
Value-based Partial Redundan
y EliminationThomas VanDrunen and Antony L HoskingPurdue UniversityAbstra
t. Partial redundan
y elimination (PRE) is a program trans-formation that identi�es and eliminates expressions that are redundanton at least one (but not ne
essarily all) exe
ution paths. Global valuenumbering (GVN) is a program analysis and transformation that iden-ti�es operations that 
ompute the same value and eliminates operationsthat are redundant. A weakness of PRE is that it traditionally 
onsid-ers only expressions that are lexi
ally equivalent. A weakness of GVNis that it traditionally 
onsiders only operations that are fully redun-dant. In this paper, we examine the work that has been done on PREand GVN and present a hybrid algorithm that 
ombines the strengths ofea
h. The 
ontributions of this work are a framework for thinking aboutexpressions and values without sour
e-level lexi
al 
onstraints, a systemof data-
ow equations for determining insertion points, and a pra
ti
alalgorithm for extending a simple hash-based GVN for PRE. Our imple-mentation subsumes GVN stati
ally and, on most ben
hmarks, in termsof performan
e.Word 
ount = 66001 Introdu
tionThe goal of a 
ompiler's optimization phases is transforming the program tomake it more eÆ
ient. A

ordingly, resear
hers have given mu
h attention tomethods for eliminating redundant 
omputations; both approa
hes and termi-nology to des
ribe them have proliferated. In the progeny of this resear
h, twoprimary genuses 
an be identi�ed (some 
ross-breeding not withstanding): Par-tial Redundan
y Elimination (PRE) and Global Value Numbering (GVN). Thegoal of the present work is to present an algorithm for a hybrid subsuming thesetwo approa
hes synthesized from known te
hniques and tools.1.1 MotivationPRE 
onsiders the 
ontrol 
ow of the program and identi�es operations that areredundant on some but not ne
essarily all tra
es of the program that in
ludethat operation, and hen
e are partially redundant. It hoists operations to earlierprogram points where originally the operation was unknown and removes opera-tions that the hoisting has rendered fully redundant. In Figure 1(a), e 
+ b ispartially redundant be
ause of d 
+ b. By hoisting and preserving the result



of the operation in temporary variable t, PRE produ
es the program in Figure1(b). Be
ause of this hoisting, PRE is sometimes 
alled (an instan
e of) 
odemotion. GVN on the other hand 
onsiders the value produ
ed by an operation(in this paper, we always assume value to mean stati
 value; operations in loopbodies or otherwise reentrant 
ode may result in di�erent dynami
 values atdi�erent points in program exe
ution). If a value has already been 
omputed,subsequent operations 
an be eliminated even though they may di�er lexi
ally.Be
ause of the move 
 a in Figure 1(a), the operations 
 b+a and d 
+b
ompute the same value. A

ordingly GVN preserves this value in a temporaryand eliminates the re-
omputation, as in Figure 1(
). As this example shows, intheir basi
 form, neither PRE nor GVN is stri
tly more powerful than the other(see Mu
hni
k p. 343 [26℄).
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 example1.2 Our resultAnswering this 
hallenge, we have found a te
hnique, GVN-PRE, that subsumesboth and eliminates redundan
ies that would be undete
ted by either working inisolation. We 
reate a system of data 
ow equations that, using the infrastru
-ture of a simple hash-based value numbering system, 
al
ulate insertion pointsfor partially redundant values rather than partially redundant expressions. Wepresent this in a framework that allows 
lear reasoning about expressions andvalues and implement it with an algorithm that 
an easily be reprodu
ed. Af-ter exploring the ba
kground to this problem and related work, we explain theframework, give the data 
ow equations and related algorithm, and explore animplementation and its performan
e. Our implementation subsumes GVN.1.3 Related workPRE. Partial Redundan
y Elimination in general poses several 
hallenges. First,lexi
ally identi
al expressions at di�erent program points do not ne
essarily 
om-pute the same result, sin
e operands may be reassigned, so any PRE algorithmmust take into a

ount assignments that kill an expression's availability. Further-more, 
are must be taken that the hoisting would do no harm: if an operation is



added at a program point, it must o

ur without reassignment to its operandson all paths from that point to program exit (in the literature, they say the oper-ation must be downsafe or anti
ipated at that point). Otherwise the hoisting willlengthen a tra
e of the program, defying optimality; even worse, if the hoistedinstru
tion throws an ex
eption, the program's semanti
s 
hange. Finally, PREalgorithms should resist the temptation to hoist operations earlier in the pro-gram than ne
essary; while this may not do any harm in terms of lengtheninga tra
e of the program, it will make no improvement either, but may in
reaseregister pressure by lengthening the live range of an assignment.PRE was invented by Morel and Renoise [25℄. The original formulation usedbit ve
tors to dete
t 
andidates for motion and elimination. Knoop, R�uthing, andSte�en gave a 
omplete, formal, and provably optimal version of PRE whi
hthey 
alled Lazy Code Motion (LCM) [20, 21℄; it was improved by Dre
hslerand Stadel [14℄. LCM used a myriad of predi
ates and equation systems todetermine the earliest and latest pla
ement points for operations that should behoisted. Chow, Kennedy et al. produ
ed a PRE algorithm for programs in stati
single assignment form (SSA) [12℄, 
alled SSAPRE [9, 18℄. SSA is an intermediaterepresentation property su
h that program variables and temporaries are dividedinto di�erent versions for ea
h assignment so that ea
h version of a variable isassigned to exa
tly on
e in a stati
 view of the program. If a variable existsin di�erent versions on in
oming paths at a join point, they are merged intoa new version at the join. SSA makes it easy to identify the live ranges ofvariable assignments and hen
e whi
h lexi
ally equivalent expressions are alsosemanti
ally equivalent. On the other hand, it 
ompli
ates hoisting sin
e anyoperand de�ned by a merge of variable versions must have the earlier versionba
k-substituted. More re
ently, Dhamdhere has presented a simpler PRE thatexamines spe
i�
 paths from earlier to later o

urren
es of an operation [13℄.A major handi
ap for these versions of PRE is that they are based on lexi
al(or synta
ti
) equivalen
es. Although SSA provides the freedom to think outsidethe lexi
al box be
ause ea
h assignment essentially be
omes its own variable,even SSAPRE does not take advantage of this but regards expressions in termsof the sour
e variables from whi
h their operands 
ome; in fa
t, it makes strongerassumptions about the namespa
e than basi
 SSA [30℄. The fa
t that manyredundant results in a program do not 
ome from lexi
ally identi
al expressions(nor do all lexi
ally identi
al expressions produ
e the same results) has motivatedresear
h to make PRE more e�e
tive [6℄ and led Cli
k to assert that \in pra
ti
e,GVN �nds a larger set of 
ongruen
es than PRE" [10℄.GVN. Global Value Numbering partitions expressions and variables into 
lasses(or assigns them a unique value number) all of whi
h have the same stati
 value(or are 
ongruent). Having its origin in two papers simultaneously presentedby Alpern, Rosen, Wegman, and Zadek [4, 28℄, it uses algebrai
 properties toasso
iate expressions, su
h as assignments (a  b implies a and b are in thesame 
lass), 
ommutativity of 
ertain operations (a + b is in the same 
lass asb+ a), and fa
ts about 
ertain 
onstants (a+ 0 is in the same 
lass as a). SSAis a major boon for GVN, sin
e (SSA versions of) variables are always in the




1  a1 + b1 
2  a2 + b1a3  �(a1; a2)
3  a3 + b1 
3;+a3 b1 a1 a2a3(a) program (b) value 
lasses as DAG (
) value 
ow graphFig. 2. Example showing weakness of traditional GVN and the use of a VFGsame 
lass, and therefore so are expressions on those versions in the same 
lass,stati
ally and globally. Congruen
es 
an be found by hashing [10, 7℄ or by �rstassuming all expressions to be equal and splitting 
lasses when in
ongruen
esare found [4, 17, 29℄. Sin
e identifying an operation as redundant depends on theoperation having the same global number as an earlier operation, in traditionalGVN su
h an earlier operation must dominate (i.e., o

ur on all paths to) thelater operation. However, if any given path is 
onsidered in isolation, some value
lasses 
an be merged. In Figure 2(a), �(a1; a2) merges the variables a1 and a2,so if we 
onsider the left path, a3 should be in the same 
lass as a1, whereas onthe right path, a2 should be in the same 
lass as a1. Yet the operation a3+b1 willnot be eliminated be
ause nothing in its global 
lass has been 
omputed earlier.Sin
e traditional GVN does no motion, it does not eliminate some operationsthat on any given tra
e of the program are fully redundant|let alone operationsthat are partially redundant.
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ase [22℄.Hybrids. One of the original GVN papers [28℄ is remarkable be
ause it notonly introdu
es GVN, SSA, and 
riti
al edge removal; it also does PRE onvalues. However, the range of 
ongruen
es it 
an identify is small, and subsequentresear
h seems to have ignored this as it wallowed in its lexi
al mire. The �rstexpli
it study of the potential for PRE to work on values (or for GVN to 
onsiderpartial redundan
ies) is that of Knoop, R�uthing, and Ste�en's 
omparison of
ode motion and 
ode pla
ement [22℄. They distinguish synta
ti
 (lexi
al) 
ode



motion from semanti
, whi
h 
onsiders values. They note that the 
olle
tionof value 
lasses 
an be modeled by a dag, sin
e a value is represented by anexpression (a node) whi
h has other values as operands (edges pointing to nodes).The path-based 
onne
tions among values is 
aptured by what they 
all the value
ow graph (VFG). See Figure 2(b) and (
). Knoop et al. use these 
onstru
tsto sket
h an algorithm for determining safe insertion points for 
ode motion(PRE), but distinguish it from a more powerful optimization whi
h they 
all 
odepla
ement and (for whi
h determining insertion points traditionally 
onsideredsafe is not adequate for �nding all insertion points ne
essary for optimality).In the example in Figure 3(a) (taken from Knoop et al [22℄ in substan
e butput into SSA), 
ode pla
ement 
an hoist neither a + b nor 
3 + b up the upperleft edge be
ause neither, taken alone, is downsafe. A hypotheti
al te
hnique for
ode pla
ement, for whi
h they have no algorithm, 
ould re
ognize that the twovalues be
ome one value on that in
oming path and thus use a single hoistingto optimize the program to that of Figure 3(b).
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Fig. 4. Example with a VNG [5℄Bod��k and Anik, independently of Knoop et al., developed an algorithm thatalso addressed PRE on values [5℄. Their work uses value numbering with ba
ksubstitution to 
onstru
t a value name graph (VNG) similar to Knoop et al'sVFG. The VNG 
onsiders expressions to be names of values. If the program is notin SSA, expressions represent di�erent values at di�erent program points, andthe nodes of the graph are expression / program-point pairs. The edges 
apturethe 
ow of values from one name to another a

ording to program 
ontrol 
ow.Consider the program in Figure 4 with its VNG alongside. For ea
h programpoint (between ea
h instru
tion, bran
h, and join) there are three nodes, oneea
h for the expressions a + b, 
 + b, and d + b. Note that edges exist betweennodes of the same expression unless there is a killing assignment to an operand.Su
h assignments may produ
e edges between lexi
ally di�erent expressions. Apath in su
h a graph is 
alled a value thread. Using this, value numbering 
anbe path-sensitive. Bod��k et al. then use data 
ow analysis to identify optimalinsertion points for PRE, an algorithm they 
all VNGPRE. They also show that



by making their notion of the earliest pla
ement more aggressive, VNGPRE
an be extended to the 
ode pla
ement algorithm Knoop et al. hypothesize,performing the optimization illustrated in Figure 3.1.4 OverviewIn this paper, we present a new algorithm for PRE on values whi
h subsumesboth traditional PRE and GVN. The 
ontributions of our approa
h are asfollows. First, our analysis 
onsiders larger program 
hunks than Bod��k (ba-si
 blo
ks instead of single instru
tions). Se
ond, we present a framework forexpressions and values that takes full advantage of SSA, 
ompletely ignoringsour
e-level lexi
al 
onstraints and thinking solely in terms of values and expres-sions that represent them. Third, no graph is expli
itly 
onstru
ted nor is anynovel stru
ture introdu
ed. Instead, we a
hieve the same results by synthesizingwell-known tools (SSA, 
ontrol 
ow graphs, value numbers) and te
hniques (
owequations, liveness analysis, �xed-point iteration). In fa
t, our algorithm 
an beviewed as an extension of a simple hash-based GVN. Finally, we report on aneÆ
ient and easily-reprodu
ed implementation for this algorithm.The rest of the paper is organized as follows: Se
tion 2 gives preliminaries,su
h as assumptions we make about the input program, pre
ise de�nitions of
on
epts we use for our analysis, and des
riptions of global value numberinginfrastru
ture we assume already available. Se
tion 3 
ontains the meat of thepaper, des
ribing the various phases of the approa
h both formally and algorith-mi
ally. We 
omment on several 
orner 
ases in Se
tion 4. Se
tion 5 gives detailson our implementation and its results. We 
on
lude by dis
ussing future workin Se
tion 6.2 FrameworkIn this se
tion, we present our framework in terms of program stru
ture weassume and the model of expressions and values we use.2.1 Program stru
tureWe assume the input programs are in an intermediate representation that usesa 
ontrol 
ow graph (CFG) over basi
 blo
ks [2℄. A basi
 blo
k is a 
ode segmentthat has no un
onditional jump or 
onditional bran
h statements ex
ept for pos-sibly the last statement, and none of its statements, ex
ept for possibly the �rst,is a target of any jump or bran
h statement. A CFG is a graph representationof a pro
edure that has basi
 blo
ks for nodes and whose edges represent thepossible exe
ution paths determined by jump and bran
h statements. We de�nesu

(b) to be the set of su

essors to basi
 blo
k b in the CFG, and similarlypred(b) the set of prede
essors. (When these sets 
ontain only one element, we usethis notation to stand for that element for 
onvenien
e.) We also de�ne dom(b)to be the dominator of b, the nearest blo
k that dominates b. This relationship




an be modeled by a dominator tree, whi
h we assume to be 
onstru
ted [2℄.We assume that all 
riti
al edges|edges from blo
ks with more than one su
-
essor to blo
ks with more than one prede
essor [28℄|have been removed fromthe CFG by inserting an empty blo
k between the two blo
ks 
onne
ted by the
riti
al edge.We assume the following language to de�ne the set of possible instru
tionsin the program (this ex
ludes jumps and bran
hes, whi
h for our purposes aremodeled by the graph itself):k ::= t j t op s Operationsp ::= �(t�) Phis
 ::= k j p j � Right-hand termsi ::= t 
 Instru
tionsb ::= i� Basi
 blo
ksNote that basi
 blo
ks are 
onsidered ve
tors of instru
tions. The symbol� stands for any operation whi
h we are not 
onsidering for this optimization;it is 
onsidered to be a bla
k box whi
h produ
es a result. The meta-variable tranges over (SSA) variables. We do not distinguish between sour
e-level variablesand 
ompiler-generated temporaries, nor are we 
on
erned with what sour
e-level variable any SSA variable 
ome from. Be
ause of SSA form, no variableis reassigned, and a variable's s
ope is all program points dominated by itsde�nition. For simpli
ity, we do not in
lude 
onstants in the grammar, thoughthey appear in some examples; 
onstants may be 
onsidered globally-de�nedtemporaries. We let op range over operators.A phi 
ontains the same number of operands as there are prede
essors to itsblo
k, and ea
h operand is asso
iated with a distin
t prede
essor. Semanti
ally,the phi sele
ts the operand asso
iated with the prede
essor that pre
edes theblo
k on a given tra
e and returns that operand as its result. Phis pre
ede allnon-phis in a blo
k.2.2 Values and value-numberingA value is a set of expressions. v ranges over values. An expression is similarto an operation ex
ept that if an expression involves an operator, its operandsare given in terms of values rather than subexpressions. This way we 
an thinkof expressions more generally. If t1 and t3 are members of value v1, and t2 is amember of v2, we need not think of t1 + t2 and t3 + t2 as separate expressions;instead, we think only of the expression v1 + v2.e ::= s j v op v Expressions



Our goal in value numbering is to obtain three pie
es of information: valuenumbers, available expressions, and anti
ipated expressions. Traditional valuenumbering requires only the �rst two. First, we partition all expressions in theprogram into values. We represent this partition with a map (or value table)with the following operations:add(�; e; v) � set v to be e's value; add e to the set v.lookup(e) � Return e's value, null if none has beenset. (For smarter value numbering, as-sume this fun
tion re
ognizes algebrai
identities).lookup or add(�; e) � x := lookup(�; e)if (x = null)v := fgx := add(e; v)return xWe treat the value table as a bla
k box, but assume it to be used for a simplehashing value number s
heme, re
ognizing expressions by their stru
ture and,if smart enough, algebrai
 properties, asso
iating them with values. It is worthnoting that there is no limit on how smart the fun
tion lookup is engineered tobe. For example, if v1 
ontains 1, v2 
ontains 2, v4 
ontains v3 + v1 for some v3,and v5 
ontains v4 + v1, then v5 also should 
ontain v3 + v2. To enumerate allsu
h 
ases would be in�nite.Figure 5(a) displays a running example we will refer to throughout this andthe next se
tion. Sin
e it is large, we will often dis
uss only part of it at a time.For the present, 
onsider blo
k 4. The table in Figure 5(b) displays the valuesreferen
ed in the blo
k and the expressions they 
ontain. For 
larity, we assigna value the same subs
ript as one of its temporaries wherever possible. Valuesv1, v2, and v3 are de�ned in blo
ks that dominate blo
k 4, so they are in s
opehere. The instru
tion t4  t2+ t3 leads us to dis
over expressions v2+ v3 and t4as elements of the same value, whi
h we 
all v4. Be
ause of the move t5  t4, t5is also in v4. Finally, v1 + v5 and t6 are in a value we 
all v6. Re
all that thesevalues are global, so we are showing only part of the value table for the entireprogram (in fa
t, values v3 and v4 have more members, dis
overed in other partsof the program).The se
ond pie
e of information is what expressions are available to representthe values; or, put di�erently, what values are already 
omputed and stored intemporaries at a given program point. If more than one temporary of the samevalue is live at a point, we want to pi
k one as the leader, whi
h will be used asthe sour
e of the value to repla
e an operation of that value with a move. To beunambiguous, the leader should be the \earliest" temporary available; that is,the temporary whose de�ning instru
tion dominates the de�ning instru
tions ofall other temporaries of that value live at that point. We de�ne the leader set tobe the set of leaders representing available values at a program point. Althoughte
hni
ally there is a leader set for any program point, for our purposes we will



2 34 56
t3  t2 + 1t4  t2 + t3t5  t4t6  t1 + t5 t7  t3 + 1t8  �(t1; t7)

t13  t12 + t3t9  t2 + t3t10  t9 + t8t11  �t12  t9 + t11

1t1  � t2  �(t1; t3) valuesv1: t1v2: t2v3: t3v4: t4; v2 + v3; t5v6: t6; v1 + v4temps generated:t4; t5; t6exprs generated:t2; t3; t4; t1; t5; v2 + v3; v1 + v4(a) Program CFG (b) Values, temporaries, andexpressions of blo
k 4
v11 : t11

v3 : t3v2 : t2v8 : t8v10 : v4 + v8 v4 : v2 + v3
v12 : v4 + v11v13 : v12 + v3

v4 : v2 + v3v10 : v4 + v8v8 : t8v2 : t2 v3 : t3(
) Anti
ipated expressions at blo
k 6, (d) A
tual anti
ipated expressionsnot 
onsidering the kill of t11 at blo
k 6Fig. 5. Running example



be interested only in the sets at the end of a basi
 blo
k, AVAIL OUT. The leadersavailable out of blo
k 4 are those expressions listed �rst for ea
h value in Figure5(b). (This notion of availability is sometimes 
alled upsafety [22℄.)Finally, we want to know what values are anti
ipated at a program point;that is, will be 
omputed or used on all paths from that point to program exit.(This notion of anti
ipation|sometimes 
alled anti
ability or anti
ipatability|is essentially the same as that of downsafety.) Just as we want appropriate tem-poraries to represent values in the leader set, so we want appropriate expressionsto represent anti
ipated values|that is, anti
ipated values should also have areverse-
ow leader or antileader. An antileader 
an be a live temporary or a non-simple expression whose operands are represented in the antileader set. This isso that the expression 
ould be
ome available by an insertion at that point, orseveral insertions if it is a nested expression. Conversely from the leader set,we are interested only in the antileader sets at the beginning of basi
 blo
ks,ANTIC IN.For an antileader set, it does not matter whi
h expression represents a value,so long as that value is live. A temporary potentially in ANTIC IN be
omesdead if it is assigned to. If the assignment is from something we 
an make anexpression for (as opposed to �), that expression repla
es the temporary as theantileader. If the assignment is from �, then the value is no longer representedat all. Furthermore, any other expression that has that (no longer represented)value as an operand also be
omes dead. Therefore antileaders and the values theyrepresent are killed by de�nitions of temporaries in the blo
k. An antileader set
an be pi
tured as a dag. Consider basi
 blo
k 6 in Figure 5(a), alternatelywith and without the instru
tion t4  �. In the 
ase where we ex
lude thatinstru
tion, assume t4 to be global. Without the de�nition of t4, ANTIC IN 
anbe represented by the dag in Figure 5(
). The nodes of the dag are pairs of valuesand the antileaders representing them; edges are determined by the operandsof the antileader. If we suppose the blo
k 
ontains t6  � as it does in theprogram, then v4 : t4 is killed, along with all expressions that depend on v4 also,in 
as
ading e�e
t. See Figure 5(d).To 
al
ulate these sets, we �nd two other pie
es of information useful: thetemporaries generated by a set, meaning those that are de�ned; and the expres-sions generated by a set, meaning those that o

ur as operations, operands tooperations, or sour
es of moves. We say that the set \generates" these be
ausethey will be used as \gen" sets for the 
ow equations we de�ne in the next se
-tion for 
omputing the leader and antileader sets. These are given for blo
k 4 inFigure 5(b).3 GVN-PREThe GVN-PRE algorithm has three steps: BuildSets, Insert, and Eliminate.BuildSets, whi
h we des
ribe formally and algorithmi
ally, populates the valuetable and the leader and antileader sets. Insert pla
es new instru
tions in the pro-



gram to make partially available instru
tions fully available. Eliminate removes
omputations whose values are already available in temporaries or as 
onstants.3.1 BuildSetsFlow equations. To 
ompute AVAIL IN and AVAIL OUT for a blo
k, we must
onsider not only the 
ontents of the blo
k itself, but also expressions inher-ited from prede
essors (for AVAIL OUT) and anti-inherited from su

essors (forANTIC IN). For this we use a system of 
ow equations. As is 
ommon for 
owequations, we also de�ne the sets AVAIL IN and ANTIC OUT, although onlyAVAIL OUT and ANTIC IN are used later in the optimization. We have threegen sets, EXP GEN(b) for expressions (temporaries and non-simple) that appearin the right hand side of an instru
tion in b; PHI GEN(b) for temporaries thatare de�ned by a phi in b; and TMP GEN(b) for temporaries that are de�nedby non-phi instru
tions in b. There are no kill sets for 
al
ulating AVAIL OUT,sin
e SSA form implies no temporary is ever killed. For ANTIC IN, TMP GENa
ts as a kill set. Sin
e an available expression must be de�ned in an instru
tionthat dominates the program point in question, so in 
al
ulating AVAIL OUT, we
onsider inherited expressions only from the blo
k's dominator. In terms of 
owequations, AVAIL IN[b℄ = AVAIL OUT[dom(b)℄ (1)AVAIL OUT[b℄ = 
anon(AVAIL IN[b℄ [ PHI GEN(b) (2)[TMP GEN(b))where 
anon is a pro
edure that, given a set of temporaries, partitions thatset into subsets whi
h all have the same value and 
hooses a leader from ea
h.Of 
ourse 
anon would be in
onvenient and ineÆ
ient to implement; instead,AVAIL OUT[b℄ 
an be 
al
ulated easily and eÆ
iently at the same time as thegen sets, as we will show later.For ANTIC IN, handling su

essors is more 
ompli
ated. If there is only onesu

essor, we add all its antileaders to AVAIL OUT of the 
urrent blo
k; how-ever, we must translate some temporaries based on the phis at the su

essor.For example, if t1 is anti
ipated by blo
k b, and blo
k b has a phi whi
h de�nest1 and has t2 as an operand from blo
k 
, then t2, rather than t1, is anti
ipatedat the end of blo
k 
, and it has a di�erent value. For this we assume a fun
tionphi translate whi
h takes a su

essor blo
k, a prede
essor blo
k (i.e., there is anedge from the se
ond blo
k to the �rst), and a temporary; if the temporary isde�ned by a phi at the su

essor, it returns the operand to that phi 
orrespond-ing to the prede
essor, otherwise returning the temporary. If there are multiplesu

essors, then there 
an be no phis (be
ause of 
riti
al edge removal), butonly values anti
ipated by all of the su

essors 
an be anti
ipated by the 
urrentblo
k. This assures that all anti
ipated expressions are downsafe|they 
an beinserted with assuran
e that they will be used on all paths to program exit.The 
ow equations for 
al
ulating the antileader sets are



ANTIC OUT[b℄ = 8>>>><>>>>:feje 2 ANTIC IN[su

0(b)℄^8 b0 2 su

(b); 9e0 2 ANTIC IN[b0℄jlookup(e) = lookup(e0)g if jsu

(b)j > 1phi translate(A[su

(b)℄; b; su

(b)) if jsu

(b)j = 1 (3)ANTIC IN[b℄ = 
lean(
anone(ANTIC OUT[b℄ [ EXP GEN[b℄ (4)�TMP GEN(b)))When phi translate translates expressions through phis, it may involve 
reatingexpressions that have not been assigned values yet and therefore require newvalues to be 
reated. Consider 
al
ulating ANTIC OUT[B5℄ in our example. Valuev10 is represented by v4 + v8, whi
h is translated through the phi to v4 + v7.However, that expression does not exist in the program|it needs a new value.Thus sometimes the value table will need to be modi�ed while 
al
ulating thesesets.
v? : v4 + v7v10 : v4 + v8t9  t2 + t3t10  t9 + t8t11  �t13  t12 + t3

t8  �(t1; t7)t7  t3 + 16 5

Fig. 6. Translation through phis
anone generalizes 
anon for expressions. For ANTIC IN, we do not 
are whatexpression represents a value as long as it is live, so 
anone 
an make any 
hoi
eas long as it is 
onsistent. This essentially makes the union in the formula forANTIC IN to be \value-wise", meaning that given two sets of expressions rep-resenting values, we want every value in ea
h set represented, but by only oneexpression ea
h. Similarly, the formula for ANTIC OUT when there are multiplesu

essors performs a \value-wise" interse
tion|only values that are representedin all su

essors should be represented here, but whi
h expression represents itdoes not matter. 
lean kills expressions that depend on values that have been(or should be) killed. Be
ause information will also 
ow a
ross ba
k edges in thegraph, these sets must be 
al
ulated using a �xed-point iteration.



Algorithm. Cal
ulating BuildSets 
onsists of two parts. The �rst is a top-downtraversal of the dominator tree. At ea
h blo
k, we iterate forward over the in-stru
tions, making sure ea
h expression has a value assigned to it. We also buildEXP GEN, PHI GEN, and TMP GEN for that blo
k.Computing 
anon dire
tly is in
onvenient and 
ostly. We avoid 
omputing itby maintaining an invariant on the relevant sets, that they never 
ontain morethan one expression for any value. Sin
e the value leader set for the dominatorwill have already been determined, we 
an 
onveniently build the leader setfor the 
urrent blo
k by initializing it to the leader set of the dominator and,for ea
h instru
tion, adding the target to the leader set only if its value is notalready represented. Sin
e we will often add something to a set only if its valueis not already represented, we de�ne the operation val insert(S; e) for doing this;also, val repla
e(S; e) works similarly, ex
ept that if an expression representingthe value is already present, remove it and add the given expression. Usingthis, we never add a temporary to an AVAIL OUT set unless its value is notyet represented. Similarly, we need only one representative in EXP GEN for ea
hvalue, so we do not add an expression for a value that has already appeared (thisway EXP GEN 
ontains only the �rst appearan
e of a value, appropriate for anantileader). We do not 
al
ulate AVAIL IN sets sin
e it is trivial.The algorithm for the �rst phase of BuildSets is in Figure 7. In our algorithms,we take the liberty of some ML-style notation; for example, if we say \if 
 = t",we mean \if 
 is an instan
e of a temporary" and \let the variable t stand forthat simple expression in the then 
lause of this bran
h."The se
ond part 
al
ulates 
ow sets to determine the antileader sets and
ondu
ts the �xed-point iteration. Until we 
ondu
t a pass on whi
h no ANTIC INset 
hanges, we perform top-down traversals of the postdominator tree. Thishelps fast 
onvergen
e sin
e information 
ows ba
kward over the CFG. Thealgorithm is given in Figure 8. To keep ANTIC IN 
anoni
al, we remove thekilled temporaries separately from ANTIC OUT and EXP GEN, and then do whatamounts to a value-wise union.Both phi translate and 
lean pro
ess elements in su
h a way that other setelements that they depend on must be pro
essed �rst. The key to doing thiseÆ
iently is to maintain all sets as topologi
al sorts of the dags they model,whi
h 
an be done by implementing the sets as linked lists. Figure 9 shows around of this pro
ess on blo
k 5, in
luding ANTIC IN[B5℄ before and after theinsertions from S. Noti
e that the net e�e
t is to repla
e v7 : t7 in ANTIC OUTwith v7 : v3+v100, and that although the order has 
hanged, it is still a topolog-i
al sort. For this to be eÆ
ient, the �xed point iteration must 
onverge qui
kly;
onvergen
e depends primarily on CFG stru
ture. In our ben
hmarks, the max-imum number of iterations needed for any method being 
ompiled was 55; that,however, appears to represent an extreme outlier, as the se
ond highest was 18.When measuring the maximum number of rounds needed for 
onvergen
e of anymethod, 15 of our 20 ben
hmarks had a maximum less than 10, and we foundthat if we set 10 as the limit, there was no de
rease in the number of operations



For ea
h blo
k b in a top-down traversal of the dominator treeEXP GEN[b℄ := fgPHI GEN[b℄ := fgTMP GEN[b℄ := fgAVAIL OUT[b℄ := AVAIL OUT[dom(b)℄For ea
h instru
tion i = t 
 in sequen
e of bif 
 = �(t1 : : : tn)add(t; fg)insert(PHI GEN[b℄; t)else if 
 = t0v := lookup(t0)add(t; v)val insert(EXP GEN[b℄; t0)insert(TMP GEN[b℄; t)else if 
 = t1 op t2v1 := lookup(t1)v2 := lookup(t2)v := lookup or add(v1 op v2)add(t; v)val insert(EXP GEN[b℄; t1)val insert(EXP GEN[b℄; t2)val insert(EXP GEN[b℄; v1 op v2)insert(TMP GEN[b℄; t)else if 
 = �v = add(t; fg)insert(TMP GEN[b℄; t)val insert(AVAIL OUT[b℄; t)Fig. 7. First phase of BuildSets



eliminated in the elimination phase, implying that the extra rounds needed inextreme 
ases produ
e no useful data.
hanged := truewhile 
hanged
hanged := falsefor ea
h blo
k b in a top-down traversal of the postdominator treeold := ANTIC IN[b℄if jsu

(b)j = 1ANTIC OUT := phi translate(ANTIC IN[b℄; b; su

(b))else if jsu

(b)j > 1worklist := makelist(su

(b))�rst := remove(worklist)ANTIC OUT := ANTIC IN[�rst ℄while worklist is not emptyb0 := remove(worklist)for ea
h e 2 ANTIC OUTv := lookup(e)if �nd leader(ANTIC IN[b℄; v) = nullremove(ANTIC OUT; e)elseANTIC OUT := fgS := ANTIC OUT� TMP GEN[b℄ANTIC IN[b℄ := EXP GEN[b℄� TMP GEN[b℄for ea
h e 2 Sif �nd leader(ANTIC IN[b℄; lookup(e0)) = nullvinsert(ANTIC IN[b℄; e)ANTIC IN[b℄ := 
lean(ANTIC IN[b℄)if old 6= ANTIC IN[b℄
hanged := trueFig. 8. Se
ond phase of BuildSets3.2 InsertInsert is 
on
erned with hoisting expressions to earlier program points. If thisphase were skipped, we would be left with a traditional global value numberings
heme. Insertions happen only at merge points. This phase iterates over blo
ksthat have more than one prede
essor and inspe
ts all expressions anti
ipatedthere. For a non-simple expression, we 
onsider the equivalent expressions in theprede
essors. This requires some translation be
ause of the phis at the blo
k, forwhi
h we use phi translate. We lookup the value for this equivalent expressionand �nd the leader. If there is a leader, then it is available. If the expression isavailable in at least one prede
essor, then we insert it in prede
essors where it is



5t7  t3 + 1 TMP GEN[5℄ : v7 : t7EXP GEN[5℄ : v3 : t3; v100 : 1; v7 : v3 + v100ANTIC OUT : v2 : t2; v3 : t3; v4 : v2 + v3; v7 : t7;v101 : v4 + v7S : v2 : t2; v3 : t3; v4 : v2 + v3; v101 : v4 + v7ANTIC IN[5℄orig : v3 : t3; v100 : 1; v7 : v3 + v100ANTIC IN[5℄ : v3 : t3; v100 : 1; v7 : v3 + v100; v2 : t2;v4 : v2 + v3; v101 : v4 + v7Fig. 9. Example for the se
ond phase of BuildSetsnot available. Generating fresh temporaries, we perform the ne
essary insertionsand 
reate a phi to merge the prede
essors' leaders.
t19  �(t6; t8)t17  �(t4; t18)t15  �(t14; t7)t18  t16 + t7t16  t2 + t3t14  t3 + 1t8  �(t1; t7)t7  t3 + 1t6  t1 + t5t5  t4t4  t2 + t36 54 t1  � t2  �(t1; t3)1 2t3  t2 + 1t20  t1 + 1t21  �(t20; t15)(a) (b)Fig. 10. Results of InsertFigure 10(a) shows the result of Insert at the join point of blo
k 6. Theanti
ipated expressions v2 + v3 and v4 + v8 are available from blo
k 4, so t16  t2 + t3 and t18  t16 + t7 are hoisted to blo
k 5. Here the topologi
al sortof ANTIC IN[B6℄ 
omes in handy again, sin
e these expressions are nested andv2 + v3 must be inserted �rst. Note that thus our algorithm handles se
ondorder e�e
ts without assigning ranks to expressions (
ompare Rosen et al. [28℄).Appropriate phis are also inserted.The hoisted operations and newly 
reated phis imply new leaders for theirvalues in the blo
ks where they are pla
ed, and these leaders must be propagatedto dominated blo
ks. This 
ould be done by re-running BuildSets, but that isunne
essary and 
ostly. Instead, we assume a map new sets, whi
h asso
iatesblo
ks with sets of expressions whi
h have been added to the value leader setsduring Insert. Whenever we 
reate a new 
omputation or phi, we possibly makea new value, and we at least 
reate a new leader for that value in the given blo
k.We update that blo
k's leader set and its new set. Sin
e this information should



be propagated to other blo
ks whi
h the new temporaries rea
h, for ea
h blo
kwe also add all the expressions in its dominator's new set into the blo
k's ownleader set and new set. This also requires us to make Insert a top-down traversalof the dominator tree, so that a blo
k's dominator is pro
essed before the blo
kitself.What we have said so far, however, is not 
ompletely safe in the sense that itin some 
ases it will lengthen a 
omputational path by inserting an instru
tionwithout allowing one to be eliminated by the next phase. Sin
e v3 + v100 is alsoanti
ipated in at blo
k 6, being anti-inherited from t3  t2 + 1 in blo
k 2, weinsert t14  t3+1 in blo
k 4, as shown in Figure 10(a). This does not allow anyeliminations, but only lengthens any tra
e through blo
k 4. The value is still notavailable at the instru
tion that triggered this in blo
k 1 be
ause blo
k 1 wasvisited �rst, at whi
h time it was available on no prede
essors and therefore nothoisted. To �x this, we repeat the pro
ess until we make a pass where nothingnew is added to any new set. On the next pass, v7 : t15 is available in blo
k6, so we hoist t1 + 1 to blo
k 1, as shown in Figure 10(b). In pra
ti
e, Insert
onverges qui
kly. We have seen only one 
ase where it required 3 rounds. Onmost ben
hmarks, the maximum number of required rounds for any methodwas 2, and on average it took only a single round. Note that we do not needpredi
ates for determining latest and earliest insertion points, sin
e insertionsnaturally 
oat to the right pla
e. Insertions made too late in the program willthemselves be
ome redundant and eliminated in the next phase. Figure 11 showsthe algorithm for Insert.3.3 EliminateEliminate is straightforward. For any instru
tion, �nd the leader of the target'svalue. If it di�ers from that target, then there is a 
onstant or an earlier-de�nedtemporary with the same value. The 
urrent instru
tion 
an be repla
ed by amove from the leader to the target. The order in whi
h we pro
ess this doesnot matter. The algorithm for Eliminate, along with the optimized program, areshown in Figure 12.4 Corner 
asesIn this se
tion, we brie
y des
ribe extensions to this algorithm ne
essary fortheoreti
al optimality yet giving no bene�t in pra
ti
e: partial anti
ipation and
ode pla
ement. We also 
omment on how to move 
ode if the programmingenvironment demands pre
ise handling of ex
eptions.Consider the program in Figure 13(a). The instru
tion t6  t5 + t1 in blo
k5 is fully redundant, although there is no available expression at that point. Ano-
ost phi inserted at blo
k 4, however, would allow us to remove that 
omputa-tion. See Figure 13(b). Yet our algorithm as presented so far would not performthis insertion, be
ause the expression is not anti
ipated at blo
k 4. To improvethis, we need to 
onsider what expressions are partially anti
ipated at a program



new stu� := truewhile new stu�new stu� := falsefor ea
h blo
k b in a top-down traversal of the dominator treenew sets[b℄ := fgfor ea
h e 2 new sets[dom(b)℄add(new sets[b℄; e)val repla
e(AVAIL OUT[b℄; e)if jpred(b)j > 1worklist = makelist(ANTIC IN[b℄)while worklist is not emptye := remove(worklist)if e = v1 op v2if �nd leader(AVAIL OUT[dom(b)℄; lookup(e)) 6= null
ontinueavail := new mapby some := falseall same := true�rst s := nullfor ea
h b0 2 pred(b)e0 := phi translate(v1 op v2; b0; b)v0 := lookup(e0)e00 := �nd leader(AVAIL OUT[b0℄; v0)if e00 = nullput(avail ; b0; e0)all same := falseelseput(avail ; b0; e00)by some := trueif �rst s = null�rst s := e00else if �rst s 6= e00all same := falseif !all same and by somefor ea
h b0 2 pred(b)e0 := get(avail ; b0)if e0 = v1 op v2s1 := �nd leader(AVAIL OUT[b0℄; v1)s2 := �nd leader(AVAIL OUT[b0℄; v2)t := get fresh temp()b0 := b0 [ (t s1 op s2)v := lookup or add(v1 op v2)add(v; t)insert(AVAIL OUT[b0℄; t)put(avail ; b0; t)t := get fresh temp()add(t; lookup(�; e))insert(AVAIL OUT[b℄; t)b := t �(: : : xi : : :) [ bwhere xi = get(avail ; bi); bi 2 b = pred(b)new stu� := trueinsert(new sets[b℄; t)Fig. 11. Algorithm for Insert



For ea
h blo
k bFor ea
h i 2 bif i = t s1 op s2s0 = �nd leader(AVAIL OUT[b℄; lookup(t))if s0 6= trepla
e i in b with t s0 6
t3  t21t4  t2 + t3t5  t4t6  t1 + t5 t7  t3 + 1t8  �(t1; t7)

t13  t12 + t3t9  t17t10  t19t11  �t12  t9 + t11

t20  t1 + 1t21  �(t20; t15)
t14  t3 + 1 t16  t2 + t3t18  t16 + t7t15  �(t14; t7)t17  �(t4; t18)t19  �(t6; t8)

5
t1  � t2  �(t1; t3)1 2 34

Fig. 12. Algorithm for Eliminate and the optimized program

65 4 32 1
t6  t5 + t1t5  �(t0; t4)t3  t4 + t1t2  t0 + t1 65 4 32 1

t7  �(t2; t3)t6  t7 t5  �(t0; t4)t3  t4 + t1t2  t0 + t1
(a) (b)Fig. 13. The need for partial anti
ipation



point; that is, they o

ur on some but not all paths to program exit. Cal
ulatingPART ANTIC IN for a blo
k is similar to 
al
ulating ANTIC IN, ex
ept that itrequires a value-wise union instead of interse
tion. Details 
an be found in ana

ompanying te
hni
al report [31℄. In our experiments on real 
ode, 
ases likethis o

ur rarely (in one ben
hmark it a

ounted for 3% of the operations elim-inated; in seven, 1% or fewer; in ten it never o

urred). PART ANTIC IN setsalso 
onsume mu
h memory, and 
al
ulating them in
reases the average numberof rounds for 
onvergen
e of BuildSets by an order of magnitude.In the 
ategories of Knoop et al. [22℄, our algorithm is 
ode motion, not 
odepla
ement, and does not 
ross the frontier illustrated in Figure 3. To extendthis algorithm for 
ode pla
ement, partial anti
ipation must be used. DuringInsert, if an expression is partially anti
ipated at a join point and only partiallyavailable, we 
reate a hypotheti
al instru
tion for it and maintain a stru
ture tore
ord whi
h partially available expressions would bene�t from that hypotheti-
al, as well as a stru
ture to maintain what hypotheti
als a partially anti
ipatedexpression would need inserted in order to reap the bene�t. These 
onditions areinterrelated: an expression will reap the bene�t only if all its hypotheti
als areinserted, but a hypotheti
al will be inserted only if all its partially anti
ipatedexpressions will bene�t. To solve this, we use a 
ir
ular set of predi
ate equationsand look for a 
ontradi
tion; if no 
ontradi
tion is found, we make real insertionsfor the temporaries. Details 
an be found in a te
hni
al report [31℄. Althoughour implementation 
overs these 
ases when given 
ontrived examples, we havefound only a single instan
e of this situation in real 
ode.Finally, we 
omment on how to modify this algorithm for the pre
ise handlingof ex
eptions. The Java programming language [24℄ requires that the order inwhi
h ex
eptions are thrown be preserved a
ross transformations of the program.This means that instru
tions that 
ould potentially throw an ex
eption may notbe reordered. To prevent this, we have to 
onsider any potentially ex
eptinginstru
tion to kill all potentially ex
epting expressions when 
al
ulating anti
-ipation. To adjust our algorithm, if a blo
k 
ontains any expression that 
ouldthrow an ex
eption, ANTIC OUT should be purged of any potentially ex
eptingexpressions before being used to 
al
ulate ANTIC IN. Furthermore, EXP GEN ofthat blo
k should not in
lude any potentially ex
epting expressions ex
ept forthe �rst that o

urs in the blo
k, sin
e that �rst su
h expression kills all othersex
ept itself.5 Implementation and resultsOur experiments use Jikes RVM [3, 8, 27℄, a virtual ma
hine that exe
utes Java
lass�les. We have implemented the algorithm des
ribed here as a 
ompiler phasefor the optimizing 
ompiler and 
on�gured Jikes RVM version 2.3.0 to use theoptimizing 
ompiler only and a 
opy mark-sweep garbage 
olle
tor. The opti-mizing 
ompiler performs a series of 
ode transformations on both SSA andnon-SSA representations. It already has loop-invariant 
ode motion (LICM) andglobal 
ommon subexpression elimination (GCSE) phases in SSA, whi
h rely
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on GVN. Pla
ing our phase before these two shows that GVN-PRE 
ompletelysubsumes GCSE in pra
ti
e. LICM is not 
ompletely subsumed be
ause JikesRVM's LICM performs unsafe spe
ulative motion whi
h GVN-PRE does not.GCSE is equivalent to GVN as it is presented in this paper.Figure 14 shows stati
 eliminations performed by ea
h optimization level. Theleft 
olumn in ea
h set represents the number of intermediate representation op-erations eliminated by GCSE, and the se
ond those eliminated by GVN-PRE.In ea
h 
ase, GVN-PRE eliminates more, sometimes twi
e as mu
h, althoughthe optimization also inserts operations and in some 
ases may later eliminatean operation it has inserted. The third bar shows the number GVN-PRE elim-inations plus the number of operations GCSE 
an eliminate after GVN-PREhas run. After GVN-PRE, GCSE �nds zero in all but four 
ases, and nevermore than 6, 
ompared to hundreds or thousands eliminated otherwise. Thusour optimization subsumes GCSE. All these are normalized to the �rst bar.Our performan
e results are in Figure 15. These were obtained on a 1600MHzIntel Pentium 4 with 512 MB of RAM and 256 KB 
a
he, running Red Hat Linux3.2.2-5. We used three optimization levels: the pre-de�ned O2 with GCSE andGVN-PRE turned o�, O2 with GCSE on but GVN-PRE o�, and O2 with GCSEo� but GVN-PRE on. In all 
ases, LICM and load elimination were turned o� toisolate the impa
t of GCSE and GVN-PRE.We used twenty ben
hmarks in total,eight from the SPECjvm98 suite [11℄ and twelve from the sequential ben
hmarksof the Java Grande Forum [15℄. For ea
h ben
hmark at ea
h optimization levelwe ran the program eleven times in the same invo
ation of the VM and timedthe last nine runs using Java's System.
urrentTimeMillis() method. Thisway we did not in
orporate 
ompilation time in the measurements. We alsosubtra
ted garbage 
olle
tion time. The graph shows the best running time ofGCSE and GVN-PRE (out of the nine timed runs) normalized by the bestrunning time of running with neither optimization. In only a few ben
hmarksis there signi�
ant performan
e gain, and sometimes these optimizations do nopay o�. Studies have shown that in an environment like Jikes RVM, in orderfor an instru
tion elimination optimization to make a signi�
ant impa
t, it mustaddress the removal of redundant loads and stores for obje
ts and arrays [23℄,and we plan to extend our algorithm to in
orporate those.6 Con
lusions and future workWe have presented an algorithm in whi
h PRE and GVN are extended into a newapproa
h that subsumes both, des
ribing it formally as a data
ow problem and
ommenting on a pra
ti
al implementation. This demonstrates that performingPRE as an extension of GVN 
an be done simply from a software engineeringstandpoint, and that it is feasible as a phase of an optimizing 
ompiler. Forfuture work, we plan to produ
e a version that will deliver real performan
egains. Studies have shown that in an environment like Jikes RVM, in order foran instru
tion elimination optimization to make a signi�
ant impa
t, it mustaddress the removal of redundant loads and stores for obje
ts and arrays [23℄.



A

ordingly, work to extend this algorithm for load and store instru
tions usingArray SSA form [19, 16℄ is underway.A
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