e it impractical to dev elop a dynamic translator

(e.g., whole-program analysis or optimizations) using the same algorithms. Most of

the tec hniques w e discuss are equally applicable in b oth settings and when they are

not, w e discuss the t w o separately .
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3.3.2 Register Maps

While translating co de from one arc hitecture to another, w e need to c ho ose whic h

registers (or memory lo cations) on the destination mac hine will em ulate whic h regis-

ters on the source mac hine. Cho osing a go o d r e gister map is crucial to the qualit y of

translation, and moreo v er the b est co de ma y require c hanging the register map from

one co de p oin t to the next. Th us, the b est register map is the one that minimizes

the cost of the p eephole translation rule (generates the fastest co de) plus an y cost of

switc hing register maps from the previous program p oin t�b ecause switc hing register

maps requires adding register mo v e instructions to the generated co de to realize the

switc h at run-time, switc hing register maps is not free.

W e form ulate a dynamic programming problem to c ho ose a minim um cost register

map at eac h program p oin t in a giv en co de region. A t eac h co de p oin t all feasible

register maps are en umerated. F or eac h en umerated register map M , the p eephole

translation table is queried for a matc hing translation rule T and the corresp onding

translation cost is recorded. Assume for simplicit y that the co de p oin t under consid-

eration has only one predecessor, and the p ossible register maps at the predecessor

are P1; : : : ; Pn . The b est cost register map is the one Pi that minimizes the cost of

switc hing from Pi to M , the cost of T , and, recursiv ely , the cost of Pi :

cost(M ) = cost(T) + min i (cost(Pi ) + switch(Pi ; M ))

W e solv e the recurrence in a standard fashion. Beginning at start of a co de region

(e.g., a function b o dy), the cost of the preceding register map is initially 0. W ork-

ing forw ards through the co de region, the cost of eac h en umerated register map is

computed and stored b efore mo ving to the next program p oin t and rep eating the

computation. When the end of the co de region is reac hed, the register map with the

lo w est cost is c hosen and its decisions are bac ktrac k ed to decide the register maps at

all preceding program p oin ts. F or program p oin ts ha ving m ultiple predecessors, w e

use a w eigh ted sum of the switc hing costs from eac h predecessor. The w eigh ts as a

pro xy for pro�ling or other hin ts that w ould tell us ho w frequen tly eac h co de path is

tak en. T o handle lo ops, w e p erform t w o iterations of this computation.
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An Example

W e use an example to further explain our algorithm. Consider a function foo with

three P o w erPC instructions:

foo:

mr r2, r1

mr r1, r3

mr r3, r2

blr

foo sw aps the registers r1 and r3 using register r2 as a temp orary store. F or sim-

plicit y , w e assume that all three registers (namely r1 , r2 and r3 ) are liv e at the

end of the function. In T able 3.4, w e sho w the p eephole translation rules relev an t

to this example. A ro w in the table represen ts that a P o w erPC instruction sequence

in Column 1 can b e translated to the x86 instruction sequence in Column 3 if the

registers at that program p oin t are mapp ed according to Column 2. F or example,

the �rst rule states that the instruction mr r1, r2 can b e translated to mov M, R if

P o w erPC registers r1 and r2 are mapp ed to the x86 register R and memory lo cation

M resp ectiv ely . The cost of using a p eephole translation rule (column 4) is the cost of

the corresp onding x86 instruction sequence; our cost function captures the appro x-

imate run time of the x86 sequence. The other signi�can t comp onen t of the cost is

the cost of switc hing register assignmen ts. T able 3.5 giv es the switc hing costs for a

single P o w erPC register. The table represen ts that the cost of switc hing from either

register to memory or vice v ersa has the cost of a memory access (whic h is 10 in our

cost mo del), while the cost to remain in the same state is 0.

W e no w describ e the solution of our dynamic programming form ulation for a

straigh t line sequence of P o w erPC co de. A t eac h step in our algorithm, w mo v e for-

w ard b y one P o w erPC instruction. A t the end of eac h step, w e w ould ha v e computed

the b est p ossible translation and it's asso ciated cost for eac h register map.

In our example, w e start with cost 0 at function en try foo . A t this p oin t all

registers are assumed to b e in memory . A t Step 1, w e consider all p ossible w a ys to

translate the �rst instruction. There are three v alid p ossibilities (dep ending on the
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P o w erPC Sequence Map x86 Sequence Cost

mr r1, r2

r1 ! R

r2 ! M

mov M, R 10

mr r1, r2

r1 ! M

r2 ! R

mov R, M 10

mr r1, r2

r1 ! R 1

r2 ! R 2
mov R 1 , R 2 1

mr r1, r2

mr r2, r3

mr r3, r1

r1 ! M

r2 ! R 2

r3 ! R 3

mov R 2 , M

xchg R 2 , R 3
11

T able 3.4: An example table of p eephole translation rules.

T ransition Cost

R �! M 10

M �! R 10

R �! R 0

M �! M 0

T able 3.5: Switc hing Costs

register map used):

� Use p eephole rule 1 with r1  R and r2  M . The p eephole rule cost in this case

is 10 while the switc hing cost from the previous program p oin t (where b oth

P o w erPC registers w ere in memory) is 10, totalling to 20.

� Use p eephole rule 2 with r1  M and r2  R . This is iden tical to the �rst case,

with a total cost of 20.

� Use p eephole rule 3 with r1  R 1 and r2  R 2 . In this case, the p eephole rule

cost is 1, while the switc hing cost is 20 since it in v olv es bringing t w o P o w erPC

registers from memory to x86 registers.

A t this p oin t, the minim um cost translation for the �rst instruction is 20, obtained

b y using either one of p eephole rules 1 and 2. W e store all these three p ossibilities to

compute the b est translations at the next step.
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A t Step 2, w e searc h for the minim um cost translation for the �rst t w o instructions.

In this case, there are 6 p ossibilities for register maps at instruction 2, three of whic h

w e discuss b elo w. (The other three p ossibilities are v ery similar to the ones discussed).

� Use p eephole rule 1 with r1  R , r2  M 1 and r3  M 2 . The lo w est cost translation

is ac hiev ed b y using the register map r1  R at the previous instruction. The

total cost in this case is 30 = 20 + 10 where 20 is the cost of the previous

translation and 10 is the cost the p eephole rule. The switc hing cost in this case

is 0.

� Use p eephole rule 3 with r1  R 1 , r2  M and r3  R 2 . In this case, the lo w est

cost translation is ac hiev ed b y using the register map ( r1  R , r2  M ) at the

previous instruction. The total cost in this case is 31 = 20 + 10 + 1 where 20 is

the cost of the previous translation, 10 is the switc hing cost of bringing r3 in to

an x86 register and 1 is the cost of the p eephole rule.

� Use p eephole rule 3 with all three registers r1 , r2 and r3 mapp ed to x86 registers

R 1 , R 2 and R 3 resp ectiv ely . A t this p oin t, the b est register map at the previous

instruction is ( r1  R 1 , r2  R 2 ). The total cost in this case is 32 = 21 + 10 + 1 ,

where 21 is the cost of the previous translation, 10 is the switc hing cost from

the previous register map to this one, and 1 is the cost of the p eephole rule.

Next, w e attempt to matc h the instruction sequence formed b y the �rst t w o instruc-

tions to one of the rules in the p eephole table. In this case, no matc hes exist and

so, w e mo v e on to the next instruction. W e w ould lik e to p oin t out that since the

optimal register map at a program p oin t do es not dep end on the register maps at

program p oin ts b efore the predecessor program p oin t, it su�ces to store only the

curren t register maps and their optimal costs.

A t Step 3, a similar pro cedure is used to compute the costs of the p ossible register

maps at the third instruction. The �nal costs at the end of the third instruction

are sho wn in Figure 3.4 for eac h register map. As seen in the �gure, the minim um

cost ac hiev ed b y considering all single instruction matc hes is 33. Next, w e attempt

to matc h the instruction sequence formed b y the second and third instructions with
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r1,r2

0 + 20 + 1

r2

0 + 10 + 10

r1

0 + 10 + 10

21 + 10 + 1

r1,r2,r3

foo:

mr  r1, r3

mr  r2, r1

0

mr  r3, r2 . . .
r1,r3r1,r2,r3

32 + 0 + 1 31 + 0 + 10

r1,r2

31 + 0 + 10

. . .
r1

20 + 0 + 10 20 + 10 + 1

r1,r3 || r1,r2

Figure 3.4: The en umerated register maps for the example. Eac h b o x represen ts an

en umerated register map. The top lab el on the b o x indicates the P o w erPC registers

that are mapp ed to x86 registers (the other P o w erPC registers are in memory). The

v alue in the b o x is the minim um cost of using that register map at that program p oin t.

The cost is represen ted as (predecessor-cost + switc hing-cost + p eephole-rule-cost).

The dotted lines indicate the predecessor used to obtain the minim um cost.

a rule in the p eephole table. W e �nd no matc h in this case. Finally , w e attempt to

matc h the sequence formed b y all three instructions. In this case, p eephole rule 4

matc hes the three instructions with r1  M , r2  R 1 and r3  R 2 with a total cost of

31 = 20+11 (here, 20 is the cost of switc hing and 11 is the cost of the p eephole rule).

A t the end of the three instructions, the minim um cost ac hiev ed is 31 b y using

p eephole rule 4, and that is used as the �nal translation of the function.

This pro cedure of en umerating all register maps and then solving a dynamic pro-

gramming problem is computationally in tensiv e and, if not done prop erly , can sig-

ni�can tly increase translation time. While the cost of �nding the b est register map
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for ev ery co de p oin t is not a problem for a static translator, it w ould add signi�can t

o v erhead to a dynamic translator. T o b ound the computation time, w e prune the set

of en umerated register maps at eac h program p oin t. W e retain only the n lo w est-cost

register maps b efore mo ving to the next program p oin t. W e allo w the v alue of n to b e

tunable and refer to it as the prune size . W e also ha v e the �exibilit y to trade compu-

tation time for lo w er qualit y solutions. F or example, for co de that is not p erformance

critical w e can consider co de regions of size one (e.g., a single instruction) or ev en

use a �xed register map. In Section 3.5 w e sho w that the cost of computing the b est

register maps for frequen tly executed instructions is v ery small for our b enc hmarks.

W e also discuss the p erformance sensitivit y of our b enc hmarks to the prune size.

3.3.3 Endianness

If the source and destination arc hitectures ha v e di�eren t endianness w e con v ert all

memory reads to destination endianness and all memory writes to source endianness.

This p olicy ensures that memory is alw a ys in source endianness while registers ha v e

destination endianness. The extra b yte-sw ap instructions needed to main tain this

in v arian t are only needed on memory accesses; in particular, w e a v oid the additional

o v erhead of sh u�ing b ytes on register op erations.

While dealing with source-destination arc hitecture pairs with di�eren t endianness,

sp ecial care is required in handling OS-related data structures. In particular, all ex-

ecutable headers, en vironmen t v ariables and program argumen ts in the program's

address space need to b e con v erted from destination endianness to source endianness

b efore transferring con trol to the translated program. This step is necessary b ecause

the source program assumes source endianness for ev erything while the OS writes the

data structures b elieving that the program assumes destination endianness. In a dy-

namic translator, these con v ersions are p erformed inside the translator at startup. In

a static translator, sp ecial initialization co de is emitted to p erform these con v ersions

at run time.
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3.3.4 Con trol Flo w Instructions

Lik e all other op co des, con trol �o w instructions are also translated using p eephole

rules. Direct jumps in the source are translated to direct jumps in the translated

co de, with the jump destination in b eing appropriately adjusted to p oin t to the cor-

resp onding translated co de. T o handle conditional jumps, the condition co des of

the source arc hitecture need to b e faithfully represen ted in the destination arc hitec-

ture. Handling condition co des correctly is one of the more in v olv ed asp ects of binary

translation b ecause of the div ergen t condition-co de represen tations used b y di�eren t

arc hitectures. W e discuss our approac h to handling condition co des in the con text

of our P o w erPC-x86 binary translator; see Section 3.4.3. The handling of indirect

jumps is more in v olv ed and is done di�eren tly for static and dynamic translators. W e

discuss this in detail in Section 3.4.4.

3.3.5 System Calls

When translating across t w o di�eren t op erating systems, eac h source OS system call

needs to b e em ulated on the destination OS. Ev en when translating across the same

op erating system on di�eren t arc hitectures, man y system calls require sp ecial han-

dling. F or example, some system calls are only implemen ted for sp eci�c arc hitectures.

Also, if the t w o arc hitectures ha v e di�eren t endianness, prop er endianness con v ersions

are required for all memory lo cations that the system call could read or write.

There are other relev an t issues to binary translation. F or example, di�eren t issues

exist in full system em ulation vs user-lev el em ulation. A full system em ulator needs

to also em ulate the c hipset and other p eripherals of the source arc hitecture, while a

user lev el em ulation can abstract these issues at system-call in terface. Other examples

include precise exceptions, misaligned memory accesses, in terpro cess comm unication,

signal handling, etc. These problems are orthogonal to the issues in p eephole binary

translation and our solutions to these issues are standard. In this w ork, our fo cus is

primarily on e�cien t co de-generation.
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3.4 Implemen tation

W e ha v e implemen ted a binary translator that allo ws P o w erPC/Lin ux executables

to run in an x86/Lin ux en vironmen t. The translator is capable of handling almost

all P o w erPC op co des (around 180 in all). W e ha v e tested our implemen tation on a

v ariet y of di�eren t executables and libraries.

The translator has b een implemen ted in C/C++ and O'Caml [22 ]. Our sup erop-

timizer is capable of automatically inferring p eephole translation rules from P o w erPC

to x86. T o test equiv alence of instruction sequences, w e use zCha� [25, 38] as our

bac k end SA T solv er. W e ha v e translated most, but not all, Lin ux P o w erPC system

calls. W e presen t our results using the static translator that pro duces an x86 ELF 32-

bit binary executable from a P o w erPC ELF 32-bit binary . Because w e used the static

p eephole sup eroptimizer describ ed in [5] as our starting p oin t, our binary translator

is also static, though as discussed previously our tec hniques could also b e applied in

a dynamic translator. A consequence of our curren t implemen tation is that w e can

also translate all dynamically link ed libraries used b y the P o w erPC program.

3.4.1 Endianness

P o w erPC is a big-endian arc hitecture while x86 is a little-endian arc hitecture, whic h

w e handle using the sc heme outlined in Section 3.3.3. F or in teger op erations, there

exist three op erand sizes in P o w erPC: 1, 2 and 4 b ytes. Dep ending on the op erand size,

the appropriate con v ersion co de is required when reading from or writing to memory .

W e emplo y the con v enien t bswap x86 instruction to generate e�cien t con v ersion co de.

3.4.2 Stac k and Heap

On Lin ux, the stac k is initialized with envp , argc and argv and the stac k p oin ter is

sa v ed to a canonical register at load time. On x86, the canonical register storing the

stac k p oin ter is esp ; on P o w erPC, it is r1 . When the translated executable is loaded

in an x86 en vironmen t (in the case of dynamic translation, when the translator is

loaded), the esp register is initialized to the stac k p oin ter b y the op erating system
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while the em ulated r1 register is left uninitialized. T o mak e the stac k visible to the

translated P o w erPC co de, w e cop y the esp register to the em ulated r1 register at

startup. In dynamic translation, this is done b y the translator; in static translation,

this is done b y the initialization co de. The handling of the heap requires no sp ecial

e�ort since the brk Lin ux system call used to allo cate heap space is iden tical on b oth

x86 and P o w erPC.

3.4.3 Condition Co des

Condition co des are bits represen ting quan tities suc h as carry , o v er�o w, parit y , less,

greater, equal, etc. P o w erPC and x86 handle condition co des v ery di�eren tly . Figures

3.5 and 3.6 sho w ho w condition co des are represen ted in P o w erPC and x86 resp ec-

tiv ely .

While P o w erPC condition co des are written using separate instructions, x86 con-

dition co des are o v erwritten b y almost all x86 instructions. Moreo v er, while P o w erPC

compare instructions explicitly state whether they are doing a signed or an unsigned

comparison and store only one result in their �ags, x86 compare instructions p erform

b oth signed and unsigned comparisons and store b oth results in their condition bits.

On x86, the branc h instruction then sp eci�es whic h comparison it is in terested in

(signed or unsigned). W e handle these di�erences b y allo wing the P o w erPC condi-

CR0 CR1 CR2 CR3 CR4 CR5 CR6 CR7

3 4 7 8 11 12 15 16 19 20 23 24 3127 280

CRn LT GT EQ SO

Figure 3.5: P o w erPC arc hitecture has supp ort for eigh t indep enden t sets of condition

co des CR0-CR7 . Eac h 4-bit CR n register uses one bit eac h to represen t less than ( LT ),

greater ( GT ), equal ( EQ ) and o v er�o w-summary ( SO ). Explicit instructions are required

to read/write the condition co de bits.

tion registers ( cr0 - cr7 ) to b e mapp ed to x86 �ags in the register map. F or example,
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F
SO

F

OF: Signed Overflow
CF: Unsigned Overflow

SF: Sign Flag
ZF: Zero Flag

F
C

31 11 7 6 0

F
ZEFLAGS

Figure 3.6: The x86 arc hitecture supp orts only a single set of condition co des repre-

sen ted as bits in a 32-bit EFLAGS register. Almost all x86 instructions o v erwrite these

condition co des.

an en try cr0 ! SF in the register map sp eci�es that, at that program p oin t, the con-

ten ts of register cr0 are enco ded in the x86 signed �ags ( SF ). The translation of a

branc h instruction then dep ends on whether the condition register b eing used ( cr i )

is mapp ed to signed ( SF ) or unsigned ( UF ) �ags.

3.4.4 Indirect Jumps

Jumping to an address in a register (or a memory lo cation) is an indir e ct jump.

F unction p oin ters, dynamic loading, and case statemen ts are all handled using indirect

jumps. Since an indirect jump could jump almost an ywhere in the executable, it

requires careful handling. Moreo v er, since the destination of the indirect jump could

assume a di�eren t register-map than the curren t one, the appropriate con v ersion needs

to b e p erformed b efore jumping to the destination . Di�eren t approac hes for dealing

with indirect jumps are needed in static and dynamic binary translators.

Handling an indirect jump in a dynamic translator is simpler. Here, on encoun-

tering an indirect jump, w e relinquish con trol to the translator. The translator then

p erforms the register map con v ersion b efore transferring con trol to the (translated)

destination address.

Handling an indirect jump in a static translator is more in v olv ed. W e �rst iden-

tify all instructions that can b e p ossible indirect jump targets. Since almost all

w ell-formed executables use indirect jumps in only a few di�eren t co de paradigms,

it is p ossible to iden tify p ossible indirect jump targets b y scanning the executable.

W e scan the read-only data sections, global o�set tables and instruction immedi-

ate op erands and use a set of pattern matc hing rules to iden tify p ossible indirect
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movl lr, tmp
lea  .JTAB(tmp), tmp
jmp *(tmp)

Peephole Translation
Table

destination state map
code to convert  to

blr

ppc x86

.JTAB
0

41234

The lookup table stores a pointer to
the state-map conversion code, which then
jumps to the final destination address

jmp <destination>

Figure 3.7: Handling of indirect jumps in a static binary translator. An indirect jump

is translated to a table lo okup and a jump to the corresp onding address. The lo okup

table stores a p oin ter to a co de fragmen t that �rst p erforms state-map con v ersion

b efore jumping to the translated co de.

jump targets. A lo okup table is then constructed to map these jump targets (whic h

are source arc hitecture addresses) to their corresp onding destination arc hitecture ad-

dresses. Ho w ev er, as w e need to p erform register map con v ersion b efore jumping to

the destination address at run time, w e replace the destination addresses in the lo okup

table with the address of a co de fragmen t that p erforms the register-map con v ersion

b efore jumping to the destination address. W e illustrate this sc heme in Figure 3.7.

The translation of an indirect jump in v olv es a table lo okup and some register-map

con v ersion co de. While the table lo okup is fast, the register-map con v ersion ma y

in v olv e m ultiple memory accesses. Hence, an indirect jump is usually an exp ensiv e

op eration.

Although the pattern matc hing rules w e use to iden tify p ossible indirect jump

targets ha v e w ork ed extremely w ell in practice, they are heuristics and particularly

are prone to adv ersarial attac ks. It w ould not b e di�cult to construct an executable

that exploits these rules to cause a v alid P o w erPC program to crash on x86. Hence,

in an adv ersarial scenario, it w ould b e wise to assume that all co de addresses are

p ossible indirect jump targets. Doing so results in a larger lo okup table and more

con v ersion co de fragmen ts, increasing the o v erall size of the executable, but will ha v e
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pp c x86 Comparison

bl call bl (branc h-and-link) sa v es the

instruction p oin ter to register

lr while call pushes it to

stac k

blr ret blr (branc h-to-link-register)

jumps to the address p oin ted-

to b y lr , while ret p ops the

instruction p oin ter from the

stac k and jumps to it

T able 3.6: F unction call and return instructions in P o w erPC and x86 arc hitectures

no e�ect on running time apart from p ossible cac he e�ects.

3.4.5 F unction Calls and Returns

F unction calls and returns are handled in v ery di�eren t w a ys in P o w erPC and x86.

T able 3.6 lists the instructions and registers used in function calls and returns for

b oth arc hitectures.

W e implemen t function calls of the P o w erPC arc hitecture b y simply em ulating

the link-register( lr ) lik e an y other P o w erPC register. On a function call ( bl ), the

link register is up dated with the v alue of the next P o w erPC instruction p oin ter. A

function return ( blr ) is treated just lik e an indirect jump to the link register.

The biggest adv an tage of using this sc heme is its simplicit y . Ho w ev er, it is p ossi-

ble to impro v e the translation of the blr instruction b y exploiting the fact that blr

is alw a ys used to return from a function. F or this reason, it is straigh tforw ard to

predict the p ossible jump targets of blr at translation time (it will b e the instruc-

tion follo wing the function call bl ). This information can b e used to a v oid the extra

memory reads and writes required for register map con v ersion in an indirect jump.

W e ha v e implemen ted this optimization; while this optimization pro vides signi�can t

impro v emen ts while translating small recursiv e b enc hmarks (e.g., recursiv e computa-

tion of the �b onacci series), it is not v ery e�ectiv e for larger b enc hmarks (e.g., SPEC

CINT2000).
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Op co de
Registers

Description

mul reg32
eax, edx

Multiplies r e g32

with eax and stores

the 64-bit result in

edx:eax .

div reg32
eax, edx

Divides edx:eax b y

r e g32 and stores re-

sult in eax .

an y 8-bit insn

eax, ebx

ecx, edx

8-bit op erations can

only b e p erformed

on these four regis-

ters.

T able 3.7: Examples of x86 instructions that op erate only on certain �xed registers.

3.4.6 Register Name Constrain ts

Another in teresting c hallenge while translating from P o w erPC to x86 is dealing with

instructions that op erate only on sp eci�c registers. Suc h instructions are presen t on

b oth P o w erPC and x86. T able 3.7 sho ws some suc h x86 instructions.

T o b e able to generate p eephole translations in v olving these sp ecial instructions,

the sup eroptimizer is made a w are of the constrain ts on their op erands during en umer-

ation. If a translation is found b y the sup eroptimizer in v olving these sp ecial instruc-

tions, the generated p eephole rule enco des the name constrain ts on the op erands as

r e gister name c onstr aints . These constrain ts are then used b y the translator at co de

generation time.

3.4.7 Self-Referen tial and Self-Mo difying Co de

W e handle self-referen tial co de b y lea ving a cop y of the source arc hitecture co de in

its original address range for the translated v ersion. T o deal with self-mo difying co de

and dynamic loading, w e in v alidate the translation of a co de fragmen t on observing

an y mo di�cation to that co de region. W e ac hiev e this b y trapping an y writes to co de

regions and p erforming the corresp onding in v alidation and re-translation. F or a static
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Num b er of Reason

A dditions

2 Ov er�o w/under�o w seman tics

of the divide instruction ( div )

2 Ov er�o w seman tics of srawi

shift instruction

1 The rotate instruction rlwinm

1 The cntlzw instruction

1 The mfcr instruction

9 Indirect jumps referencing the

jumptable

T able 3.8: The distribution of the man ual translation rules w e added to the p eephole

translation table.

translator, this in v olv es making the translator a v ailable as a shared library .

3.4.8 Un translated Op co des

F or 16 P o w erPC op co des our translator failed to �nd a short equiv alen t x86 sequence

of instructions automatically . In suc h cases, w e allo w man ual additions to the p eep-

hole table. T able 3.8 describ es the n um b er and t yp es hand additions: 9 are due to

instructions in v olving indirect jumps and 7 are due to complex P o w erPC instruc-

tions that cannot b e em ulated using a b ounded length straigh t-line sequence of x86

instructions. F or some more complex instructions mostly in v olving in terrupts and

other system-related tasks, w e used the slo w but simple approac h of em ulation using

C-co de.

3.4.9 Compiler Optimizations

An in teresting observ ation while doing our exp erimen ts w as that certain compiler op-

timizations often ha v e an adv erse e�ect on the p erformance of our binary translator.

F or example, an optimized P o w erPC executable attempts to use all the 8 condition-

registers ( cr0 - cr7 ). Ho w ev er, since x86 has only one set of �ags, other condition
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registers need to b e em ulated using x86 registers causing extra register pressure. An-

other example of an unfriendly compiler optimization is instruction sc heduling. An

optimizing P o w erPC compiler separates t w o instructions in v olving a data dep endency

in order to minimize pip eline stalls, while our binary translator w ould lik e the data-

dep enden t instructions to b e together to allo w the sup eroptimizer to suggest more

aggressiv e optimizations. T o alleviate this issue, w e re-order the instructions in a

basic blo c k to cluster data-dep enden t instructions together. In our exp erimen ts, w e

discuss the adv an tage of using this optimization.

Finally , w e w ould lik e to p oin t out that while there exist these arc hitecture-sp eci�c

issues, the v ast bulk of the translation and optimization complexit y is still hidden b y

the sup eroptimizer.

3.5 Exp erimen tal Results

W e p erformed our exp erimen ts using a Lin ux mac hine with a single In tel P en tium

4 3.0GHz pro cessor, 1MB cac he and 4GB of memory . W e used gcc v ersion 4.0.1

and glibc v ersion 2.3.6 to compile the executables on b oth In tel and P o w erPC plat-

forms. T o pro duce iden tical compilers, w e built the compilers from their source tree

using exactly the same con�guration options for b oth arc hitectures. While compiling

our b enc hmarks, w e used the -msoft-float �ag in gcc to em ulate �oating p oin t

op erations in soft w are; our translator curren tly do es not translate �oating p oin t in-

structions. F or all our b enc hmarks except one, em ulating �oating p oin t in soft w are

mak es no di�erence in p erformance. All the executables w ere link ed statically and

hence, the libraries w ere also con v erted from P o w erPC to x86 at translation time. T o

em ulate some system-lev el P o w erPC instructions, w e b orro w ed C-co de from the op en

source em ulator Qem u[28 ].

In our exp erimen ts, w e compare the executable pro duced b y our translator to a

nativ ely-compiled executable. The exp erimen tal setup is sho wn in Figure 3.8. W e

compile from the C source for b oth P o w erPC and x86 platforms using gcc . The
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.c

source �le

P o w erPC

Executable

x86

Executable

x86

Executable

gcc <options> -arc h=pp c gcc <options> -arc h=x86

P eephole Binary T ranslation

Compare

Figure 3.8: Exp erimen tal Setup. The translated binary executable is compared with

the nativ ely-compiled x86 executable. While comparing, the same compiler optimiza-

tion options are used on b oth branc hes.

same compiler optimization options are used for b oth platforms. The P o w erPC ex-

ecutable is then translated using our binary translator to an x86 executable. And

�nally , the translated x86 executable is compared with the nativ ely-compiled one for

p erformance.

One w ould exp ect the p erformance of the translated executable to b e strictly

lo w er than that of the nativ ely-compiled executable. T o get an idea of the state-of-

the-art in binary translation, w e discuss t w o existing binary translators. A general-

purp ose op en-source em ulator, Qem u[28], pro vides 10-20% (i.e., 5-10x slo wdo wn) of

the p erformance of a nativ ely-compiled executable. A recen t commercially a v ailable

to ol b y T ransitiv e Corp oration[34 ] claims �t ypically ab out 70-80%� of the p erformance

of a nativ ely-compiled executable on their w ebsite[29]. Both Qem u and T ransitiv e are

dynamic binary translators.
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Benc hmark Description -O0 -O2 -O2+

emptyloop A b ounded for-lo op do-

ing nothing

98.56 % 128.72 % 127 %

fibo Compute �rst few Fi-

b onacci n um b ers

118.90 % 319.13 % 127.78 %

quicksort Quic ksort on 64-bit in-

tegers

81.36 % 92.61 % 90.23 %

mergesort Mergesort on 64-bit in-

tegers

83.22 % 91.54 % 84.35 %

bubblesort Bubble-sort on 64-bit

in tegers

75.12 % 70.92 % 64.86 %

hanoi1 T o w ers of Hanoi Algo-

rithm 1

84.83 % 70.03 % 61.96 %

hanoi2 T o w ers of Hanoi Algo-

rithm 2

107.14 % 139.64 % 143.69 %

hanoi3 T o w ers of Hanoi Algo-

rithm 3

81.04 % 90.14 % 80.15 %

traverse T ra v erse a link ed list 69.06 % 67.67 % 67.15 %

binsearch P erform binary searc h

on a sorted arra y

65.38 % 61.24 % 62.15 %

T able 3.9: P erformance of the binary translator on some compute-in tensiv e mi-

crob enc hmarks. The columns represen t the optimization options giv en to gcc . ` -O2+ '

expands to ` -O2 -fomit-frame-pointer '. ` -O2+ ' omits storing the frame p oin ter on

x86. On P o w erPC, ` -O2+ ' is iden tical to ` -O2 '. The p erformance is sho wn relativ e to

a nativ ely compiled application (the p erformance of a nativ ely compiled application

is 100%).

T able 3.9 sho ws the p erformance of our binary translator on small compute-

in tensiv e microb enc hmarks. Our microb enc hmarks use three w ell-kno wn sorting al-

gorithms, three di�eren t algorithms to solv e the to w ers of hanoi problem, one b enc h-

mark that computes the Fib onacci sequence, a link-list tra v ersal, a binary searc h on

a sorted arra y , and an empt y for-lo op. All these programs are written in C. They

are all highly compute in tensiv e and hence designed to stress-test the p erformance of

binary translation.

The translated executables p erform roughly at 90% of the p erformance of a

nativ ely-compiled executable on a v erage. Some b enc hmarks p erform as lo w as 64%
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O0 O2

x86 p eep qem u rosetta p eep x86 p eep qem u rosetta p eep

(s) (s) (%) (%) (%) (s) (s) (%) (%) (%)

bzip2 311 470 18.5 65.3 66.2 195 265 25.0 54.0 73.7

gap 165 313 - - 52.5 87 205 15.7 - 42.5

gzip 264 398 15.3 58.7 66.3 178 315 20.9 52.5 56.5

mcf 193 221 46.5 84.8 87.3 175 184 64.7 81.5 94.7

parser 305 520 16.9 54.4 58.7 228 338 22.5 49.0 67.3

twolf 2184 1306 55.6 - 167.2 1783 1165 59.1 - 153

vortex 193 463 11.3 43.1 41.7 161 - - 38.0 -

T able 3.10: P erformance of the binary translator on SPEC CINT2000 b enc hmark

applications. The x86 column represen ts the p erformance of a nativ ely compiled

application. The p ercen tage(%) �elds represen t p erformance relativ e to the x86 p er-

formance (the p erformance of a nativ ely compiled application is 100%).` - ' en tries

represen t failed translations. peep columns represen t the p erformance of our transla-

tor. qemu and rosetta represen t Qem u and Apple Rosetta resp ectiv ely .

of nativ e p erformance and man y b enc hmarks outp erform the nativ ely compiled exe-

cutable. The latter result is a bit surprising. F or unoptimized executables, the binary

translator often outp erforms the nativ ely compiled executable, b ecause the sup erop-

timizer p erforms optimizations that are not seen in an unoptimized nativ ely compiled

executable. The bigger surprise o ccurs when the translated executable outp erforms

an already optimized executable (columns -O2 and -O2+ ) indicating that ev en mature

optimizing compilers to da y are not pro ducing the b est p ossible co de. When compared

with Apple Rosetta, our translator consisten tly p erforms b etter than Rosetta on all

these microb enc hmarks. On a v erage, our translator is 170% faster than Apple Rosetta

on these small programs.

A striking result is the p erformance of the fibo b enc hmark in the -O2 col-

umn where the translated executable is almost three times faster than the nativ ely-

compiled and optimized executable. On closer insp ection, w e found that this is b e-

cause gcc , on x86, uses one dedicated register to store the frame p oin ter b y de-

fault. Since the binary translator mak es no suc h reserv ation for the frame p oin ter,

it e�ectiv ely has one extra register. In the case of fibo , the extra register a v oids
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a memory spill presen t in the nativ ely compiled co de causing the h uge p erfor-

mance di�erence. Hence, for a more equal comparison, w e also compare with the

` -fomit-frame-pointer ' gcc option on x86 ( -O2+ column).

T able 3.10 giv es the results for sev en of the SPEC in teger b enc hmarks. (The other

b enc hmarks failed to compile correctly due to the lac k of complete supp ort for all

Lin ux system calls in our translator). F or comparison, w e sho w the p erformance of t w o

other binary translators � Apple Rosetta[2] and Qem u[28]. In our comparisons with

Qem u, w e used the same P o w erPC and x86 executables as used for our o wn translator.

F or comparisons with Rosetta, w e could not use the same executables as Rosetta

supp orts only Mac executables while our translator supp orts only Lin ux executables.

Therefore, to compare, w e recompiled the b enc hmarks on Mac to measure Rosetta

p erformance. T o ensure a fair comparison, w e used exactly the same compiler v ersion

( gcc 4.0.1) on the t w o platforms (Mac and Lin ux). W e ran our Rosetta exp erimen ts on

a Mac Mini In tel Core 2 Duo 1.83GHz pro cessor, 32KB L1-Icac he, 32KB L1-Dcac he,

2MB L2-cac he and 2GB of memory .

Our p eephole translator fails on vortex when it is compiled using the -O2 �ag.

Similarly , Rosetta fails on twolf for b oth optimization options. These failures are

most lik ely due to bugs in the translators. W e could not obtain p erformance n um-

b ers for Rosetta on gap b ecause w e could not successfully build gap on Mac OS X.

Our p eephole translator ac hiev es a p erformance of 42-164% of the nativ ely compiled

executable. Comparing with Qem u, our translator ac hiev es 1.3-4x impro v emen t in

p erformance. When compared with Apple Rosetta, our translator p erforms 12%

b etter (a v erage) on the executables compiled with -O2 �ag and 3% b etter on the

executables compiled with -O0 �ag. Our system p erforms as w ell or b etter than

Rosetta on almost all our b enc hmarks, the only exceptions b eing -O0 for vortex

where the p eephole translator pro duces co de 1.4% slo w er than Rosetta, and -O2 for

vortex , whic h the p eephole translator fails to translate. The median p erformance of

the translator on these compute-in tensiv e b enc hmarks is 67% of nativ e co de.

A v ery surprising result is the p erformance of the twolf b enc hmark where the

p erformance of our translator is signi�can tly b etter than the p erformance of nativ ely

compiled co de. On further in v estigation, w e found that twolf , when compiled with
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the -msoft-float �ag, sp ends a signi�can t fraction of time in the �oating p oin t

em ulation library (whic h is a part of glibc ). It turns out that our translator generates

faster co de for the �oating p oin t em ulation library than the nativ e compiler leading

to b etter o v erall p erformance for twolf . W e attribute this p erformance di�erence in

�oating p oin t em ulation co de to the a v ailabilit y of an extra frame p oin ter register,

similar to what w e observ ed in fibo microb enc hmark. W e do not see this e�ect in

all our other b enc hmarks as they sp end an insigni�can t fraction of time in �oating

p oin t em ulation. W e presen t the detailed c haracteristics of the b enc hmarks (suc h as

actual running times and p ercen tage of times sp en t in �oating p oin t em ulation) in

App endix A.

Figure 3.9: P erformance comparison on -O0 executables b y toggling optimization

�ags in the p eephole translator.

Next, w e consider the p erformance of our translator on SPEC b enc hmarks b y

toggling some of the optimizations. The purp ose of these exp erimen ts is to obtain

insigh t in to the p erformance impact of these optimizations. W e consider t w o v arian ts

of our translator:

1. No-Reorder : Recall that, b y default, w e cluster data-dep enden t instructions

inside a basic blo c k for b etter translation (refer Section 3.4.9). In this v arian t,

w e turn o� the re-ordering of instructions.

2. With-Profile : In this v arian t, w e pro�le our executables in a separate o�ine
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Figure 3.10: P erformance comparison on -O2 executables b y toggling optimization

�ags in the p eephole translator.

run and record the pro�ling data. Then, w e use this data to determine appro-

priate w eigh ts of predecessors and successors during register map selection (see

Section 3.3.2).

Figure 3.9 and Figure 3.10 sho w the comparisons of the t w o v arian ts relativ e to the

default con�guration for executables compiled using -O0 and -O2 resp ectiv ely . W e

mak e t w o k ey observ ations:

� The re-ordering of instructions inside a basic blo c k has a signi�can t p erfor-

mance impact on executables compiled with -O2 . The P o w erPC optimizing

compiler separates data-dep enden t instructions to minimize data stalls. T o

pro duce e�cien t translated co de, it helps to �de-optimize� the co de b y bringing

data-dep enden t instructions bac k together. On a v erage, the p erformance gain

b y re-ordering instructions inside a basic blo c k is 6.9% for -O2 executables. F or

-O0 executables, the p erformance impact of re-ordering instructions is negligi-

ble, except twolf where a signi�can t fraction of time is sp en t in precompiled

optimized libraries.

� F rom our results, w e think that pro�ling information can result in small but

notable impro v emen ts in p erformance. In our exp erimen ts, the a v erage im-

pro v emen t obtained b y using pro�ling information is 1.4% for -O2 executables
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and 0.56% for -O0 executables. W e b eliev e, our translator can exploit suc h

run time pro�ling information in a dynamic binary translation scenario.

Our sup eroptimizer uses a p eephole size of at most 2 P o w erPC instructions. The

x86 instruction sequence in a p eephole rule can b e larger and is t ypically 1-3 in-

structions long. Eac h p eephole rule is asso ciated with a cost whic h captures the

appro ximate cycle cost of the x86 instruction sequence.

W e compute the p eephole table o�ine only once for ev ery source-destination ar-

c hitecture pair. The computation of the p eephole table can tak e up to a w eek on

a single pro cessor. On the other hand, applying the p eephole table to translate an

executable is fast (see Section 3.5.1). F or these exp erimen ts, the p eephole table con-

sisted of appro ximately 750 translation rules. Giv en more time and resources, it is

straigh tforw ard to scale the n um b er of p eephole rules b y running the sup eroptimizer

on longer length sequences. More p eephole rules are lik ely to giv e b etter p erformance

results.

The size of the translated executable is roughly 5-6x larger than the source P o w-

erPC executable. Of the total size of the translated executable, roughly 40% is

o ccupied b y the translated co de, 20% b y the co de and data sections of the original

executable, 25% b y the indirect jump lo okup table and the remaining 15% b y other

managemen t co de and data.

3.5.1 T ranslation Time

T ranslation time is a signi�can t comp onen t of the run time o v erhead for dynamic

binary translators. As our protot yp e translator is static, w e do not accoun t for this

o v erhead in the exp erimen ts in Section 3.5. In this section w e analyze the time

consumed b y our translator and ho w it w ould �t in a dynamic setting.

Our static translator tak es 2-6 min utes to translate an executable with around

100K instructions, whic h includes the time to disassem ble a P o w erPC executable,

compute register liv eness information for eac h function, p erform the actual translation

including computing the register map for eac h program p oin t (see Section 3.3.2), build

the indirect jump table and then write the translated executable bac k to disk. Of
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these v arious phases, computing the translation and register maps accoun ts for the

v ast ma jorit y of time.

A dynamic translator, on the other hand, t ypically translates instructions as they

(and only when they) are executed. Th us, no time is sp en t translating instructions

that are nev er executed. Because most applications use only a small p ortion of their

extensiv e underlying libraries, in practice dynamic translators only translate a small

part of the program. Moreo v er, dynamic translators often trade translation time for

co de qualit y , sp ending more translation time and generating b etter co de for hot co de

regions.

T o understand the execution c haracteristics of a t ypical executable, w e study our

translator's p erformance on bzip2 in detail. (Because all of our applications build

on the same standard libraries, whic h form the o v erwhelming ma jorit y of the co de,

the b eha vior of the other applications is similar to bzip2 .) Of the 100K instructions

in bzip2 , only around 8-10K instructions are ev er executed in the b enc hmark runs.

Of these, only around 2K instructions (hot regions) accoun t for more than 99:99% of

the execution time. Figure 3.11 sho ws the time sp en t in translating the hot regions

of co de using our translator.

W e plot the translation time with v arying prune sizes; b ecause computing the

translation and register maps is the dominan t cost, the most e�ectiv e w a y for our

system to trade co de qualit y for translation sp eed is b y adjusting the prune size

(recall Section 3.3.2). W e also plot the p erformance of the translated executable at

these prune sizes. A t prune size 0, an arbitrary register map is c hosen where all

P o w erPC registers are mapp ed to memory . A t this p oin t, the translation time of the

hot regions is v ery small (less than 0:1 seconds) at the cost of the execution time of

the translated executable. A t prune size 1 ho w ev er, the translation time increases

to 8 seconds and the p erformance already reac hes 74% of nativ e. A t higher prune

sizes, the translation o v erhead increases signi�can tly with only a small impro v emen t

in run time (for bzip2 , the run time impro v emen t is 2%). This indicates that ev en at

a small prune size (and hence a lo w translation time), w e obtain go o d p erformance.

Finally , w e p oin t out that while the translation cost rep orted in Figure 3.11 ac-

coun ts for only the translation of hot co de regions, w e can use a fast and naiv e
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Figure 3.11: T ranslation time o v erhead with v arying prune size for bzip2 .

translation for the cold regions. In particular, w e can use an arbitrary register map

(prune size of 0) for the rarely executed instructions to pro duce fast translations of

the remaining co de; for bzip2 it tak es less than 1 second to translate the cold regions

using this approac h. Th us w e estimate that a dynamic translator based on our tec h-

niques w ould require under 10 seconds in total to translate bzip2 , or less than 4% of

the 265 seconds of run-time rep orted in T able 3.10.

3.6 Related W ork

Binary translation �rst b ecame p opular in the late 1980s as a tec hnique to impro v e

the p erformance of existing em ulation to ols. Some of the early commercial binary

translators w ere those b y Hewlett-P ac k ard to migrate their customers from its HP
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3000 line to the new Precision arc hitecture (1987), b y Digital Equipmen t Corp oration

to migrate users of V AX, MIPS, SP AR C and x86 to Alpha (1992), and b y Apple

Computers to run Motorola 68000 programs on their P o w erMA C mac hines(1994).

By the mid-1990's more binary translators had app eared: IBM's D AISY [13] used

hardw are supp ort to translate p opular arc hitectures to VLIW arc hitectures, Digital's

FX!32 ran x86/WinNT applications on Alpha/WinNT [8], Ardi's Executor[14] ran

old Macin tosh applications on PCs, Sun's W abi [32] executed Microsoft Windo ws

applications in UNIX en vironmen ts and Em bra [36], a mac hine sim ulator, sim ulated

the pro cessors, cac hes and other memory systems of unipro cessors and cac he-coheren t

m ultipro cessors using binary translation. A common feature in all these to ols is that

they w ere all designed to solv e a sp eci�c problem and w ere tigh tly coupled to the

source and/or destination arc hitectures and op erating systems. F or this reason, no

meaningful p erformance comparisons exist among these to ols.

More recen tly , the moral equiv alen t of binary translation is used extensiv ely in

Ja v a just-in-time (JIT) compilers to translate Ja v a b yteco de to the host mac hine

instructions. This approac h is seen as an e�cien t solution to deal with the problem

of p ortabilit y . In fact, some recen t arc hitectures esp ecially cater to Ja v a applications

as these applications are lik ely to b e their �rst adopters[3].

An early attempt to build a general purp ose binary translator w as the UQBT

framew ork[35] that describ ed the design of a mac hine-adaptable dynamic binary

translator. The design of the UQBT framew ork is sho wn in Figure 3.12. The transla-

tor w orks b y �rst deco ding the mac hine-sp eci�c binary instructions to a higher lev el

R TL-lik e language (R TL stands for register transfer lists). The R TLs are optimized

using a mac hine-indep enden t optimizer, and �nally mac hine co de is generated for

the destination arc hitecture from the R TLs. Using this approac h, UQBT had up

tp a 6x slo wdo wn in their �rst implemen tation. A similar approac h has b een tak en

b y a commercial to ol b eing dev elop ed at T ransitiv e Corp oration[34 ]. T ransitiv e �rst

disassem bles and deco des the source instructions to an in termediate language, p er-

forms optimizations on the in termediate co de and �nally assem bles it bac k to the

destination arc hitecture. In their curren t o�erings, T ransitiv e supp orts SP AR C-x86,
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P o w erPC-x86, SP AR C-x86/64-bit and SP AR C-x86/Itanium source-destination arc hi-

tecture pairs.
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Figure 3.12: The framew ork used in UQBT binary translation. A similar approac h

is tak en b y T ransitiv e Corp oration.

A w eakness in the approac h used b y UQBT and T ransitiv e is the reliance on a

w ell-designed in termediate R TL language. A univ ersal R TL language w ould need

to capture the p eculiarities of all di�eren t mac hine arc hitectures. Moreo v er, the

optimizer w ould need to understand these di�eren t language features and b e able to

exploit them. It is a daun ting task to �rst design a go o d and univ ersal in termediate

language and then write an optimizer for it, and w e b eliev e using a single in termediate

language is hard to scale b ey ond a few arc hitectures. Our comparisons with Apple

Rosetta (T ransitiv e's P o w erPC-x86 binary translator) suggest that sup eroptimization

is a viable alternativ e and lik ely to b e easier to scale to man y mac hine pairs.
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In recen t y ears, binary translation has b een used in v arious other settings. In tel's

IA-32 framew ork pro vides a soft w are la y er to allo w running 32-bit x86 applications on

IA-64 mac hines without an y hardw are supp ort. Qem u[28 ] uses binary translation to

em ulate m ultiple source-destination arc hitecture pairs. Qem u a v oids dealing with the

complexit y of di�eren t instruction sets b y enco ding eac h instruction as a series of op-

erations in C. This allo ws Qem u to supp ort man y source-destination pairs at the cost

of p erformance (t ypically 5-10x slo wdo wn). T ransmeta Cruso e[20 ] uses on-c hip hard-

w are to translate x86 CISC instructions to RISC op erations on-the-�y . This allo ws

them to ac hiev e comparable p erformance to In tel c hips at lo w er p o w er consumption.

Dynamo and Dynamo-RIO [4, 7] use dynamic binary translation and optimization

to pro vide securit y guaran tees, p erform run time optimizations and extract program

trace information. Strata[30 ] pro vides a soft w are dynamic translation infrastructure

to implemen t run time monitoring and safet y c hec king.

3.7 Conclusions and Summary of Con tributions

W e presen t an e�cien t and p ortable sc heme to p erform e�ectiv e binary transla-

tion. W e ac hiev e this using a sup eroptimizer that automatically learns translations

from one arc hitecture to another. W e demonstrate through exp erimen ts that our

sup eroptimization-based approac h results in comp etitiv e p erformance while eliminat-

ing the complexit y of building a high p erformance translator b y hand.



Chapter 4

Goal-Directed Sup eroptimization

Using Meet-in-the-Middle

In this c hapter, w e discuss a tec hnique to reduce the searc h space for goal-directed

sup eroptimization. W e b egin b y pro viding an o v erview of our approac h (Section 4.1),

describ e the details of the tec hnique (Section 4.2-4.3), presen t exp erimen tal results

(Section 4.4) and �nally conclude (Section 4.5).

4.1 In tro duction

Our sup eroptimizer exhaustiv ely en umerates and executes all instruction sequences

on a �xed initial mac hine state. An optimization is p ossible only if one of the ob jectiv e

sequences pro duces the same mac hine state as one of the en umerated sequences. A

picture sho wing this approac h is sho wn in Figure 4.1. The run time complexit y of

this simple tec hnique is O(bn ) where b is the size of the instruction set and n is the

maxim um length of the en umerated instruction sequence.

In this c hapter, w e observ e that it is p ossible to reduce this run time complexit y

b y pruning the searc h space. W e do this b y using information ab out the goal states

w e are in terested in. Man y en umerated instruction sub-sequences can b e eliminated

as they cannot p ossibly lead to the goal state. F or example, if w e are searc hing for

the optimal equiv alen t sequence for the follo wing sequence

73
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Figure 4.1: Finding a candidate instruction sequence for a target mac hine state using

a brute-force exhaustiv e searc h

#(swap r1 and r2)

mov r1, r3

mov r2, r1

mov r3, r2

an y sequence whic h b egins with

mov r1, r2

is not useful. It w ould b e w asteful to en umerate a length- 2 sequence b eginning with

the mov r1, r2 instruction. T o capture this, w e need to determine at an in terme-

diate step, if the curren t sequence can ev en tually lead to the goal function. T o do

so, w e w ork bac kw ards from the goal function to en umerate only those in termediate

subsequences that can ev en tually lead to sequences that are equiv alen t to the goal

function. An in termediate subsequence that do es not meet this criteria can b e dis-

carded. Using this approac h, it is p ossible to w ork forw ards from the initial state and
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bac kw ards from the goal state to prune large p ortions of the searc h space. W e mo del

our algorithm on this observ ation and call our approac h the meet-in-the-middle strat-

egy . The term meet-in-the middle is b orro w ed from a cryptographic attac k[12 ] whic h

uses a similar tec hnique to decipher encryption k eys. In this section, w e describ e our

meet-in-the-middle approac h and it's implemen tation.

Figure 4.2 illustrates the meet-in-the-middle sup eroptimization strategy . Our goal

is to sup eroptimize a giv en instruction sequence whic h w e call the target instruction

sequence. W e b egin with an initial mac hine state whic h is a randomly generated

v ector of 0s and 1s. A t the �rst step, w e execute the target instruction sequence on

the initial mac hine state to obtain a mac hine state whic h w e call the target mac hine

state. Our goal is to �nd the c heap est instruction sequence that, if executed on the

initial mac hine state, yields the target mac hine state.

In the next step (Step 2), all p ossible length- n instruction sequences are exhaus-

tiv ely en umerated starting from the initial mac hine state and the resulting mac hine

states are con v erted to bit strings and stored in a 1-bit pre�x tree. A pre�x tree (also

called a trie) is an ordered tree data structure where all the descendan ts of an y one

no de ha v e a common pre�x of the string asso ciated with that no de. A trie is generally

used for storing dictionaries; in our algorithm, a trie is an e�cien t data structure to

store, retriev e and matc h mac hine states.

In the �nal step (Step 3), instruction sequences of length- m are exhaustiv ely

en umerated and executed b ackwar ds from the target mac hine state. Recall from

Section 4.1 that a bac kw ard execution of an instruction sequence in v olv es undoing

the op erations of the sequence. The mac hine states obtained b y bac kw ard execution

of length- m sequences are the states that can reac h the target state in m instructions.

It is p ossible to reac h the target mac hine state from the initial mac hine state in n+ m

instructions only if one of the mac hine states en umerated in Step 2 matc hes one of

the mac hine states en umerated in Step 3. W e call the mac hine states en umerated in

Step 2, the forw ard-en umerated mac hine states b ecause they are en umerated forw ards

from the initial mac hine state; similarly w e call the states en umerated in Step 3, the

bac kw ard-en umerated mac hine states.
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Eac h bac kw ard-en umerated mac hine state is compared against all the forw ard-

en umerated mac hine states. The trie data structure enables e�cien t matc hing at

this step. If a matc h is found, w e ha v e found a n + m length sequence p oten tially

equiv alen t to the target sequence. If no matc h is found, the bac kw ard-en umerated

state is simply discarded.
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Enumerate all length-n sequences Enumerate all length-m inverse sequences

Figure 4.2: Finding a candidate instruction sequence for a target mac hine state using

meet-in-the-middle approac h. If done exhaustiv ely , this approac h searc hes the space

of all length- n + m sequences.

It is not alw a ys p ossible to precisely undo an instruction, and hence a bac kw ard

execution ma y not alw a ys pro duce a unique mac hine state. W e can only repro duce

some of the bits b y bac kw ard execution and for all others, w e use the don 't-know

c haracter. W e use the c haracter d to denote the don't-kno w c haracter akin to the

don't-care bit used in digital hardw are design[24].

The in v erse of an instruction is an instruction sequence that undo es the op erations

p erformed b y that instruction. The in v erse attempts to rev erse the execution of the

instruction on a mac hine state to repro duce the original mac hine state as closely as

p ossible. The bits that cannot b e repro duced are represen ted using don't-kno w bits.

W e discuss instruction in v erses and don't-kno w bits in more detail in Section 4.2.
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The matc hing of forw ard-en umerated mac hine states and bac kw ard-en umerated

mac hine states is done using a 1-bit trie. The trie stores the pre�x bits in its in-

ternal no des and the forw ard-en umerated mac hine states at the leaf no des. F or

eac h bac kw ard-en umerated mac hine state, w e searc h the trie for a matc hing forw ard-

en umerated mac hine state. W e discuss this step of our algorithm in detail in Sec-

tion 4.3.

W e ha v e implemen ted the meet-in-the-middle strategy in t w o systems: in our

o wn sup eroptimizer whic h w e describ ed in Chapter 2 and the publicly a v ailable GNU

Sup eroptimizer[15 ]. W e presen t results obtained in b oth these systems in Section 4.4

and �nally discuss future w ork in this direction in Section 4.5.

4.2 Instruction In v erses and Don't-Kno w Bits

The in v erse of an instruction I is a sequence of instructions that undo the op erations

p erformed b y I . In other w ords, for a giv en mac hine state s, I � 1
is de�ned suc h that

I � 1(I (s)) = s

It is not alw a ys p ossible to reco v er the original mac hine state s completely using I � 1
.

Instead, I � 1
reco v ers as m uc h of state s as p ossible using don't-kno w bits for bits

that cannot b e reco v ered. W e discuss instruction in v erses and don't-kno w bits in

more detail in the follo wing subsections.

4.2.1 In v erse of an Instruction

Since it is not alw a ys p ossible to in v ert an instruction, the in v erse aims to reco v er a

tigh t appro ximation of the original state (Figure 4.3). In this section, w e de�ne an

instruction and its in v erse more precisely .

Let M represen t the set of mac hine states. A mac hine state s 2 M comprises of

registers, status �ags and memory . An instruction i can b e expressed as a function
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Figure 4.3: The in v erse of an instruction.

i : M ! M transforming one mac hine state (sa y s0 ) to another (sa y s1 ).

i (s0) = s1

An instruction sequence I can then b e expressed as a comp osition of individual in-

structions. Notice that w e consider only straigh t-line sequences with no branc hes.

I = i0 � i1 � i2 : : : in

In other w ords,

I (s : M ) = in (in� 1(in� 2 : : : i0(s) : : :))

The in v erse of an instruction i � 1 : M ! M is de�ned as:

i � 1(s : M ) =

8
<

:

t if 9t 2 M , s.t. i (t) = s

undef otherwise

This de�nition of in v erse pro vides the follo wing useful prop ert y:

i (i � 1(s)) = s if i � 1(s) is de�ned
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While ev ery instruction alw a ys has an in v erse, the in v erse ma y not b e unique. Let us

lo ok at an example of an instruction and construct its in v erse.

Let iadd represen t the x86 add instruction,

iadd = {add r0, r1} .

The seman tics of iadd on the x86 arc hitecture are:

r0  r0 + r1. flags  f(r0,r1) .

This instruction adds the con ten ts of r1 to r0 and writes the result to register r0.

The �ags mo di�ed b y this x86 instruction are the carry , o v er�o w, parit y , sign, zero

and the auxiliary �ag. The �ags are a function of the original v alues of r0 and r1 . It is

also p ossible to express the �ags as a function of the new v alue of r0 and r1 , suc h that

flags  f'(r0 new ,r1)

F unctionally , this op eration can b e expressed as

iadd(s) = s[r0 new  r0+r1; flags  f'(r0 new ,r1) ],

where s[: : :] denotes s mo di�ed b y the expression inside the square brac k ets.

Notice that not ev ery mac hine state can result from an add instruction. A ma-

c hine state obtained after executing the add instruction m ust ha v e its status �ags set

in accordance with the con ten ts of register r0 . In particular, the �ags should ob ey

flags = f'(r0,r1) .

Constructing the in v erse of an add instruction �rst in v olv es c hec king the register

r0 and �ags to see if they agree. If not, this means that this state could not ha v e

b een a result of executing iadd . Hence, the in v erse cannot b e de�ned. W e use the

sym b ol undef to denote an unde�ned in v erse. On the other hand, if the �ags agree

with r0 and r1 , i � 1
in v erts the addition op eration b y using a subtract instruction.
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This can b e expressed as

i � 1
add(s) =

8
<

:

i sub(s) if flags = f'(r0,r1)

undef otherwise

where,

i sub = { sub r0, r1}

Notice that the in v erse of iadd is not unique. Some other v alid in v erses are

{sub r0, r1; clc}

{add r0, r2; sub r0, r1; sub r0, r2}

. . .

Notice that the in v erse of a single instruction could b e a sequence of m ultiple instruc-

tions. In this case, eac h in v erse sequence uses the second instruction to set the status

�ags di�eren tly .

The de�nition of the in v erse of an instruction sequence I is iden tical to that of

the in v erse of an instruction:

I � 1(s : M ) =

8
<

:

t if 9t 2 M , s.t. I (t) = s

undef otherwise

F or an instruction sequence

I = i0 � i1 � : : : in ;

its in v erse is

I � 1 = i � 1
n � i � 1

n� 1 � : : : i � 1
0

If an y of i � 1
0 . . . i � 1

n pro duce undef on a state s, I � 1
pro duces undef on s. The

bits in the in v erted mac hine state that cannot b e reco v ered are represen ted using

don't-kno w bits.
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4.2.2 Don't-Kno w Bits

W e use the don't-kno w c haracter ` d ' to represen t an y bit that is not reco v erable after

in v erse computation. T o use our previous example of the add instruction iadd , it is

not p ossible to reco v er the status �ags prior the execution of iadd . F or this reason, w e

denote the status �ags b y d bits.

Using d bits, it is p ossible to represen t the in v erse of an instruction uniquely . The

in v erse of iadd can b e uniquely represen ted as:

i � 1
add(s) =

8
<

:

s[r0  r0 � r1 ; flags  d ] if flags = f(r0)

undef otherwise

T able 4.1 giv es some examples of instruction in v erses for the x86 arc hitecture.

Instruction In v erse

add r0, r1 sub r0,r1 �ags  d

add r0, r0 shr r0; r0 [31 ]  d �ags  d

mo v r0, r1 r0  d

and r0, $010110 r0  r0 & d1d11d �ags  d

or r0, $010110 r0  r0 | 0d0dd0 �ags  d

xor r0, r1 xor r0, r1 �ags  d

xc hg r0, r1 xc hg r0, r1

shr r0, $3 shl r0, $3; r0 [0..2 ]  d �ags  d

ror r0, $3 rol r0, $3

inc r0 dec r0 �ags  d

neg r0 neg r0 �ags  d

not r0 not r0

T able 4.1: Examples of x86 instruction in v erses.

4.2.3 In v erse Execution Constrain ts

Not ev ery mac hine can b e in v erted on an y instruction. F or example, to in v ert a

mac hine state s using i � 1
add in the previous example, the �ags of s m ust agree with
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register r 0 and r 1. W e call this constrain t on s, the in v erse execution constrain t for

iadd . Therefore, to in v ert a mac hine state on instruction i , the state m ust ob ey the

in v erse execution constrain ts of i . T able 4.2 lists some examples of in v erse execution

constrain ts for x86 instructions.

Instruction In v erse Execution Constrain t

mo v r0, r1 r0 = r1

add r0, r1 �ags m ust agree with r0, r1

and r0, $010110 bits 0,3 and 5 m ust b e 0

or r0, $010110 bits 1,2 and 4 m ust b e 1

shr r0, $3 three MSBs m ust b e zero

xor r0, r1 �ags m ust agree with r0, r1

inc r0 �ags m ust agree with r0

dec r0 �ags m ust agree with r0

T able 4.2: Examples of x86 instruction in v erse constrain ts.

In v erse execution constrain ts are v ery helpful in pruning the searc h space during

bac kw ard en umeration. If an in v erse execution constrain t is not satis�ed b y a mac hine

state, all in v erse sequences b eginning with that instruction are pruned a w a y .

4.3 Matc hing forw ard-en umerated and

bac kw ard-en umerated states

The �nal step in the meet-in-the-middle strategy is matc hing the forw ard-en umerated

mac hine states with the bac kw ards-en umerated mac hine states. The forw ard-

en umerated states are stored in a 1-bit trie data structure. The trie represen ts all

mac hine states that can b e obtained b y executing a length- n instruction sequence

on the initial mac hine state. Eac h length- m instruction sequence is then en umerated

bac kw ards from the goal state. The bac kw ards-en umerated mac hine state is then

searc hed in the trie for a matc h. In this section, w e explain the construction and

retriev al in a trie in more detail.

T o insert a mac hine state in a trie, the mac hine state is �rst con v erted in to a bit-

string (Figure 4.4). A t eac h lev el in the trie, the corresp onding bit of the bit-string is
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used to determine the appropriate branc h to follo w. The mac hine states themselv es

are stored at the leaf no des.

Matc hing of bac kw ard-en umerated mac hine states is v ery similar to retrieving a

mac hine state from the trie. When searc hing for a matc h for a bac kw ard-en umerated

mac hine state, the trie is tra v ersed using the bits in the mac hine state, i.e., a 0-branc h

(1-branc h resp ectiv ely) is follo w ed if the mac hine state has a 0-bit (1-bit resp ectiv ely)

at that p osition. A bac kw ard-en umerated mac hine state ma y also ha v e d bits. During

the tra v ersal of a trie, if w e encoun ter a d -bit in the mac hine state, b oth branc hes

of the trie are follo w ed to searc h for a matc h. W e illustrate this op eration using the

follo wing pseudo-co de.

bool search(trie_node *root, machine_state bwd_enumerated, int bitpos)

{

if (root == NULL)

return false;

if (isLeafNode(root))

return true;

if (bwd->state[bitpos] == 0)

return search(root->left, bwd_enumerated, bitpos+1);

if (bwd->state[bitpos] == 1)

return search(root->right, bwd_enumerated, bitpos+1);

if (bwd->state[bitpos] == 'd')

return ( search(root->left, bwd_enumerated, bitpos+1)

|| search(root->right, bwd_enumerated, bitpos+1));

}

If a matc h is found, w e ha v e found a candidate sequence of length (n + m) (formed b y
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the forw ard-en umerated n -length sequence stored in the trie and m -length bac kw ard-

en umerated sequence) that could b e equiv alen t to the target sequence. W e then

pro ceed with the equiv alence test. If no matc h is found, the bac kw ard-en umerated

instruction sequence is discarded.

Assuming the heigh t of the trie is h and the n um b er of forw ard-en umerated states

in the trie are N , the time tak en to searc h for a matc h for an bac kw ards-en umerated

state can v ary from O(h) (when there are no d bits in the bac kw ards-en umerated

state) to O(N � h) (when all bits in the bac kw ards-en umerated state are d ). Using a

compressed trie, where no des ha ving only one c hild are coalesced, the a v erage heigh t

of the trie can b e reduced to h = O(log2N ) .

��
��
��
��

�
�
�
�

�
�
�
�

��
��
��
��

��
��
��
��

flags

����
����
����
���� r0

����
����
����

����
����
���� r1

����
����
����
���� r2

����
����
����

����
����
���� r3

����
����
����
���� r4

���������
���������
���������
���������

���������
���������
���������
���������

memory

1

2

0

2 2 2

0 1

0 1 0 1

011000111000110011
100101000110001001
111001011110010110
110000100111110000
111001110001111110

1

Machine State Bit String Trie of Machine States

Figure 4.4: All mac hine states obtained b y forw ard en umeration of instruction se-

quences are indexed using a trie-lik e data structure. The trie is then searc hed to

matc h states obtained b y in v erse execution from the goal state.

The construction of the trie completes in O(N � log2N ) time. Since the forw ard-

execution trie needs to b e constructed only once, the cost of its construction is amor-

tized o v er the optimization of sev eral goal sequences. The time complexit y of ex-

haustiv ely searc hing a space of n + m -length instruction sequences using meet-in-the-

middle approac h is O(I m : log2 I m + I n : log2 I m ) in the b est case, and O(I n+ m log2I m )

in the w orst case. The complexit y dep ends hea vily on the n um b er of d bits in the

bac kw ard-en umerated mac hine states. It also dep ends on the pruning ac hiev ed b y

in v erse execution constrain ts during in v erse execution. W e discuss the impro v emen ts



4.4. Experiment al Resul ts 85

and these metrics empirically in our exp erimen tal results.

4.4 Exp erimen tal Results

W e ha v e implemen ted the meet-in-the-middle strategy in t w o sup eroptimization-

based systems : our x86 p eephole optimizer and the publicly a v ailable GNU

Sup eroptimizer[15 ]. F or the x86 p eephole optimizer, w e sp eci�ed instruction in v erses,

don't-kno w bits and instruction in v erse constrain ts for eac h x86 instruction. W e con-

structed a trie on the forw ard-en umerated sequences, and then matc hed the mac hine

states obtained b y bac kw ards execution against it. If a matc h w as found, w e p er-

formed a complete equiv alence test to �nd an optimization.

Of the 5322 distinct instructions w e used in the optimizer's x86 instruction set,

w e found that 477 w ere p erfectly in v ertible, i.e. no d bits w ere pro duced on in v erting

these instructions. W e w ould lik e to p oin t out that in v ertibilit y dep ends b oth on the

op co de and the op erands. W e sho w the distribution of the don't-kno w bits pro duced

b y the instructions in Figure 4.5. The x-axis represen ts the n um b er of don't-kno w

bits and the y-axis represen ts the n um b er of instructions that pro duced that n um b er

of don't-kno w bits. F or example, 1938 instructions pro duce 6 don't-kno w bits. The

ma jorit y of the instructions pro duced less than 16 don't-kno w bits. W e observ ed that

a lot of instructions pro duce either 6 or 32 don't-kno w bits. Instructions pro ducing 6

don't-kno w bits are usually the ones where it is p ossible to reco v er the con ten ts of the

op erands but not the �ags � in whic h case, w e represen t the �ags b y don't-kno w bits.

The instructions pro ducing 32 don't-kno w bits are usually instructions that clobb er

one of their op erands.

W e studied the adv an tage of using a meet-in-the-middle approac h o v er our previ-

ous approac h of using only forw ard en umeration. W e use the n+ m notation, where n

represen ts the length of the forw ard en umerated instruction sequences and m repre-

sen ts the length of the bac kw ard en umerated instruction sequences. W e �rst en umer-

ated length- 3 sequences using 3 = 2 + 1 (length- 2 forw ards and length- 1 bac kw ards).

Using this, w e w ere able to �nd man y optimizations in v olving length- 3 sequences in

only a few min utes (as opp osed to 2 da ys in our previous exp erimen ts). Next, w e
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Figure 4.5: The distribution of don't-kno w bits pro duced b y the instructions in our

instruction set.

tried length- 4 sequences using 4 = 2 + 2 . In this case, while some of our target

sequences w ere optimized in only a few min utes, some target sequences to ok o v er

a da y of computation without �nishing. Through these exp erimen ts, w e concluded

that while the meet-in-the-middle strategy can pro duce signi�can t impro v emen ts in

the sup eroptimizer's running time in some cases (2 da ys to few min utes), it do es not

alw a ys yield signi�can t impro v emen t. This approac h fails whenev er the n um b er of d

bits pro duced b y bac kw ards execution b ecomes to o large.

Next, w e discuss the results obtained b y implemen ting the meet-in-the-middle

strategy in the GNU Sup eroptimizer ( GSO )[15]. W e sp eci�ed the instruction in v erses,

don't-kno w bits and in v erse instruction c hec ks for all x86 instructions inside GSO . With

a maxim um sequence length of 4, w e computed the optimal sequences for the goal

functions used in GSO . There are 246 unique goal functions sp eci�ed in GSO . F or all the

goal functions, w e obtained the same results for the optimal sequences. Once again, w e

found that for some goal functions, the impro v emen t in the sup eroptimizer's running

time w as signi�can t; while for others, there w as no impro v emen t. F or 22% of the goal

functions, the run time of the sup eroptimizer w as impro v ed b y using the meet-in-the-

middle strategy . The maxim um impro v emen t w as a factor of 10,000x for one of the

goal functions while the minim um impro v emen t w as 1.62x. The median impro v emen t
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in the goal functions that impro v ed w as 7x. F or 41% of the goal functions, the meet-in-

the-middle strategy p erformed as w ell as the forw ards-only strategy , i.e. w e observ ed

neither sp eedup nor slo wdo wn. This w as mostly b ecause the optimal sequence in

these cases w as only one or t w o instructions long, and hence b oth strategies returned

a result v ery quic kly . F or 37% of the goal functions, w e observ ed slo wdo wns. In these

cases, the o v erhead of trie construction and matc hing exceeded the b ene�t of pruning

the searc h space.

4.5 Conclusions and F uture Directions

T o b e able to scale the sup eroptimizer to longer lengths, w e need more tec hniques to

prune it's searc h space. Our meet-in-the-middle approac h is an attempt in this direc-

tion, and w e �nd that it is useful in man y cases. One of the imp ortan t considerations

in devising new w a ys to prune the searc h space of a sup eroptimizer is the o v erhead

of the pruning strategy . As w e observ ed in our exp erimen ts, the adv an tage obtained

b y pruning m ust signi�can tly out w eigh it's o v erhead for the strategy to b e practical.



Chapter 5

Conclusions and F uture W ork

This dissertation describ es metho ds to p erform e�cien t co de generation and opti-

mization b y using sup eroptimization tec hniques. W e describ e t w o p eephole sup erop-

timizers � an automatically generated p eephole optimizer (Chapter 2) and a binary

translator (Chapter 3). In the third part of the thesis (Chapter 4), w e presen t a

sc heme to lo w er the computational complexit y of goal-directed brute-force sup erop-

timization.

In the �rst part of the thesis, w e describ e a design to automatically generate a

p eephole optimizer using sup eroptimization tec hniques. The optimizer �rst infers

thousands of optimizations automatically in an o�ine phase. The optimizations are

organized in to a lo okup table, mapping original sequences to their optimized coun-

terparts. Optimization of a compiler's generated co de is then done e�cien tly as a

normal p eephole optimizer, simply using the precomputed rules. The optimizer ex-

haustiv ely en umerates all length- 3 instruction sequences and generates man y useful

optimizations that w ould traditionally b e implemen ted algorithmically (T able 2.4).

W e also �nd that the automatically generated optimizer is capable of generating

e�cien t SIMD co de, at least in some simple situations (Figure 2.6).

The second part of this thesis describ es a design to p erform e�cien t binary transla-

tion using a p eephole sup eroptimizer. Our translator automatically infers equiv alence

relations b et w een sequences of the source arc hitecture and the target arc hitecture

88
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(also called p eephole translation rules). These equiv alence relations are de�ned un-

der a map of registers b et w een the t w o arc hitectures. A successful translation can b e

p erformed if eac h source instruction app ears in at least one translation rule. Using

this approac h to binary translation, w e �nd that man y optimizations, that w ould

otherwise require man ual co di�cation, are automatically inferred. Our P o w erPC-x86

binary translator adaptiv ely selects a register map at eac h program p oin t to max-

imize e�ciency of the generated co de. W e �nd that the translated co de generated

b y our binary translator can sometimes outp erform nativ ely compiled co de on the

destination arc hitecture (T able 3.9). Our comparisons with state-of-the-art binary

translation to ols sho w the b ene�ts of using this approac h (T able 3.10).

Allo wing the sup eroptimizer to scale to longer instruction sequences is lik ely to

pro duce more optimizations. In the third part of the thesis, w e describ e a sc heme

to lo w er the computational complexit y of brute-force searc h for goal-directed sup er-

optimization. W e presen t the impro v emen ts obtained b y implemen ting meet-in-the-

middle sup eroptimization b oth in our sup eroptimizer and the publicly a v ailable GNU

Sup eroptimizer[15 ].

In future w ork, there is p oten tial to further dev elop p eephole sup eroptimization as

a co de generation tec hnique. P eephole optimizers ha v e previously b een used to p er-

form co de selection at link time to pro duce highly p ortable compilers[6 , 9, 10 , 11 , 21].

More compute p o w er and adv ances in SA T solving capabilities presen t in teresting op-

p ortunities and c hallenges in this direction. The most promising opp ortunit y lies in

scaling this tec hnique to longer instruction sequences and millions of p eephole trans-

formations. One can imagine an arc hitecture quite similar to that of a searc h engine,

where thousands of mac hines w ork in the bac kground to infer p eephole optimizations,

whic h are presen ted as an e�cien t lo okup table to b e used o v er the net w ork.

Another in teresting application of p eephole sup eroptimizers is binary translation.

In our exp erience, p eephole sup eroptimizers lend themselv es as a comp elling solution

to the problem of e�cien t and p ortable binary translation. While w e ha v e demon-

strated a binary translator from P o w erPC to In tel x86, w e hop e this approac h is

adopted to p erform binary translation across other arc hitecture pairs.



App endix A

Run time Characteristics of SPEC

Benc hmarks

O0

Benc hmark x86 p eep qem u x86 rosetta

Lin ux Lin ux Lin ux Mac Mac

bzip2 310.79 469.85 1727.50 398.77 610.70

gap 164.54 313.40 1395.18 - -

gzip 263.94 398.36 1771.11 334.55 570.34

mcf 193.18 221.18 402.28 188.25 221.91

parser 305.23 520.16 1889.61 379.48 697.15

twolf 2184.14 1306.41 3918.79 - -

vortex 193.31 463.48 1766.75 249.71 578.97

T able A.1: Run times of the SPEC b enc hmarks (in seconds) used in Section 3.5 com-

piled using -O0 on all the di�eren t platforms. The en tries in x86 columns are run times

of executables compiled nativ ely for the x86 platform. The peep , qemu and rosetta

columns con tain run times of executables translated using the p eephole translator,

Qem u and Apple Rosetta resp ectiv ely . The Lin ux run times are recorded on an In tel

P en tium 4 3.0 GHz pro cessor, 1MB cac he and 4GB of memory . The Mac run times are

recorded on a Mac Mini with In tel Core 2 Duo 1.83GHz pro cessor, 32KB L1-Icac he,

32KB L1-Dcac he, 2MB L2-cac he and 2GB of memory . ` - ' en tries represen t failed

runs.
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O2

Benc hmark x86 p eep qem u x86 rosetta

Lin ux Lin ux Lin ux Mac Mac

bzip2 195.45 265.28 792.54 221.96 410.95

gap 87.27 205.47 661.49 - -

gzip 177.81 314.66 816.83 205.28 391.17

mcf 174.68 184.44 272.69 154.72 189.95

parser 227.72 338.47 1082.26 236.50 482.95

twolf 1782.62 1164.88 3011.40 - -

vortex - - - 187.17 492.21

T able A.2: Run times of the SPEC b enc hmarks (in seconds) used in Section 3.5 com-

piled using -O2 on all the di�eren t platforms. The en tries in x86 columns are run times

of executables compiled nativ ely for the x86 platform. The peep , qemu and rosetta

columns con tain run times of executables translated using the p eephole translator,

Qem u and Apple Rosetta resp ectiv ely . The Lin ux run times are recorded on an In tel

P en tium 4 3.0 GHz pro cessor, 1MB cac he and 4GB of memory . The Mac run times are

recorded on a Mac Mini with In tel Core 2 Duo 1.83GHz pro cessor, 32KB L1-Icac he,

32KB L1-Dcac he, 2MB L2-cac he and 2GB of memory . ` - ' en tries represen t failed

runs.

O0 O2

bzip2 0.00 0.00

gap 0.00 0.00

gzip 0.00 0.00

mcf 0.00 0.00

parser 0.00 0.00

twolf 42.69 51.12

vortex 0.00 0.00

T able A.3: P ercen tage of time sp en t in �oating p oin t em ulation b y the SPEC b enc h-

marks used in Section 3.5 for -O0 and -O2 �ags on x86 platforms. Except twolf , all

other b enc hmarks sp end negligible time in �oating p oin t em ulation.
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