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Faulty software has been estimated to cost as much as $¥nhikr year. Even a single fault
can be expensive: NASA lost a $125 million orbiter in partdese of a programming error that mixed
data in English and metric units. This error could have beewgmted by a better programming language:
researchers have developed languages with type systenenéiide a programmer to express the scientific
unit of a value, and such languages guarantee that valuegliffeérent units will not be mixed.

Like support for scientific units, most new ideas in prograngnianguages offer both expressive
power and new guarantees. Another examplgsoitware transactional memaryvhich enables a pro-
grammer to say directly that a section of code must execotaieally, as opposed to writing code that
implements atomic sections indirectly by acquiring an@asing locks. Software transactional mem-
ory guarantees that an atomic section executes atomiaatilgnty with respect to other transactions but
also with respect to the rest of the code. And unlike a languaigh locks, a language with software
transactional memory guarantees that transactions wiéimgeadlock.

To evaluate a new language idea like software transactimeahory, the best way is to observe how
programmers use it in practice. To make this possible, wd aaemplementation which is good enough
that programmers will use the idea. In most cases, this mea&osnpiler that generates good machine
code. Finding new ways to build good compilers is the goal pfresearch.

Cheap, reliable, adaptable compilers

To help develop and deploy new language features that peapleuse to write better programs, my
research focuses on finding easier ways to develop reliabbégtable compilers. | build compilers whose
users demand advanced language features and performaairienggations. When appropriate, | also use
theoretical techniques to prove that my work provides lgghlity solutions.

Minimizing the cost of developing portable compilers

Data shows that when a compiler becomes popular, its usergually demand support for a variety of
machines. But adding support for a new machine is costhgumwriting an instruction selector requires
intimate knowledge both of the machine and of the compilenjslementation. The current best practice
is to live with this cost. Finding a way to do better has beeasearch problem of long standing. One
way to do better is to encapsulate knowledge of the machiaemachine description and to encapsulate
knowledge of the compiler in a tool that analyzes the desoripand generates an instruction selector.
Tools developed during previous research have generatedhipiete instruction selectors that must be
completed by hand.

In my 2010 POPL paper, | presented novel theoretical andipahcesults for this problem. | proved
that in principle, generating an instruction selector isiadecidable problem, which suggests why pre-
vious work did not generate complete instruction selectbatso developed a new search algorithm and
a novel pruning heuristic that work well in practice. My aljom is based on Hoare logic: by reasoning
about how a sequence of machine instructions will mutatehimacstate, my algorithm finds sequences of
machine instructions that implement the compiler’s intedimate codes. My algorithm generates complete
instruction selectors for real machines, with no humamuestetion.

Compiler design that reflects programming-language theory

A compiler doesn’t just compile programs; it is also an isfracture for experimenting with new ideas.
Unfortunately, experimentation is frequently inhibitedther than supported, by the compiler’s internals.
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Part of my work is to develop better compiler internals withger interfaces, to make it easier to change
compilers and try new ideas.

In the Quick C-- compiler, Christian Lindig, Norman Ramsawgd | investigated five mutable rep-
resentations of control-flow graphs, and with each reptasien, both the flow-graph implementation
and its clients were complicated by the need to maintainriamgs on mutable pointers. We developed
a novel, purely applicative representation of control-figraphs that uses only immutable pointers, and
we showed that both the implementation and the client codarbe simpler.

On top of our control-flow graph, we have built an optimizatfoamework called ldorPL HooPL
provides a simple interface which enables a compiler writelefine new optimizations using the elegant
mathematical formalisms that appear in textbooksoOHL can also combine optimizations to imple-
ment more effective “superanalyses,” using an algorithwelped by Lerner, Grove, and Chambers.
The optimization-combining algorithm makes temporargcgpative transformations of the flow graph;
our applicative flow graph makes the implementation of thistthm particularly simple. Working with
Simon Peyton Jones, we are also using Haskell's expresgeesystem to guarantee that no part of the
compiler can produce a malformed control-flow graph. Thigrgatee applies even to new optimizations
that will be written by others. We presented our control-figraph at the 2005 ML Workshop, and we
have a draft paper ondbprLready to submit to the International Conference on FunatiBnogramming.

Verified compilation for real machines

A programmer may work hard to ensure that source code isatplnat the code that actually runs is cor-
rect only if the compiler translates source code to assewtale correctly. To show that that a compiler
translates correctly, the state of the art is machine-awpkoof. To construct such a proof, a researcher
defines a formal semantics for the source language and alfgementics for the assembly language,
then proves, in terms of those semantics, that the compitetuses assembly code that is equivalent to
the input program. But because hardware manufacturersderavachines without any formal semantics,
it is not obvious how to write such a proof for a real machineevidus work has avoided this difficulty
by weakening the theorem: researchers define the semamtias idealized machine, then prove that the
compiler is correct with respect to that machine.

| plan to prove the correctness of a compiler that generatnably code for real machines. This prob-
lem has two separate parts: developing proofs that applgabmachines and specifying semantics for
real machines. To develop proofs that apply to real machinedl generalize the techniques | developed
in my dissertation work. To specify semantics of real maesji will use machine descriptions; and |
will develop techniques to check a machine description orextness with respect to the hardware.

Proving correctness of the optimizations that give the bestnown performance

A compiler’s optimizer should get the best performance duhe machine and should be easy to prove
correct—but these goals appear to be incompatible. Jacld8@v has shown that the best code is ob-
tained by improving actual machine instructions, but optations written in Davidson’s style are not
well-suited to formal proof. Sorin Lerner has developedtegues for building optimizers that can be
proven correct, but they cannot use knowledge of the madbigenerate the best code. | plan to work on
the design of optimizers that are both machine-specific asgl & prove correct. A good first step will
be to define a domain-specific language for writing optinizes, where the language is general enough
to describe optimizations independent of any fixed reptesien of instructions.
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| have enjoyed my teaching experiences, and | look forwartutiore teaching. Starting as
an undergraduate student, | have taught sections, gradehieents, and held office hours for a
variety of courses. My experiences, together with contenss with professors at Harvard and
Tufts, have refined my understanding of what it means to te#ebtively.

The most effective teachers | know have designed coursdsyrfotusing on the subject matter
implied by the name of a course, but by thinking about andripidong the ideas and skills that
students need to practice and learn. For example, in a couarslata structures, the teacher may
present several representations of balanced binary treethe goal is not for students to memorize
the details of each representation—the goal is for studeriearn how an invariant on the repre-
sentation of a tree can limit its height, guaranteeing efficinsertion and lookup. An effective
homework assignment might ask students to practice usirggiamts by building an implementa-
tion of red-black trees and showing that the implementati@mntains the invariants of a red-black
tree.

In my early teaching experiences, | saw that when a coursetifonused on ideas and skills,
itis hard to predict what students will learn. For examplsdisted in a course which, as a capstone,
required students to implement a garbage collector. Fosttiaents, the challenge was to build and
debug a large program. The students had previously writtgnsmall programs, and they had not
been taught how to build and debug a large program incretherffawer than 25% of the students
built working garbage collectors, and it was not clear what/tlearned.

If I were using the same assignment today, | would focus nahergarbage collector but on
skills used to build and debug large programs. In particlik&ould teach students how to use an in-
variant to debug a program compositionally. In a garbagkecr, the central invariant states that
every live value is reachable from a global variable or tlagelst Because any function that violates
the invariant is wrong no matter what other functions dodstus could find most bugs by checking
each function individually to see that it maintains the namat. By teaching the students how to de-
bug with invariants, | would expect not only that more studemould complete the assignment, but
also that students would practice and learn a skill whichld/belp them throughout their careers.

In a graduate course, it is also important to focus on idedsséitls, but the ideas and skills
are different: graduate students must learn to understaddoaild upon published research. In
my experience, a common model of graduate seminars, in wiriehstudent presents a research
paper to the rest of the class, is highly inefficient: only pinesenter practices the skills required to
understand and discuss the paper. | have observed thastiksean be practiced more efficiently
among small groups of students, where the instructor hangrach group discussion questions
that are crafted to highlight interesting features or ditfies in the paper. This model allows
each student to practice the essential skills of distillilfgrmation from a research paper, thinking
critically about research problems, and communicatindp wtlleagues.

| can teach a broad range of courses covering both theoryrapktinentation. Through my
research, | have extensive experience with programminguiges and compilers. | am eager to
teach not only courses in those topics, but also advancade®in run-time systems, concurrency,
optimization, and static analysis. | am also prepared tohteaurses in computer architecture,
systems programming, data structures, and algorithms.nWhave more experience, | will also
be very interested in teaching introductory courses, atthd feel that beginning students are best
served by more experienced teachers.
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Automatically Generating Instruction Selectors
Using Declarative Machine Descriptions
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Abstract

Despite years of work on retargetable compilers, creatigga,
reliable back end for an optimizing compiler still entaildoa of
hard work. Moreover, a critical component of the back ende—th
instruction selector—must be written by a person who is expe
both the compiler’s intermediate code and the target mathin-
struction set. Bygeneratingthe instruction selector from declar-
ative machine descriptions we have (a) made it unnecessary f
one person to be both a compiler expert and a machine expdrt, a
(b) made creating an optimizing back end easier than everédef

Our achievement rests on two new results. First, finding goinap
from intermediate code to machine code is an undecidabli#gro
Second, using heuristic search, we can find mappings forimesh
of practical interest in at most a few minutes of CPU time.

Our most significant new idea is that heuristic search shoeld
controlled by algebraic laws. Laws are used not only to showrw

a sequence of instructions implements part of an interned@de,

but also to limit the search: we drop a sequence of instmstio
not when it gets too long or when it computes too complicated a
result, but whertoo much reasoningyill be required to show that
the result computed might be useful.

Categories and Subject Descriptors D.3.4 [Processors Code
generation; D.3.4Frocessork Retargetable compilers

General Terms Algorithms, Experimentation, Theory

Keywords Instruction selection, retargetable compilers, declara-
tive machine descriptions

1. Introduction

Writing a back end for an optimizing compiler is difficult. Am-
piler writer must know not only the syntax and semantics of a
target instruction set but also the internal data strustared in-
variants of a compiler, which can be very complex. For years,
the state of the art has been to write instruction selectsitsgu
domain-specific languages which combine knowledge of a com-
piler's data structures with knowledge of a target machifleo(
Ganapathi, and Tjiang 1989; Emmelmann, Schroer, and Lahdw
1989; Fraser 1989; Fraser, Henry, and Proebsting 1992piFras
Hanson, and Proebsting 1992). We present a hew technigud whi
realizes a long-sought goal: decoupling compiler knowefigm
machine knowledge (Conway 1958; Strong et al. 1958). Usimg o
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technique, an instruction selector is generated autoaitifrom
declarative machine description§A declarative machine descrip-
tion contains no code and no information about any compildaita
structures; instead, it simply and formally describes prtips of a
target machine.)

Our contributions are as follows:

* \We show that given a description of an arbitrary instructen
generating an instruction selector is undecidable (Se@jo
To find machine instructions that implement intermediatieco
it is therefore necessary to search heuristically.

¢ We present a new heuristic-search algorithm, which staitts w
the expressions computed by the machine’s instructionrgkt a
gradually adds to a pool of computable expressions untiyeve
intermediate-code expression is computable.

A crucial invariant is that we considenly computations that
we knowcan be implemented entirely by machine instructions.
This invariant makes our algorithm significantly simplearth
earlier search algorithms, which start with goal compaotedi
whose implementations by machine instructions are not know

To increase the pool of computable expressions, we rewrite
existing computable expressions using algebraic laws.&taim

the left-hand side of an algebraic law, we have developedva ne
algorithm calledestablishmenwhich uses a novel combination

of unification and machine code to make two expressions equal
(Section 7, especially Figure 4).

Finally, we present a new pruning mechanism which does not
restrict the size of a computable expression or the lengtheof
sequence of machine instructions used to compute an expres-
sion. Instead, we restrict tremount of reasoninghat is ex-
pected to be applied to reach a goal (Sedtion 9).

Our heuristic search easily finds instruction sequencepdpular
hardware. We have generated working back endsd6yPowerPC,

and ARM targets, which are representative of desktops, game
soles, and handhelds. By selecting instructibaforeoptimizing,

our back ends generate code that is as good as code geneyated b
hand-written back ends (Sectibn 10.1). As a result of ourkwor

a good, reliable back end for an optimizing compiler can bié bu
more quickly and easily than ever before.

2. Instruction selection and register transfers

We use a design developed by Davidson and Fraser (1980;:1984)
acode expandetranslates intermediate code to low-levegister-
transfer lists(RTLs). The code expander establishes ttiechine
invariant each RTL is implementable by a single instruction on the
target machine. An optimizer improves the RTLs while preiser

the machine invariant. Finally, the compiler emits assgntoide

by translating each RTL to a corresponding machine instmct



Literal constant k

RTL operator @

Storage space s

Location set ls

Expression e,p == Tuw|k|l]DBler,...,en)
Location l = Zeis | $slel

Assignment A = l:=e

Guarded assignmentg = p— A

RTL R = g{lg}

Control-flow graph G e| R;G

Figure 1. Grammar for register transfers.

To make this approach practical, the optimizer's code-owng
transformations must be independent of the machine invaria
Davidson and Fraser’s (1980) idea is to have the optimizér ca
a machine-dependentcognizer which enforces the machine in-
variant. A code improvement is accepted only if the recogméays
that each RTL in the improved code is implementable by a singl
instruction on the target machine. We have generated réxargn
from declarative machine descriptions (Dias and Ramseg)200

Even though the optimizer works at a very low level, Davidson
and Fraser’s approach can easily implement all the scathtoap
optimizations expected of an optimizing compiler (Benitaz

result is stored irl. For ordinary instructions, the guard is trivially
true and is omitted; guarded assignments with nontriviards
typically represent conditional-branches or predicatestructions.

A register-transfer list or RTLR is a parallel composition of
guarded assignments; it is like Dijkstra’s (1976) multipksign-
ment except that each assignment has its own guard. A sifdle R
can represent the input/output behavior of any machineucison.

Our algorithm, like our compiler, works with control-flowaphsG.
For simplicity, in this paper we assume that a control-floapdris
a sequence of RTLs; an empty sequence is written

4. Declarative machine descriptions anch-RTL

A declarative machine description specifies propertiesnshahine
using formalism that is independent of any particular taopim-
gramming language. Properties of interest for code geinerat-
clude the semantics and the binary or assembly-languagesep
tations of machine instructions. By design, a declaratieeinme
description can be written by a machine expert who knowsingth
about the internals of any compiler.

A declarative machine description can be used to generat® gfa
many tools, not just a compiler back end. For example, théadec
ative semantic-description languageRTL (Ramsey and David-
son 1998) and its sister language SLED (Ramsey and Fernande

Davidson 1994). The approach is ideal for our work because an1997) have been used to help generate assemblers and tisasse

automatically generated code expander need only genesertect
code;good code is not required. In fact, Davidson (2008) reports
that this approach works best when starting with naive code

Before explaining how taeneratea code expander (Section 6),
we cover background: how RTLs represent instructions {Qa8),
what is extracted from a declarative description of the sgitsof
instructions (Sectionl4), and how our code expander is evidto
machine-independent and machine-dependent parts (8&gtio

3. Representing instructions as RTLs

Register transfers are composed primarily frerpressionsloca-
tions assignmentsandRTL operatorgFigure 1). When analyzing
an instruction set at compile-compile time, we also altgrerand
metavariables ., andz ;s to stand for expressions and locations,
respectively. Internally, each expression, location, gperator has
a width, but these widths are typically inferred by a typeaite,
and for simplicity, in this paper we usually leave widths lioip.

At compile time, an expressioa is a literal constank, a fetch
from a locationl, or the application of an RTL operatey to sub-
expressions. An RTL operator represents a pure computaiidoit
vectors; our library of about 90 operators includes stasthdgeger,
logical, and IEEE floating-point operations. If these daniffice to
describe the semantics of an instruction, a machine deiscripan
introduce a new operator. Operator applications are writisng
prefix notation, but for binary operators we use infix notatioo.

At compile time, a locatiori is one or more contiguousellsin a
storage space. Storage spaces include memory, general-purpose
registers, and special-purpose registers; collectivedy form the
machine state. Each storage space gets a one-characterwame
conventionally use for general-purpose registers for floating-
point registers, and for memory. Locations are referred to using an
array-index notation, but for convenience, we also namatiogs;

for example, on the86, the nameESP refers to locatiorr [4]:
general-purpose register 4, the stack pointer.

An assignment computes the value of an expression and shares
result in a location. A guarded assignment- [ := ¢ evaluates a
predicatep called theguard and ifp is true,e is evaluated and the

blers (Ramsey and Fernandez 1995), linkers (Fernand#) 1@dy-
namic code generators (Auslander et al. 1996), debuggaishia
nary translators (Cifuentes, Van Emmerik, and Ramsey 1999)

A declarative machine description is not a program in a damai
specific language: extracting a program requires analyhs con-
tribution of this paper is a set of analyses that togetherestile
most difficult and important problem in this field: extragfiatrans-
lation of intermediate code into machine instructions.

A-RTL and SLED model an instruction set using an algebraic
datatype that represents the abstract syntax of instngcti&ach
instruction corresponds to@nstructor which can be applied to
operands. For example, the PowerPC's three-register atidiin
tion has the abstract synta®d (rd, rsi1, rs2);theadd construc-

tor is applied to three operands. An operand may be a bit vecto
the result of applying another constructor.

A-RTL's algebraic datatypes are equivalent to a grammar with
named productions. This equivalence makes it easy to exptai
A-RTL specifies semantics: &-RTL description defines aat-
tribute grammaiin which the meaning of an instruction is a synthe-
sized attribute in the form of an RTL with metavariables. lEpm-
duction in the grammar is associated with an equation tHatiew

to synthesize a result attribute from the attributes of fierands.
For example, the PowerP4ad instruction is specified as follows:

default attribute
add(rd, rsil, rs2) is $r[rd] := $rlrsi] + $r([rs2]

Therd, rsi, andrs2 on the left-hand side are binding instances.
These metavariables have been declared as 5-bit operaniti i
language of attribute grammars, they are “terminal symbdlben

an RTL is created at compile time, metavariables are instizak
with values, so for example the abstract-syntax #é#(1, 2, 3)
has the semantidg [1] := $r[2] + $r[3].

RTL metavariables have the forms.,, andz.;;. A metavariable
of the formz ., ranges over bit vectors of width. A metavariable
of the formx ;s ranges over locations in s&t In our add exam-
ple, a metavariable ,5 could stand for the register numbes1;
a metavariablercg. (0. 317 could stand for the locatiofir [rs1],
which might be any register in spage



From a\-RTL description, we extract the following information:
e A grammar from which all instructions can be generated
e A list of storage spaces and locations

e Equations that show how to compute the observable effect of
any instruction, represented as an RTL with metavariables

5. Code expansion by tiling

A code expander translates a statement in an input languméme i

a control-flow graphG' in which each graph node holds an RTL
that is implementable by a single instruction on the targatine.

Our input language is €, whose ASCII syntax is a thin veneer
over RTLs|(Ramsey and Peyton Jones 20006}- {8 easily targeted

by a front end: a front end may emit any assignment so long as
no value or intermediate result is wider than a machine wbhe.
front end, therefore, needs to know almost nothing aboutatiget
machine: only the word size and possibly the byte order.

Because a front end can generate almost any RTL, a code expand
for C-- has to work harder than a compiler for a language like
C or Java: it must translate any well-formed RTL to equivalen
RTLs that satisfy the machine invariant. To make it easievrite
code expanders, we factor each expander into two partspheet
pansion tileqor tilese) provides machine-dependent implementa-
tions for a fixed, machin@dependenset of RTLs; and a machine-
independentiler translates any well-formed RTL into an equiva-
lent control-flow graph whose nodes hold tiles from the &tes

Our tiler is implemented by tree covering (Pelegri-Lldpand
Graham 1988; Aho, Ganapathi, and Tjiang 1989; Emmelmann,
Schroer, and Landwehr 1989; Fraser, Hanson, and Progbstin
1992). What distinguishes our tiler from previous work iattho
matter what the target machineyery back end provides the same
set of tiles and uses the same ti{&ias 2008, Chapter 5). The tiler
uses maximal munch to translate a well-typed RTL to a sequenc
of tiles. For example, given the memory-to-memory move

$m[ESP + 8] := $m/[ESP + 12]

the tiler may generate a sequence of six tiles, each of whibbre
moves a value or applies a single RTL operator:

t1:=12 /I load-immediate tile
to :=ESP +t1 [/l binop tile
tz := $mto] /'load tile
ty:=8 /I load-immediate tile
ts :=ESP+t4 [/ binop tile

$mlts] :=t3 /I store tile

The example shows why this transformation is caiede expan-
sion a single RTL is expanded into many tiles. The expansion fac-
tor is large because the tiles are small: each tile imples&tost
one RTL operator. Each tile in turn will be implemented by a se
guence of machine instructions, but because a tile canlyshel
implemented using one or two instructions, the remainingpex
sion factor is smaller. Even so, the expanded code can biblyorr
inefficient—but it is ideal for peephole optimization antiet opti-
mizations that take place after instruction selection (Bsan and
Fraser 1984; Benitez and Davidson 1994).

Our machine-independent tileset is designed to cover dHtwged
RTLs (Dias 2008, Chapter 5). We have defined dozens of tites: o
for each RTL operator, plus tiles for data movement and obntr
transfer. But what matters to our tiler is not the number lektbut
the number of forms, which we cahapesThe shape of a tile is
obtained by abstracting over RTL operators and over thehsidf
arguments and results, and the size of the tiler is propwtim the
number of shapes, not the number of tiles.

Because the tiler is machine-independemg have reduced the
problem of generating an instruction selector to the prablef
finding an implementation of each tile using only target-hiae
instructions Before moving on to this problem, we discuss the
structure of the tileset:

e An operator tileapplies asingle RTL operator to constant or
register operands and places a result in one or more regjister
Operator tiles come in 7 shapes.

A data-movement tilmoves a constant into a location or moves
a value between two locations. There are shapes for register
register copies, loads from memory, and stores to memory.
Data-movement tiles also move data between locations of dif
ferent widths, so there is a shape for sign-extending anat zer
extending loads and a shape for instructions that storeothe |
bits of a register in a memory location. In total, data-mogatn
tiles come in 13 shapes.

A control-transfer tilechanges the flow of control. There are
shapes for conditional and unconditional branches, iotire
branches, direct and indirect calls, and returns. Contawisfer
tiles come in 9 shapes.

The shapes above are for register machines. Stack machuts,
as thex86 legacy floating-point unit, add another dozen shapes.

6. Our algorithm for finding tiles

Findingimplementation®f tiles turns out to be undecidable (Sec-
tion[8). We have therefore developed a new heuristic sedgch a
rithm, which works well for machines of practical interest.

Our algorithm resembles answer-set programming. We miniata
poolof RTLs, each of which is known to be implementable by a se-
quence of instructions on the target machine. The pooltisiizied
with RTLs from the declarative description of the target hiae.
These RTLs may or may not include some tiles. To find more,tiles
we combine RTLs in the pootreating new RTLs which are also
implementable by machine instructions. We continue adBinbs

to the pool until we have found an implementation of eachdile
until our pruning heuristic tells us to stop. In the rest a$ tfection,
we refine the description of our algorithm, with examplesinfal
development is deferred to Section 7.

6.1

We grow a pool of RTLs that we know how to implement on the
target machine. We therefore maintain the following ineati each
RTL in the pool has an implementation that uses only insivast
which exist on the target machine. We begin by populatingptia
with RTLs from theA-RTL description:

¢ Although we talk about RTLs, an element of the pool is acyuall
a control-flow graphG, together with a postcondition that says
what expression is computed by=. BothG ande are parame-
terized by operand metavariableg,, andx ;. Initially, every
graphG is a machine instruction, and the associated postcondi-
tion gives the contents of one location assigned taé:by

Intuitions about the algorithm

We enlarge the pool using the following ideas:

e Sequence RTLs to implement new RTR& example, if the
pool contains RTLg; := ey andly := e such thate; uses
locationi;, we can combine the RTLs in sequence so the result
stored intdl; will be e2[l1 — e1], wheree; is substituted fot;.

e Compensate for unwanted assignmenitdile assigns to just
one location. But a sequence of RTLs may assign to many
locations. To use such a sequence, we compensate for umvante
assignments by making sure they cannot be observed.



e Apply algebraic laws An algebraic law asserts that two ex-

pressions are equivalent. If a sequence of RTLs computes
a complicated expression, we might be able to use an alge-
braic law to show that the same sequence computes a simple

expression—like the right-hand side of an expansion tile.

If by using these ideas, we get a sequence of instructionsdina-
putes an expressiarwhich is not already computed by some other
RTL in the pool, then provided satisfies the pruning heuristic de-
scribed in Sectioh]9, we add the sequence to the pool. Ouingrun
heuristic predicts whether an assignment is likely to heiple-
ment a tile. Pruning not only ensures termination but alslices
the time spent finding new combinations of RTLs.

We illustrate our algorithm with an example: finding an inmpén-
tation of the bitwise-complement tibkg := —r2 on the PowerPC.
The initial pool of RTLs does not include bitwise compleméntit
it does include a load-zero instructfband a bitwise nor:

a
Gldzc'ro =rz:=0
N
Ghitnor =11 := (12 V 13)

Hereri, r2, andrs are RTL metavariables standing for general-
purpose registers. We can combine these instructions iguesee

Gcom+ 4 r3 = O, T = “(7‘2 Vv 7”3)
which computes both the bitwise nor and the assignmeng:to
Gcom+ =T = _‘(7"2 \ 0) | r3: =0

Now we can apply the algebraic lawwv 0 = z, with r» substituted
for z, to simplify the bitwise-nor expression:

Gcom+ =171 :="T2 | r3 = 0

The RTLr; := —r2 | 73 := 0 computes bitwise complement, but
it also assigns zero to;. To compensate for the assignment-$o

r

6.2 Algebraic Laws

An algebraic law defines an axiom used to show that two RTL
expressions are equivalent. The language of algebraiclsesthe
same operators as the language of RTL expressions, bueitsref
only to constants and to special algebraic-law metavartabl,,
never to locations:

Law metavariable z,
Law expression MW= ap | k| @™, ... en™)
Law Low = eV = eb™W

When we apply an algebraic law, its metavariables may baceg!
by any RTL expressiong, not only expressions of the forat*",

To improve readability, we usually omit the subscriptof an
algebraic-law metavariable.

Algebraic laws are universally true, independent of any hiree
The most familiar kinds of laws are identities and inversesh as
z + 0 = x and——z = x. Another familiar kind of law shows how
to implement one RTL operator in terms of other RTL operatars
example;x = —x — 1. A more interesting kind of law shows how
a value can be equal to an expression involving that same Malu
example, the following law is used to find instruction seqen
that load large immediate values on RISC architectures:

((x>»1n) <n)Vzx(lobits,(x)) =

wherezx is zero-extension aritbbits,, is an operator that extracts
the low n bits of its argument. There are many such laws, which
embody both machine knowledge and some of the kind of domain-
specific knowledge presented by Warren (2003).

6.3 Data movement
To save and restore mutated locations and to implement data-

we have to make it unobservable by the rest of the program. One Mmovement tiles, we must find sequences of instructions thaem
way is to replaces with a location that cannot be observed: a fresh  data between locations. We put such sequences in a dirdatad

temporary or a scratch register.

A fresh temporary is guaranteed to be distinct from evergiokb-
cation in the program; for most sets of machine registeesctim-
piler provides an infinite supply of fresh temporaries. Terapies
are eventually mapped to hardware registers by a regidteraal
tor. If we substitute a fresh temporatryor the metavariables, the
assignment to cannot be observed:

Gcom £ Gcom«k[rfth] =71y i= T2 | t:=0

Not every hardware register has associated temporarieseX-o
ample, a unique hardware resource like a condition-codé¢atus
register would not have temporaries. In this case, the h#tro
is for the back end to designate the resource asratch regis-

movement graphEach node in the graph represents a set of lo-
cations on the machine, determined using Feigenbaum’s1j200
location-set analysisas adapted by Dias and Ramsey (2006). This
analysis identifies locations that are interchangeabledeiin some
instructions. For example, most machines have generalegar
registers that are interchangeable in most instructidPatticular
registers may have special, noninterchangeable statufein &n-
structions such as multiply or divide.) For each RTL in thelgbat
moves data from locatioH to locationi, we add the edgé — [

to the data-movement graph. We then compute the transitive ¢
sure of the graph, so if a sequence of RTkEanoves data from

l1 to I3, we add another edge to the data-movement graph, and we
associatés with that edge. For example, to show that we can move
data between integer registers on #86, we add an edge from

ter. A scratch register is made unnameable in source code and un+he |ocation se$r[0..7] to itself; we represent the edge using

available to the register allocator. Scratch registers beaputated
freely in the implementation of any tile.

Finally, if we have an unwanted assignment to a location hiaat
no temporaries and is not a scratch register, our only chieite
insert code to save and restore the value in the locatioss.dption
is workable only in straight-line code; to save before arstae
after a branch instruction would require inserting coddatiranch
target, which would violate the abstraction of the tileset.

In our example grapltz..., the only observable assignment is
r1 := —ra, Which implements the bitwise-complement tile, and we
addGcon to the pool.

1 Actually the PowerPC instruction set does not include a-toer instruc-
tion, but the load-zero simplifies this example. The gréph...., is derived
by our algorithm; it is equivalent to the graph labelled D igue/ 6.

two metavariablesi(cs:0..71 — Tig:0..77); @nd we associate the
edge with the RTL for the move instruction, with the metaahkes
Tegelo..n1 ANATLg 0. 7 AS Operands.

An ideal data-movement graph would be complete: able to move
a value from any location on the machine to any other location
the same size. Real data-movement graphs usually lack siges e
that involve special registers, such as condition-codestexs.

7. Formal development

The essence of our algorithm is to find a control-flow grdph
composed of machine instructions, such that wikeis executed,

it implements an assignment of the foim= e, which is the form

of almost every tile. When we discover a graph that implesiant
new assignment, what we add to the pool is not an RTL but rather



CREATE CANDIDATE
eLAW
1

LAW
= €5

€ Laws

H{e = e} Go {lo = in E[e5™] A modifies Lo} <5 0 F{true} G' {I' = in €' A modifies £}
(Gs,Gr, Ls,04) [ observable(L")

LAW _ _LAW
€1 =€3

{true} Go {lo = in Ele] A modifies Lo}

{true} Gs;0s-(0'(G")); Gr {0s-(I') = in O (') A modifies L}

Figure 2. Generating a candidate

the control-flow grapl that implements the RTL, plus a postcon-
dition that gives the source and destination of the assighme

A graph and a postcondition suffice to express the solutiomsit
problem—the implementations of the tiles we are trying te-di
cover. But this form is not general enough to enable us to rea-
son about composition of machine instructions, which negguus

to reason about intermediate states. We therefore use Hides:

{P} G{e}

The Hoare triple says that executing gra@ln an input state satis-
fying preconditionP results in an output state satisfying postcon-
dition Q. The postcondition may refer to both states: to refer to the
contents of a locatiohin the output state, we write juitto refer to

the contents of that same location in the input state, weevait .

We lift in to expressions using the obvious homomorphism.

Because we are interested in implementing tiles, and becaus
tile must establish its postcondition regardless of maetstate,
the precondition of a Hoare triple in the pool is alwass:e.
Because each tile implements a single assignment, we asate
postconditions to the following canonical form:

[ = in e A modifies L

The postcondition describes the contents ofoatput-statdoca-

tion [ in terms of the value of amput-stateexpression. The post-
condition also says what “extra” locatios are modified by the
graph; this set, which does not contajmaccounts for unwanted as-
signments. If a location is not in the sétU {l}, its value remains
unchanged. As an example, the PowerPC implementation of the
bitwise-complement tile in Sectién 6.1 is described by the:

{true} Gcom {Tl in—ra A mOdiﬁ@S {t}}

7.1 How new candidate Hoare triples are created

Our search algorithm looks for Hoare triples that implemes
assignments. Its fundamental operation is to use an aligdbaxa
er™ = e5*V to rewrite the postcondition of a Hoare triple that is
already in the pool, producing a neggndidateHoare triple with a
new postcondition. We write the operation using this judgte

{true} G {Q} {true} G’ {Q'}.

A derivation of this judgment, which always ends in r@eeaTe
caNDIDATE from Figure 2, is constructed as follows:

1. Choose a Hoare triplgtrue} Go {lo = in eg A modifies Lo}.

LAW _ _LAW
ey =é€5

2. Choose a subexpressionf ¢g such thaty, = FEle].
3. Choose an algebraic laay*" = 5%,
4

. Use the algebraic law to rewrite Specifically, in the precon-
dition, we assume that = e}V and use that assumption to

rewrite the postcondition:
{e = 1™} Go {lo = in E[e5*"] A modifies Lo}.

Because this new Hoare triple has a nontrivial preconditian
can't use it right away.

5. To use the new triple, we try to discharge the precondition
e = er™" by running an algorithm we ca#istablishmentEs-
tablishment tries to matchande}*" in a manner akin to uni-

fication, so one of the results is a substitutin A substitu-

tion maps operand metavariables;, to locations and: ., to

compile-time constant expressions:
0= 0[xcis—1] | Olxpwr— €

We write- for the identity substitution; square brackets stand for
function composition. For examplé|z ;s — ] first appliest,
then substitutesfor z ¢, in the result.

Unification alone cannot establish the truth of equatiora th
refer to the contents of machine locations. Given the triple
{e = et*™} Go {Q}, our algorithm therefore produces not
only a substitutiord’ but also a new grapl’ = Gesi; Go,
whereG..; alters machine state in order to make= ef*".

We write the result
0 F{true} G' {Q'},

and we call this form amxtended Hoare tripleAn extended
Hoare triple is valid whenever applying/ to precondition,
graph, and postcondition produces a valid Hoare triple. ¥épk
the substitution separate, to the left of a turnstile, ineord
detect aliasing when a machine instruction is used. (Sefntile
premise of ruleUse rResuLTin Figure 4.)

Establishment takes an extended Hoare triple as a goal, and
when successful, it produces a new extended Hoare tripleevho
precondition is trivially satisfied. We write the relatioativeen

est

goal and result using the arrow:
O+{P}G{Q} < 0 +{true} G' {Q'}.

In any machine state, executing grapfliG’) puts the machine
into a state satisfying the postconditién(Q’). The inference

rules for*> are given in Figurel4 and explained in Section 7.3.

In a candidate triple, it is not enough that substitutiérand
graphG’ establish postconditioll = in e’ A modifies L', be-
causeL’ may include observable locations that should not be
modified, such as machine registers. If this is so, we exam-
ine £’ and find a substitutiod,, and graphs; andG,. such
that only locations in sef s, which are unobservable, are mod-
ified. We write (G5, Gr, Ls, 0s,) § observable(L£’). Substitu-
tion 05, renames observable operand metavariablgs o un-
observable fresh temporaries. If observable locationsaiem
which rarely happens, grapfi; saves their contents to tem-
poraries or scratch locations i, and G, restores the orig-
inal values fromZ,. The graphGs; 0, (6'(G")); G, therefore
makes modifications to locations iif unobservable.

6.

7. The candidate Hoare triple is created by using the graph
Gs; 05 (0'(G")); G computed in Step 6 and the postcondi-
tion derived by establishment in Step 5. Odly is applied to
the postcondition; by construction, no metavariables fitfim
appear in the postcondition derived by establishment.



INSTANTIATE MACHINE CODE WITH MOVE

INSTANTIATE MACHINE CODE
l ¢ locs(e) {true} G {l = in e A modifies L} € Pool
0 = 0; 0 Opresn, Oresn, freshens metavariables

1 € locs(e) {true} G {l = in e A modifies L} € Pool
Finst {true} G' {l = inl' A modifies L'}
I ¢ locs(") 0 = 6; 0 Oresn, Oresh, freshens metavariables

Finst {true} 0(GQ) {0(1) = in 6(e) A modifies 6(L)}

Finst {true} 0(G'; G) {0(1) = in O(e[l—1"]) A modifies (LU L")}

Figure 3. Instantiation of code from pool

ALL SATISFIED

0 F{true} G {Q} ] F{true} G {Q}

SYMMETRY
O+{e' =eAP}G{Q} 0 +{true} G' {Q'}

O+{e=¢ AP}G{Q} S0 +{true} G' {Q'}

MATCH LOCATION
l€ls Tels ¢ dom(@) gczt - e[melsHl]

Ot F{Plxers— 1]} G{Q[reis—1]} <% 0"+ {true} G’ {Q'}

EQUAL EXPRESSIONS
0 -{P} G{Q} = 0' F{true} G’ {Q"}
OF{e=eAP}G{Q} < 0" F{true} G' {Q'}

SPECIALIZE LAW ]
e has no law metavariables =z, ¢ fu(G)

0 - {Plzr—e]} G{QlzL—e]} % ¢ F{true} G’ {Q'}
OF{z, =eAP}G{Q} = 0 +{true} G’ {Q'}

MATCH COMPILE-TIME CONSTANT EXPRESSION
e is computable at compile time and fitsdnbits Tyw ¢ fo(e)
shrinks(xgw = e A P) ZTpw ¢ dom(0) Oczt = O[Ty — €]

Oeat F{Plgw—e]} G {Qrsuwr—e]} % 0 F{true} G' {Q}

OF{xcs=1AP}G{Q} = 0 F{true} G’ {Q'}

REDUCE APPLICATIONS

OF{z4=eAP}G{Q} 0 F{true} G’ {Q'}

OF{er =€l A Nen=e, APYG{Q} <5 0" +{true} & {Q'}

OH{®(er,....en) = (e, ...

PREPARE OPERATOR

Finst {true} Gp {I' =in®(el,. ..,

en) APYG{QY S 0" H{true} G' {Q'}

en) A modifies L}

OF{l=1ANlI"=®(e,...,en) A /\egzei/\P}G{Q}fﬁﬂ'F{true}G/ {Q"}

1<i<n

OH{l=®(er,...,en) AP} G{Q} < 0 F{true} G' {Q'}

PREPARE CONSTANT

e ande’ are computable at compile time

Finst {true} Gp {I' = in e’ A modifies L}

OFH{l=0I'Al'=e' Ne =e AP} G{Q} < 0 F{true} G' {Q'}

OF{l=eAP}G{Q} 0 +{true} G' {Q"}

USE RESULT
Finst {true} Gp {l = in e A modifies L}

1 ¢ locs(e)
O F{P[l—e]} Gp; G {lo = in eo[l— €] A modifies L1} <5 0" F{true} G’ {Q'}

shrinks(l = e A P) L1=LoULU{I}\ {lo}
O (LU{1})NO (locs(eo) \ {I}) =0

O+{l=eAP}G {lo=in ey A modifies Lo} “* 0’ +{true} G’ {Q'}

Figure 4. Rules for establishment: - {P} G {Q} <% 0’ +{true} G’ {Q"}

7.2 Example of finding a new Hoare triple

We now give a full formal treatment of the bitwise-complernen
example from Section 6.1. In the process we explain manyeof th

rules for deriving Hoare triples, as well as our algorithre@rch
for derivations. We begin with this pddl:

{true} Giazero {ri = in 0 A modifies 0}
{true} Guitnor {r1 = in =(r2 V r3) A modifies 0}

We choose the triple with grapt'y::».- and the algebraic law
2 V 0 = z. From ruleCrREATE CANDIDATE in Figure[ 2, we choose

2We write the load-zero triple using metavariablein order to emphasize
that when we use a triple in the pool, we freshen all its meiabes.

subexpression; Vrs ase, SOE[] is —[]. We can apply the algebraic
law if we can discharge the preconditionV r3 = = V 0, by using
the rules in Figure 4 to derive

~H{r2Vrs =2V 0} Guitnor {r1 = in ~z A modifies 0}
L0 {true} G' {Q'}

Logically, <% relates a valid extended Hoare trigle- { P} G {Q}
to a new extended Hoare triphé - {true} G’ {Q’}. Algorithmi-
cally, we start with the identity substitution and a predtind P,
and we search for a substitutiéh and graphG’ = Gs:; G such
that when we substitute for metavariables as specified’ bgx-
ecutingd’(G') establishes postconditio’, where@’ is derived
from @ by substitution for both metavariables and machine loca-



{true} 1 := 0 {r] = in 0 A modifies )} € Pool

rs¢ 0 0=I[r)— 73]
INST. MACH. CODE

Finst {true} r3 := 0 {rs = in 0 A modifies 0}

r3s &0 shrinks(rs = 0 A true)

{rs} N {r2} =10

USE RESULT

- {r3 = 0} Ghitnor {r1 = in —ra A modifies 0} <5 - F{true} r3 := 0; Gpitnor {r1 = in —ra A modifies {rz}}
ro has no law metavariables = ¢ {ri,r2,73}

SPECIALIZE LAW

est

~H{z=r2 A 13 =0} Ghitnor {r1 = in —~x A modifies 0} ~ - H{true} rs := 0; Gpitnor {r1 = in =12 A modifies {rz}}

SYMMETRY

H{ra=x A 73 =0} Ghitnor {r1 = in -z A modifies 0} <5 - - {true} r3 := 0; Gpitnor {r1 = in =12 A modifies {rs}}

REDUCE APPS

-H{raVrs =z V 0} Gimor {r1 = in —~z A modifies 0} 2k {true} rs := 0; Gpitnor {r1 = in —r2 A modifies {rs}}

Figure 5. Derivation of a graph that implements := —r2

tions. An invariant of the algorithm is that preconditiéhis a con-
junction of equalities. The algorithm finds a sequence gblgsahat
establishes the equalities; the last graph in the sequetaklishes
the first equality in the conjunction. From the logical peive,
equalitiese = ¢’ ande’ = e are equivalent, but in order to guar-
antee termination, our search for a derivation distingzssthem

(Section 7.3.3).

Our algorithm proceeds by structural induction on the pneléo
tion r2 V r3 = x \V 0, eventually producing the derivation shown
in Figure 5. The first (and only) equality in the preconditapplies
operatory on both sides, and the rule with this syntactic form in its
conclusion isREDUCE APPLICATIONS® The rule converts equality of
application to conjunction of equalities, so our new pretiton is

ro = x A rz = 0. At this point, we must applgyMMETRY to make
progress, and we get preconditior= 2 A 3 = 0. Now only one
rule applies:SpeciaLize Law. We substituter. for z in the rest
of the precondition and in the postcondition, which givesthes
new Hoare triple{rs = 0} Gitnor {T1 = in —r2 A modifies 0}
for the inductive casespeciaLIzE LAw does not extend, because
0 tracks substitutions for operand metavariables only.

To establish preconditions = 0, we use graphs := 0 from the
pool, applying ruleJse ResuLT. This rule is the only rule that adds
code from the pool to the graph in progress, and it requiresaa n
judgment for instantiating a graph from the pool:

Finst {true} G {Q}

Our example uses ruleisTANTIATE MACHINE coDE (Figure 3): we
make metavariables fresh using a substitutiga,,, and then to
match the postconditio@, we may rebind the fresh metavariables
using an additional substituti@dh. In our example, the precondition
isr3 = 0 so (ignoringmodifies clauses) we wantla;,s; judgment
with postconditionrs = in 0. The code in the pool has postcon-
dition »; = in 0. Metavariabler; must be replaced with a fresh
metavariable, but we can then chodkeo replace that metavari-
able withrs, enabling ourselves to conclude

Finst {true} r3 := 0 {rs = in 0 A modifies 0}

The remaining precondition is the empty conjunctiene, so we
apply ALL saTisrFiep. (To avoid clutter, we omit the application
from Figuré 5.)

We now complete the derivation, filling in the right-handesiof
each judgment; each rule derives the same substitution aadeH
triple as its inductive case. We also check the final premiis¢sa
rResuLT, here verifying (by{rs} N {r2} = 0) that the assignment
to r3 does not affect the value ofr,. The result of the derivation

3SYMMETRY matches any syntactic form, but it is used only to enable
progress when progress is not otherwise possible.

is the conclusion
~H{raVrs =2z V 0} Guitnor {r1 = in —~x A modifies 0}

ISq F{true} r3 := 0; Gpitnor {T1 = in -2 A modifies {rs}}
Whenrs is replaced by a temporatygrapht := 0; Gyinor [13— €]
will be a candidate for addition to the pool.

7.3 Ourrules for deriving Hoare triples
7.3.1

Our example applies ruleNsTANTIATE MACHINE CODE t0 use an
instruction from the pool. But an instruction with postcaimh

I’ = in ¢’ can be used to establigh= ¢’ only if I’ ¢ locs(e’),
wherelocs(e’) are the locations mentioned éh But on a real ma-
chine,l’ may appear iffocs (¢’); that is, an instruction may insist on
writing one of the locations it reads. (See #86 or any other two-
address instruction set.) To exploit such instructionsprevide a
second way of deriving thie;,s: judgment,INSTANTIATE MACHINE
CODE WITH MOVE. Given a triple from the pool that computes= e,
wherel € locs(e), this rule constructs a sequence of instructions to
replace every use dfin e with a different locatiori’.

Instantiation

7.3.2 Soundness

Given a set of algebraic laws and a pool of Hoare triples, our
algorithm finds new Hoare triples which are candidates fditauh

to the pool. Provided the algebraic laws are sound and thé poo
contains only valid Hoare triples, the rules for establishimare
sound. That is, iB -{P} G {Q} < @' F{true} G' {Q’}, and if

0 +{P} G {Q} is valid, thend’ \-{true} G' {Q’} is also valid.

To simplify the proof of soundness, we have carefully engiad

the rules so that onlyse rResuLTactuallyusescode from the pool.
We prove soundness by induction on the height of derivations

e The base case isLL sATISFIED; the rule is sound because the
right-hand side of the conclusion is valid by hypothesis.

The most interesting rule i9se REsuLT By design, it is the
only rule that uses machine cod€&) to satisfy a precon-
dition. Its soundness is based on Hoare's axiom for assign-
ment, but it may be easier to see that the new precondition
P[l — e] is the weakest precondition éf:= e with respect

to P. In the inductive case, the substitutien[l — e] is
correct provided that the only location #y which G, mu-
tates isl. This provision is enforced by the side condition
0'(LU{l}) N6 (locs(eo) \ {I}) = B, which in our example
was {r3} N {r:} = 0. We have to apply the substituticff
because establishment might cause two otherwise distioat |
tions to alias.

e RuleSEQUAL EXPRESSIONS SYMMETRY,, REDUCE APPLICATIONS
PREPARE OPERATOR and PREPARE CONSTANTare variations on
a theme: replace a go&h with a smaller or better goaP,.



Initial pool:

A: 71 := sx(lobitsie(ks2)) load signedts

B: r1:=r2Vzx(lobitsis(ksz)) bitwise-or inmediate
C: ri:=712V (ks2>;16) < 16  load upper immediate

1 Initialize Pool with Hoare triples from machine description
2 repeat until Pool stops growing

3 Build data-movement graph from current contentsobl

4 Add new data-movement edgesRool as Hoare triples

5 foreach {true} Go {lo = in ey A modifies L} € Pool

Round 1 finds load-immediateand or-with®: 6 foreach subexpression and conteife] = eo
D: r; := sx(lobitsi(0)) {r1:=0} 7 foreach law ef ™" = 3™ eLAW _ Law
E: 7y :=r2V zx(lobits;s(0)) {ry :==ry vV O} 8 if {true} Go {lo = in Ele] A modifies Lo}

- - - - 9 {true} G' {I' = in e’ A modifies L'}
Round 2 finds register-register move and zero-extend-li¢sv-b 10 and I = in ¢/ passes our utility test (Sectioh 9)
F: 71 :=r2V zx(lobitsis(0)) {r1:=rq} 11 then Pool +={true} G' {I' = in e’ A modifies L'}
G: t1 := sx(lobitsis(0));

r1:=t1V zx(lobitsie(ks2)) {ri := zx(lobitsis(ks2))}

Round 3 finds load-immediate of a 32-kit

H: 1 := sx(lobitsis(0));
ta :=t1 V zx(lobitsis(ks2))
r1i=ta V (ks >0 16) < 16;  {r1:= ka2}

Figure 6. Finding instructions by rounds on the PowerPC. Modi-
fies clauses are omitted to save space.

These rules are sound becauselif{ P, } G {Q} is valid and if
P, implies P1, thend -{P.} G {Q} is valid. By induction, the
extended tripled’ {true} G’ {Q'} derived in the inductive
case must also be valid.

ThePrepPaRrErules avoid using code from the pool; instead, they
set up a precondition that is designed to be dischargedday
ResuLT. This trick simplifies the proof of soundness, at the cost
of making the proof of termination slightly more complicdte

The metavariable ruleSPECIALIZE LAW, MATCH LOCATION, and
MATCH COMPILE-TIME CONSTANT ExPRESSIonall introduce sub-
stitutions. They are sound because if we apply a substititio
a valid triple, the result is also a valid triple.

7.3.3 Termination of establishment

It is easy to write a terminating algorithm that searchesifmva-
tions. During the search, we say that a precondigjets smalleiif
the number of law metavariables decreases, or if the expressions
on the right-hand sides get smaller, or if the number of auctf!
decreases. (The precise condition involves counting thebeun of
conjuncts with right-hand sides of heightfor eachn.) In most in-
ference rules, the inductive case obviously uses a sma#eopdi-
tion. ButUsE REsuLTaNdMATCH COMPILE-TIME CONSTANT require
side conditions to ensure the new precondition is smaltetise
REsULT, condition shrinks(l = e A P) ensures that the new goal
P[l— €] is no larger tharP. A similar condition applies tvMATcH
COMPILE-TIME CONSTANT. We defineshrinks(l = e A P) to hold
unlesse is an application andlappears free in the right-hand side
of an equality inP.

SymMmeTRY does not reduce the goal, but we use it only to move
1, Or T4, from the right-hand side of a subgoal to the left, after
which search makes progress or fails.

PREPARE OPERATORaNd PREPARE CONSTANTtemporarily increase

the goal, but in both rules, the second subgoal of the new goal
will be discharged byuse rResuLT The idea is to see (via the in-
stantiation judgmernt ;) if code in the pool applies the operator
or computes the compile-time constant expression in theopre
dition. If so, thePrerARErUles take the postconditioh = in e’
established by the code in the pool, and they try a new goasaho
precondition includes the equality= ¢’, knowing that this equal-

ity will be discharged byuse rResuLT

Figure 7. Pseudocode summarizing our algorithm.

7.4 Adding new Hoare triples in rounds

Above, we show how by choosing an existing Hoare triple, an
algebraic law, and a subexpression, we can search for a neveHo
triple to add to the pool. Here, we show what we do with thdegp
we find. After initializing the pool with triples derived fro the
machine description, we add new triplesrounds Hoare triples
found in one round can be used to find new Hoare triples in later
rounds, as shown in Figure 6.

Figure[6 shows the control-flow graphs of eight example dspl
from the PowerPC. The three triples in the initial pool conie d
rectly from machine instructions: load 16-bit immediatiéwise-or
immediate, and load upper immediate, labelled A, B, and Gaes
tively. In the first round, applying the lawx(lobits,(0)) =0

to triple A produces an implementation of load zero (D); apd a
plying the lawzx(lobits,(0)) = 0 to triple B produces an im-
plementation computing the bitwise-or of a register and Z&).

In the second round, applying the law, vV 0 = =, to triple E
produces an implementation of register-register move &Ry
applying the law0 Vv z;, = z,, to triple B results in a sequence
that combines triples D and B to compute the zero-extension
of the least significant 16 bits of an immediate value (G).-Nei
ther of these laws can be applied in the first round because
we need to use triples that are produced by the first round.
The interesting round is the third round, where we apply #ve |
zx(lobits,(z.)) V (x> n) K n) =z, to triple C, which
results in a sequence (H) that combines triples G and C todoad
full 32-bit literal constant: it implements the load-imnia tile.

Our search for triples in rounds is implemented by the atgoriin
Figure 7. The first step (line 1) is to initialize the pool W$RTLS
from the machine description. Because not all RTLs are usefu
for implementing tiles, we add only those that pass a uttkist,
which we define in Sectidn/ 9. For eaakefulassignment; := e;

of an RTLI; :=e1 | -+ | ln := en, we add the following Hoare

triple to the pool:

{true} li :==e1 | - | ln := en {l; = in e; A modifies L;{lj}}
JF

We then begin the first round of search.

A round is implemented by theepeat loop on ling 2 of Figuré 7,
which keeps searching for new candidates until no more Hoare
triples are added to the pool. Before the search begins, w¢hes
data-movement triples in the pool to build a new data-movegme
graph, on ling B. (Because each round may discover new data-
movement triples, the graph from the previous round may be ob
solete.) Any new edges are added to the pool (line 4).

The search itself tries all possible combinations of tspie the
pool, algebraic laws, and subexpressions (lines 5-7).ffoieacy,
candidate laws are chosefter subexpressions (line 7): when we



know that the goal is to establigh= ¢}, then ife is an applica-
tion of an operator, we need consider only laws in whith" is
an application of the same operator.

Having made our choices, we attempt to construct a derivatio
(lines[8§59) that ends in an application of tBREATE CANDIDATE
rule from Figuré 2 in Section 7.1. If we find a new triple, we eaul

it to the pool,providedit passes our utility test (line 10). The new
triple is equivalent to the assignmetit := ¢, with additional
modifications to unobservable locations. If this assignmappears
useful, we add the new Hoare triple to the pool for use in the ne
round (line 11); otherwise, we discard it.

By controlling which Hoare triples are added to the pool, aility
test guarantees that the number of rounds is bounded. Betlzis
argument about termination is not trivial, we discuss itthawn
section (Section 9).

8. Finding implementations of tiles is undecidable

Ideally there would be a decision procedure that would enabl
both to limit the number of Hoare triples added to the pool t;md
guarantee that every potentially useful Hoare triple iseaiddJn-
fortunately, the underlying problem is undecidable: nonieat-
ing algorithm can guarantee to find implementations of apllen
mentable tiles. The problem of finding an implementation tfea
is closely related to the more general, undecidable proloede-
termining if two programs are equivalent.

A sequence of instructions implements a tile if, using some s
of algebraic laws, we can show that the RTL computed by the
sequence of instructions is equivalent to the RTL that reprts
the tile. For convenience, we work not with algebraic lavg Maith
rewrite rules; an algebraic law= ¢’ can be expressed as a pair of
rewrite rulese — ¢’ ande’ — e.

THEOREM1. There is no algorithm that, given an arbitrary set of
rewrite rules and RTL£; and Rz, can decide iRy —™ Rs.

Due to space restrictions, we only sketch the proof; a fudbpis
given by Dias (2008, Appendix A). The proof proceeds by reduc
tion from the halting problem; we adapted well-known proofs
undecidability for strong normalization in term-rewriirsystems
(Bezem, Klop, and de Vrijer 2003).

The reduction defines an embedding from a Turing-machine con
figuration to an RTL, and an embedding from the Turing-magkin
transition function to rewrite rules. We define a deterntiai$ur-

ing machine as a tripléQ, S, §), whereQ is a finite set of states,

S is the finite set of symbols that may be written on the Turing
machine’s tape (including the blank symko), andsd is the tran-
sition function@ x S — @ x S x {L, R}, whereL and R stand

for “left” and “right.”

The model of the Turing machine is that there is a tape of ifini
length in both directions, and at each position on the tape is
symbol. At any given time, the Turing machine is in some siate

symbols, and we use the infix binary operatas aconsoperator

to construct stacks. For example, a Turing-machine cordtgurin
stateg; with symbolss; ands; to the left, symboks at the current
position, and symbal, to the right, can be encoded using the RTL
lo:=qi(s1:s2:0,ss,s4:0)wherel is defined as a location on
the machine.

The embedding of the Turing-machine transition functioreterite
rules is complicated by the fact that the embedding of Turing
machine configuration may produce either an empty or a nohyemp
stack. Consequently, each transition is embedded as a pair o
rewrite rules. For example, the embedding of a transitioth®

left (g, s) = (¢, s’, L) produces two rewrite rules:

q(!Ifl : IEQ,S,.’I):;) - q/(x27x17'sl : 1’3)
q(0,s,z) — ¢'(0,0,s" : x)

We also define a distinguished halting RT¢.:= halted(), where
halted is a unique, nullary RTL operator. The reduction is com-
pleted by adding a rewrite rule to ensure that the embedding o
any halting state in the Turing machine can be rewritten ® th
distinguished halting RTL. The Turing machine halts if thant
sition function is not defined on a palg, s). For each such pair
(g,s) ¢ dom(d), we add the rewrite rule

q(x,s,x') — halted()

Given this embedding, our proof shows that there is a bisitran
between the transitions of the Turing machine and the rewrit
rules produced by the embedding of the transition functigsing

the bisimulation result, we show that an algorithm that desi
RTL equivalence could be used to solve the halting problem by
embedding the starting configuration of the Turing machime i
an RTL R and using the algorithm to check R is equivalent

to the halting RTL. Because the halting problem is undedéajab
we conclude that there can be no algorithm that decides RTL
equivalence.

This undecidability result holds for the general problerheve we
can choose an arbitrary input instruction set, an arbitsatyof
tiles, and an arbitrary set of algebraic laws. An importarggiion
remains open: is there lanited set of algebraic laws, expressive
enough to find implementations of all the tiles for a well-defl set
of machines, but for which the problem of finding tiles is dizdile?

9. Termination and our utility test

Because the general problem is undecidable, we use a letoist
restrict what Hoare triples can be added to the pool. We hawed
a heuristic with excellent properties:

e On real machines, we are likely to find implementations of all
the tiles.

e The pool stays small enough that the tileset generator rns i
minutes, not hours.

The discovery of this heuristic is one of the significant cimitions

at a positiorp on the tape. The machine takes a step by reading the of this paper. Before describing it, we explain why more ¢gbi

symbol s at positionp and calling the transition functiodi(g, s),
which returns the new state of the machine, the new symbol to
write at positionp, and the direction to move along the tape. The
configuration of the Turing machine is represented by théetup
(¢, T1, s, T), whereg is the current statd]; is the stack of symbols

to the left,s is the current symbol, and. is the stack of symbols

to the right.

heuristics are not suitable.

One obvious heuristic would be to limit the number of machine
instructions used in a grapfy. Another would be to limit the
maximum height of any expression appearing in a postcamiti
Because these heuristics make decisions based on size atine
using any information about whether the RTL might help imple
ment a tile, they are unsuitable in two ways. First, they eyt

To embed a Turing-machine configuration as an RTL, we encode to keep useless implementations that are the right size But w

each state as a ternary operator and each symbals a nullary
operator. We use the liter@lto represent an empty stack of blank

never help implement a tile. Second, they are likely to tejse-
ful implementations: to implement some tiles, long seqasnaf



1 estimateLaws({true} G {l = in e A modifies L})

2 return expEstimate(e)

3

4 expEstimate(e) : e — int

5 if e is computed by an expansion tilen return 0

6 elsereturn min{1 + cover WithLawFragment (e, e’)

7 | E[e'] = e2 € Laws}
8

9 cover WithLawFragment(e, €)1 e X e — int

10 case (e, €') of:

1 (@(er, o en), ® (ch o rch)):

12 return ) ;" min(cover WithLawFragment (e, €}),
13 expEstimate(e;))

14 default: return co

Figure 8. Our heuristic estimates the minimum number of alge-
braic laws that might be applied before our algorithm carcthate
that the input Hoare triple is used in the implementation tifea

instructions and tall expressions may be necessary. Fan-exa
ple, as Figure 6 shows, a load-immediate tile for a RISC ma-
chine typically requires multiple instructions and an egsion
((k>1n) < n)Vzx(lobits,(k)) of height 4. For these rea-
sons, we abandoned traditional heuristics.

9.1 Our new heuristic: pruning according to predicted utility

We have developed a new heuristic which limits the pool talhol
only those Hoare triples deemkkely to be useful in implementing
some expansion til®ur utility test is inspired by the technique we
use to find new implementations: the application of algehes.
We hypothesize that when more algebraic laws have to beeabpli
to a Hoare triple, it is less likely that the triple will be disk After
all, general-purpose architectures are designed to imgieadmost
all of our RTL operators, and many of the rest can be implestent
by sequences of such simple, ubiquitous instructions &s slug-
ical operations, and two’s-complement arithmetic (War2e03).
Implementing a tile may require a long sequence of instonsti
but the amount ofeasoningrequired is usually small.

Our utility test estimateshe minimum number of algebraic laws
that might be appliedo a Hoare triple before our algorithm may
find an implementation of a tile. Given a Hoare triple that poies
an expression, our test covers with fragments of algebraic laws.
The more fragments required to coverthe less likelye is to pass
the utility test.

Our utility test uses fragments of laws because when théledta
ment procedure is given a goal that includes the left-hadd of
a law, ruleREDUCE APPLICATIONSOr PREPARE OPERATORMAY Split
that goal into subgoals, which are formed from fragmentshef t
original law. To be useful, therefore, a Hoare triple neely com-
pute a fragment of the left-hand side of an algebraic lawekam-
ple, to cover the overlined and underlined parts of the esgioa

rL =72V (k > 16) < 16,

which is computed by the load upper-immediate instructiothz
PowerPC, we can use the overlined and underlined fragménts o
the following algebraic laws:

ova, =
((xr >1 n) < n) V zx(lobitsy(zL)) = L.

The expression can therefore be covered using two algebrasc

A triple passes our utility test if the expression in its postdition
can be covered using at mdsur algebraic laws; if a triple requires

a larger covering, we discard it. Enough triples pass tlsisttefind
complete tilesets for the86, PowerPC, and ARM.

We implement our utility test using the algorithm in Figlre 8
Function estimateLaws takes a candidate triple and returns the
size of the smallest covering of the expression in the posfition
(lines/1 and 2). We compute the size using the mutually réeirs
functionsexpEstimate (lines 4+7) anccover WithLawFragment
(lineg 9+-14). Functiorzp Estimate considers a potential covering
using every subexpressian on the left-hand side of every alge-
braic law (lines 6-7).

Function cover WithLawFragment tries to cover expressioa
with another expression’. If both expressions are applications
of the same operator, then we try to cover the subexpressions
We may be able to cover a subexpressiore @fiductively, using
the corresponding subexpressioned{line[12). But we may also
be able to cover a subexpressioreafith another algebraic law by
calling ezpEstimate recursively (lineé 18). We try both options and
use whichever is cheaper.

9.2 Termination of the search for tiles

By using our utility test to discard Hoare triples that ardikety

to lead to tiles, we bound the size of the search space. The pos
condition of every triple can be covered by at most four algieb
laws. There are finitely many algebraic laws, so an expraghiat
can be covered with at most four laws has bounded heightese th
are finitely many expressions. The machine descriptiongtioren
finitely many locations, so there are finitely many postctods.

For termination, it therefore suffices to ensure that a nevarelo
triple is added to the pool only if no existing Hoare triplences-
tablish the same postcondition.

We actually do slightly better. Sometimes an expressiom ssc

r1 + 4w Can be used in any context where another expression
such ag; + 1 can be used. In these cases, we say that the first ex-
pressionsubsumeshe second. To exploit subsumption, whenever
we have a useful candidate triple that computes an expressio
we consider all the triples in the pool that compute the saxne e
pressione, modulo locations and constants, which may differ. We
then check whethersubsumes, or is subsumed by, any of the other
expressions. Triples whose expressions are subsumedogeedr
from the pool.

10. Evaluation

Our work is intended to make it easier to retarget compilensi
we evaluate it accordingly:

1. We show that the components we generate are suitabledor us
in a production compiler.

2. We show that retargeting a compiler using our algorithm an
declarative machine descriptions is easier than retagetell-
known compilers.

It is a side benefit that the very same machine descriptionssee
have also been used to help retarget other tools.

10.1 Suitability of generated components for production us

We have generated back ends for our research compiler, Quigk
targeting thex86, PowerPC, and ARM architectures. We have eval-
uated these back ends for suitability by examining the nmesi of
compiled programs and the run time of our compiler, then amp
ing them with analogous times from production compilerdakee

to a production compiler, Quick -G has received very few man-
hours of development, so Quick-€Ecannot be expected to compile
the same benchmark suite that a production compiler canldnand



x86 experiments PowerPC experiments

gcc -00/Icc gec-01/ ICJ gcc -00

Benchmark lcc Hand/lcc  Generated /Icc gcc -0O1/gcc -0O0 Generated / gcc -O0
compress-95| 43.32s 0.84 0.80 1.01 0.69 107.07 s 0.39 0.72
go-95 25.84s 0.98 0.88 1.01 0.61 62.03 s 0.40 0.73
vortex-95 55.84 s 1.09 1.10 1.05 0.77 14481 s 0.54 0.73
mcf-2006 230.24 s 0.94 0.92 0.97 0.90 238.63 s 0.77 0.81
bzip2-2006 | 316.06 s 0.91 0.90 1.06 0.68 670.14 s 0.43 0.60

Table 9. Running times for benchmarks o086 and PowerPC: On each architecture, we give the time imslecior a baseline compiler,
then normalize all other times to the baseline. The Hand ate€ated columns represent Quick-Gvith hand-written and automatically
generatedk86 back ends. Benchmarks were compiled without debuggimafiling information, then run on an AMD Athlon MP 2800+

with 2 GB of memory and a PowerPC 7447A clocked at 1.25 GHz wi@B of memory.

and it cannot be expected to produce equally optimized cSiilé.
our measurements provide a basis for judging whether ok bac
ends are suitable for production use.

Our choice of benchmarks is limited by the availability ofare
getablefront ends. In order to avoid porting a run-time system to
Quick C--, we work only with C benchmarks. Among C com-
pilers, the only one we know of that can cleanly and easily be
connected to a new back endlsc (Fraser and Hanson 1995).
Unfortunately, becausecc is limited to ANSI C, and because
Quick G-- does not supporstdarg . h>[* the combination ofcc

and Quick G- can compile only a fraction of typical benchmarks.
From the SPEC CPU95 and SPEC CPU2006 benchmark suites, w
have chosen those benchmarks that can be compiled by this-com
nation. For each benchmark, we measured the wall-clockimgnn
time, averaged over five runs. The CPU95 benchmarks sholtsesu
on the reference inputs, and the CPU2006 benchmarks sholisres
on the training inputs.

At present, Quick €- has another significant limitation: it can-
not use software libraries to implement RTL operators thatnat
supported in hardware. Although it would be possible to evail-
gebraic laws to help our algorithm find implementations cup+
ported operators, that approach would be impractical: ithditead

to bloated executables. The standard technique is to ingriem
missing operator by making a function call into one of thet-sof
ware libraries that are provided by the manufacturers ofAR®.
Because Quick & does not yet support this technique, we have
run no benchmarks on the ARM. We have, however, verified that
our automatically generated ARM back end correctly conspife
integer-only programs in the Quick-€ and1cc test suites.

On thex86, we compare benchmarks compiled usirg, a hand-
written back end for Quick &-, our automatically generated back
end, and gcc using botk00 and -01. On the PowerPC, nicc
back end or hand-written-G back end is available, so we compare
only our automatically generated back end and gcc. Tdbl@@sh
the running times of the benchmarks. Running times of coalm fr
baseline compilers are in seconds; other times are giveatias.r
Ratios for our automatically generated back ends are Iglted.

Programs compiled by our automatically generated back end r
at least as fast as when compiled by the hand-written back end
The one exception is the vortex-95 benchmark, which when-com
piled by our automatically generated back end is just 0.3%vest.
Programs compiled by our automatically generated back ead a
also comparable to unoptimized code producedlby or by
gcc-00. Although none of the compilers perform many optimiza-
tions, code from Quick €- is often a bit faster, probably because
of our peephole optimizer. But when we run gcc with a suite of

4 Definition of C-style variadic functions is incompatible ttviproper tail
calls, which every €- compiler is required to support.

scalar optimizationsgcc -01), it produces code that is 2% to 30%
faster than code produced by our automatically generatelddyad.

Until we have implemented a substantial set of optimization
Quick C--, we cannot provide direct, incontrovertible evidence
that we can generate a back end for an optimizing compildr tha
is competitive with gcc. But our results, together with Bemiand
Davidson’s|(1994) prior work showing that standard scatarlaop
optimizations can be implemented in a compiler very simitar
Quick C--, indicate that our code expanders and recognizers could
be used in a high-quality optimizing compiler.

Compiled code should run fast, but the compiler itself sdauh

ereasonably fast, too. We measured the time required to dempi

the Quick G- test suite using generated and hand-written tilesets
(Tablé 10). When using the automatically generated tijesenpile
time increases by about 10%. The extra time is spent not ioatie
expander but in the optimizer; the compiler takes longeiabse

the generated code expander emits worse code.

10.2 Ease of retargeting

It is easy to measure speed of compiled programs. It is haoder
evaluate whether we have developed a good approach toeetarg
ing compilers. In this paper, we evaluate only componeritteé

to instruction selection. Machine-dependent componéaissolve
other important problems—register allocation, stackdedayout,
and calling conventions—cannot be generated from dealanaia-
chine descriptions alone, even in principle; some knowdedf
software convention is required. For that reason, thesgooents
are best retargeted using other techniques, as we haveabdgscr
elsewhere (Smith, Ramsey, and Holloway 2004; Lindig and Ram
sey 2004; Olinsky, Lindig, and Ramsey 2006).

We compare retargeting effort with two very different cotas:
gcc andlcc; Dias (2008,88.2) presents a more thorough case
study which also includes vpo. Like Quick-€, gcc is an opti-
mizing compiler that uses a code expander and a recognizer, a
like Quick C--, gcc tries to use the full instruction set of the tar-
get machine. Although gcc is widely retargeted, it is noacleow
much design effort has been invested in making retargetasy. e
By contrast,1cc has been designed for retargeting and for compi-
lation speed, but not for optimization. It translates l@wvdl inter-
mediate code to assembly code using bottom-up rewritingglwh
is specified using a BURG mapping framc’s intermediate code
to assembly-code strings (Fraser, Henry, and Proebsti&g)19

All three compilers use domain-specific languages to helaterin-
struction selectors, but the languages are processed iffergdtly.
We illustrate the descriptions by using thk&6 subtract instruction
as an example. Quick-& uses this concisg-RTL description:

SUB"mr~od (Eaddr
Eaddr
| Reg.EFLAGS :

reg) is
sub (Eaddr, reg)
x86_subflags(Eaddr, reg)

s



A-RTL can be used for multiple purposes, but as shown in this
paper, creating an instruction selector requires subatamtalysis.

The 1cc compiler uses an even more concise description, which
maps a subtract node Irxc’s intermediate form to an assembly-
language template:

reg: SUBI4(reg,mrc) "?movl %0,%c\nsubl %1,%c\n" 1

In the templatey,c represents the target registéng and %1 rep-
resent the two arguments. The two-instruction sequencalaies
lcc’s three-address node on the two-address target machine.

Thelcc BURG pattern is very concise, and processing is simple:
the compiler finds a minimum-cost covering of each interraedi
code, then instantiates the templates. But instantiatidesis sim-
ple than it may appear. For example, the initial questionknsag-
nals a special case in whidkec avoids emitting thenovl instruc-
tion when?%0 and’c denote the same register. And the template
language includes an “escape clause” by which a templatéean
instantiated by calling the functiommit2, which can execute arbi-
trary C code.

Gcc's description of an86 subtract is dramatically different from
either a\-RTL machine description or a BURG mapping:

(define_expand "subsi3"

[(parallel
[(set (match_operand:SI O "nonimmediate_operand" "")
(minus:SI
(match_operand:SI 1 "nonimmediate_operand" "")

(match_operand:SI 2 "general_operand" "")))
(clobber (reg:CC FLAGS_REG))])] "
"ix86_expand_binary_operator (MINUS,SImode,operands) ;
DONE; ")

(define_insn "*subsi_3"
[(set (reg FLAGS_REG)
(compare (match_operand:SI 1
"nonimmediate_operand" "0,0")
(match_operand:SI 2 "general_operand" "ri,rm")))
(set (match_operand:SI O "nonimmediate_operand"
"=rm,r") (minus:SI (match_dup 1) (match_dup 2)))]
"ix86_match_ccmode (insn, CCmode)
&& ix86_binary_operator_ok (MINUS, SImode, operands)"
"sub{1}\t{%2, %01%0, %2}"
[(set_attr "type" "alu") (set_attr "mode" "SI")])

The description language exists only to generate gcc'srelgra
recognizer, and parts of its optimizer; when the descnipti®
processed, different parts are used to generate differemt- c
ponents, and arbitrary C code can be spliced in. For example,
define_expand anddefine_insn help generate gcc's expander
and recognizer. And to verify that an RTL is a proper two-addr
RTL, whose destination is the same as the first operand, tiog+re
nizer calls C functiorix86_binary_operator_ok.

Examining a single instruction illuminates thénd of effort re-
quired to retarget each compiler: Our work requires only iben-
independent descriptions of instructions’ semantics, ibutust
be supplemented by a compiler-compiler that generates itermp
specific expanders and recognizers. Battt and gcc use de-
scriptions organized around their respective low-levidrimediate
codes, supplemented by C code that is both compiler- andttarg
specific. Reflecting years of design effaréc’s descriptions are an
order of magnitude simpler than gcc’s.

We now turn to thalegreeof effort required to retarget each com-
piler. How many instructions does each compiler exploigl ah
the cost of what effort? We believe that number of instruticec-
ognized predicts the code quality achievable with a back bed

Back end Expansion Time (s) Compile Time (s)
Generated 0.87 23.72
Hand-written 0.77 21.45

Table 10. Compile times for the Quick &- test suite (10,718 lines
in 91 files) using generated and hand-writi&6 back ends. Times
are averaged over five runs, with each run compiling the erest
suite to assembly code with one invocation of the compilbe T
compiler ran on a Pentium M, 1.5 GHz with 1 GB of memory.

cause the more instructions the recognizer accepts, the code-
improving transformations an optimizer can apply.

As expectedlcc exploits the fewest instructions: a code generator
based on BURG covers the compiler’s intermediate code,hwot t
target instruction set. Incc 4.2, the back end uses 249 BURG
patterns but only 53 instruction opcodes; the “escape hasch
used in 8 patterns but uses only one additional opcode. Ttie ba
end uses 549 lines of BURG description plus 463 lines of targe
dependent C code.

The compilers designed for optimization require largecdpsons
and more target-dependent code, but they exploit many nmere i
structions. In the hand-written Quick-€ back end for thex86,
the tileset and recognizer require 1,286 lines of code butgean-
erate only 233 distinct instructions. In the automaticgiynerated
Quick C-- back end, the\-RTL and SLED descriptions require
1,948 lines, but they describe 639 distinct instructiodsd the
SLED description has been reused to create other toolgjdncl
ing a binary translator, a link-time optimizer, and a dynacode
generator, so perhaps not all of its lines should be chargéd o
to Quick G--.) In gcc 4.2.1, the compiler-specific “machine de-
scription” requires 18,462 lines to exploit 754 instruosoand to
describe 320 expansions and 83 machine-specific peephtie op
mizations.

Among the four back ends,cc may have the most impressive
power-to-weight ratio, but our automatically generatestrinction
selectors are competitive, and they support code-impgotrans-
formations, such as peephole optimization, that BURG dags n
support. And when we compare the two automatically gengérate
optimizing compilers, the contrast between declarativetrire de-
scriptions and gcc's “machine descriptions” cannot be stated.
Gcec's machine description is an order of magnitude longan th
the A-RTL machine description, suggesting that retargetingreff
will be proportionally greater. There are also significaffedences

in kind. Declarative descriptions can be tested indepethdérer-
nandez and Ramsey 1997; Bailey and Davidson 2003); gce's de
scriptions cannot. The declarative machine descriptiarcisely
describes a property of a machine, independent of any phatic
tool, whereas gcc’s domain-specific code is verbose andresqu
knowledge of gcc's internals. More significantly, gcc’sargteting
strategy relies on textual inclusion of arbitrary snippeft€ code,
including calls to hand-written, target-specific funcgoihis strat-
egy makes it unlikely that one of gcc's machine descriptiomsd

be analyzed or reused for another purpose. Finally, weusettet
the compiler writer’s task is made more difficult by gcc'sttaof
writing critical code fragments by hand and using a macrmé&a
work to include those fragments in the right parts of the gateel
back end.

11. Related Work

People have been working on retargetable compilers sin68 19
(e.g., Strong et al.). We discuss only the most closelyedlatork:
back ends or optimizers generated using machine deseriptio



search techniques. We focus on the search strategy used io-fin
structions and the pruning heuristic used to guaranteedration.

The most closely related work was conducted thirty yearskago
Cattell (1980). Cattell pioneered some ideas that we ustydn
ing rewriting with algebraic laws and compensating for untea
assignments by using temporaries and scratch registersinBke
our search, Cattell's search starts with the goal of implging a
particular computation (analogous to one of our expangies)t
and searches for an implementation composed of machirreiéast
tions. Given a goal, Cattell's algorithm rewrites the gosihg an
algebraic law. A heuristic chooses which law to apply; thertse

tic looks for a law that it estimates will produce a new godattis
somehow closer to machine instructions. Cattell prunes¢aech
by limiting both the depth of rewriting and the number of laws
which may be used to rewrite a single expression. Theseslimit
guarantee termination, but they place a tremendous bundeheo
heuristic that chooses laws: it must prioritize the algedeavs that
are likely to lead to machine instructions. By contrast, search
does not limit the depth of rewritespriori, and it attempts to apply
every applicable laf.

Hoover and Zadeck (1996) present A ST machine-description
language and an algorithm for generating instruction $edsc
Their algorithm tries to recursively match a goal exprassigth

the expression computed by an assignment in a machine gastru
tion. They prune the search by checking the result of eachiteew
search continues only if the root of the resulting goal eggian
matches the expression in the machine instruction. Thisigteu
ensures that the search is bounded by the size of the ex@ressi
computed by the machine instruction. But this pruning tegiari
misses opportunities for one algebraic law to rewrite thmilits
produced by applying another algebraic law.

Ceng et al. (2005) generate most of a BURG-style instruction
selector using &ISA machine description. They have two ways
to find an implementation of their equivalent of a tile: theray be

a machine instruction with an assignment that implemeregikt;

or if not, they have a collection of rewrite rules, one of whinay
implement the goal tile using other tiles. Their search doeis
find implementations of every tile; some are implementeddnych
Unlike many others, Ceng et al. present experimental iestdtle

produced by their generated back end is about 5% slower than

code produced by a hand-written back end. The instructilecte
runs after the optimizer, so when the instruction selectodpces
inefficient code, the final program is also inefficient.

Remarkably, it is possible to retarget a back end without ehina
description, by extracting knowledge from an existing C pder
(Collberg 1997). Collberg’s algorithm generates hundieddsnall,
carefully crafted sample programs, compiles them, andyaesl
the resulting assembly code. Collberg defines a simple, RISC
like intermediate code, and his algorithm uses the resilthe
analyses to generate a mapping from that code to targetiéastr

tions. The mapping is given to BEG (Emmelmann, Schroer, and

Landwehr 1989), which generates a back end. Although Quoitbe
techniques are largely unrelated to the other techniqusesusised
here, his techniques are ingenious, the degree of autamiatim-
pressive, and the work repays careful study.

A less closely related problem @iperoptimizationa search for
more efficient ways of implementing computations whose énpl
mentations on a target machine are already known (Mass@dii; 1
Granlund and Kenner 1992). Massalin’s superoptimizer exha
tively combines sequences of machine instructions, theoggs

570 be fair to Cattell, technology has changed dramaticatty] our algo-
rithm might be unworkable on 1980 hardware.

each sequence against test inputs to see if the sequeneariemk

a goal computation. The superoptimizer doesn’'t use a maaten
scription; it uses the machine itself. The search is pruneeiject-
ing sequences, either because a subsequence is known todpe su
timal or because a later instruction in the sequence doasseahe
results of any earlier instructions. This pruning does n@rgntee
termination, but since the goal of a superoptimizer is to fimys

of making a working back end better, a superoptimizer nedzi’
guaranteed to terminate—it can be killed at any time.

Joshi, Nelson, and Zhou (2006) present the Denali supenet,
which does use a machine description. The description isudec
tive, and it takes the form of axioms given to a refutatiosdzh
theorem prover. Denali uses goal-directed search to find-a se
guence of machine instructions that implements a goal ctempu
tion. The search is limited by matcher which enumerates equiv-
alence relations for each expression in the input codes (ftot
clear how Denali ensures that each equivalence class is;fthi
published examples suggest that the technique involveéimthe
set of algebraic laws.) After identifying equivalent wagsimple-
ment the goal computation, Denali uses a SAT solver to sdarch
implementations that use the fewest processor cycles.|Cfamis
high-quality implementations of register-to-registemputations.

12. Conclusion

In this paper, we generate an instruction selector udewarative
machine descriptions, which give only the syntax and seicgaf
target-machine instructions. We show that the problem éeaial-
able, so a heuristic search is indicated. We present a newhsea
technique and a new pruning heuristic, which rely on threg ke
ideas:

e We search only computations that we know can be implemented
entirely by machine instructions.

e When a sequence of instructions implements an expansen til
we can discover this sequence by matching the left-hand side
of an algebraic law with the expression computed by the final
instruction in the sequence.

¢ When we match two expressions, we try unification, but when
the expressions involve machine state, we instead seareh fo
sequence of machine instructions whose execution makes the
expressions equal.

Our technique finds not just implementations but also valice
triples, which could be used to generate a certified codenslgra
(cflLeroy 2006).

Our new search algorithm generates high-quality instonctielec-
tors for thex86, PowerPC, and ARM. And thanks to Davidson and
Fraser's/(1980) compiler design, our back ends, unlikéexaxlito-
matically generated back ends, produce code that is as gothe a
code produced by hand-written back ends.
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