1Accurate Static Branch Predictionby Value Range PropagationJason R. C. Patterson(jasonp@fit.qut.edu.au)School of Computing ScienceQueensland University of TechnologyBrisbane, Qld 4001, AustraliaPhone: +61-75-316191This paper appeared in the Proceedings of theACM SIGPLAN ’95 Conference on ProgrammingLanguage Design and Implementation, June 1995,pages 67-78. (La Jolla, San Diego)AbstractThe ability to predict at compile time the likelihood of a particularbranch being taken provides valuable information for severaloptimizations, including global instruction scheduling, codelayout, function inlining, interprocedural register allocation andmany high level optimizations. Previous attempts at static branchprediction have either used simple heuristics, which can be quiteinaccurate, or put the burden onto the programmer by usingexecution profiling data or source code hints.This paper presents a new approach to static branch predictioncalled value range propagation. This method tracks the weightedvalue ranges of variables through a program, much like constantpropagation. These value ranges may be either numeric orsymbolic in nature. Branch prediction is then performed by simplyconsulting the value range of the appropriate variable. Heuristicsare used as a fallback for cases where the value range of thevariable cannot be determined statically. In the process, valuerange propagation subsumes both constant propagation and copypropagation.Experimental results indicate that this approach producessignificantly more accurate predictions than the best existingheuristic techniques. The value range propagation method can beimplemented over any �factored� dataflow representation with astatic single assignment property (such as SSA form or adependence flow graph where the variables have been renamed toachieve single assignment). Experimental results indicate that thetechnique maintains the linear runtime behavior of constantpropagation experienced in practice.1IntroductionThe ability to predict at compile time the probability of aparticular branch being taken provides valuable information forseveral optimizations, including global instruction scheduling,code layout, function inlining, interprocedural register allocationand many high level optimizations. For most of theseoptimizations branch predictions are merely an extra piece ofuseful information, but for global instruction scheduling andinstruction cache optimizations the accuracy of the branchpredictions can make or break the optimization.Unfortunately, it is often difficult to predict which branches willand won�t be taken through a particular program. This is notbecause conditional branches are unpredictable in nature,however. Indeed conditional branches show surprisinglypredictable behavior. Obviously some branches will depend on theparticular input being processed, but in most cases the branchingbehavior of a program is largely independent of its input. It hasbeen observed that most conditional branches take one directionmost of the time, irrespective of the particular input beingprocessed and even the type of program [FisherFreudenberger92].Up to now there have basically been three approaches to obtainingbranch prediction data for use in optimizations:¥heuristics based on nesting and coding styles¥real execution profiling¥source code hints supplied by the programmerMost heuristic approaches try to identify common programmingpractices. They are often based on dubious assumptions and aresometimes no better than random guesses. A simple example isthe 90/50 rule, which predicts that backward branches are taken90% of the time and forward branches 50%. This is obviously fartoo crude to base important decisions on. It is possible to predictloop controlling branches fairly accurately using simple nestingheuristics and loop analysis, but simple heuristics perform verypoorly for the non-loop branches which dominate the dynamicbranch count of many programs [Smith81, Wall91].More sophisticated heuristic approaches base their decisions onthe datatypes and type of comparison used in the branch and thecode in the target basic block [BallLarus93, Wagner+94].Although these approaches are much better than trivial heuristics,their accuracy is still only mediocre. These approaches can also besomewhat hit-and-miss, since programs which use programmingstyles that don�t fit the heuristics result in very poor predictions.Execution profiling is based on instrumenting a program withcode to collect information such as basic block execution counts,which can then be used to determine branch probabilities[McFarlingHennessy86, BallLarus92]. The instrumented versionof the program must be run to collect the profile data, soprogrammer intervention is required. The input used during thesetest runs can have an effect on the resulting profile.

2As you would expect, execution profiling is much more accuratethan heuristics, usually within a few percent of the common caseruntime behavior for most branches [FisherFreudenberger92].However, it is not perfect. Unfortunately researchers often use thesame input for obtaining the profile and measuring theeffectiveness of optimizations based on it. This gives anunrealistically good picture of the situation, since in practice aprogram is optimized based on a small number of profile runs,then run with many different input sets. This different input datacauses the profile to be a less-than-perfect match to the input.Despite this, execution profiling is still easily the most accuratemethod for obtaining branch prediction data.There is, of course, a serious weakness to execution profiling - itis too inconvenient for all but the most performance awareprogrammers to �bother doing�. This is unfortunate, becauseprofiling can help identify higher level performance problems aswell. Sadly it is the case that many programmers don�t evenbother identifying performance critical routines, let alone tuningtheir code for better performance. Another problem withexecution profiling is that it is not practical for some pieces ofcode, such as parts of an operating system kernel.The final method of obtaining branch predictions is throughsource code hints. Approaches based on programmer suppliedhints are both inconvenient and potentially inaccurate. They do,however, provide a way to handle certain difficult situationswhere neither compile time prediction nor execution profiling areadequate. Like the �register� declarations in the C language, suchhints are indicative of a lack of suitable compiler technology morethan anything else.Clearly, it would be nice to be able to predict branching behavioras accurately as execution profiling does, but without requiringany programmer intervention. This paper describes a newapproach to static branch prediction which moves towards thisobjective. The technique is called value range propagation. It usesthe mechanism of constant propagation [WegmanZadeck91] andsome of the ideas from range analysis [Harrison77].Value range propagation extends standard constant propagation totrack the weighted value ranges of variables in a program. Thesevalue ranges may be either numeric or symbolic in nature. Branchpredictions are then made based on these value ranges. In theprocess, value range propagation subsumes both constantpropagation and copy propagation.2Related WorkConstant propagation is a well-understood problem whose goal isto identify expressions that are constant for every possibleexecution of a program and can therefore be evaluated at compiletime rather than runtime [Kildall73]. This is a simple forwarddataflow problem - information about the �constantness� ofexpressions is simply propagated around the control flow graphuntil a fixed point is reached.There is a strong similarity between constant propagation and ourobjective. Instead of finding the expressions which are constant,we want to determine the weighted range of values an expressioncan have during the execution of a program. Branches based onthis variable can then be accurately predicted simply byexamining this weighted value range.The technique outlined in this paper uses the mechanism ofconstant propagation with conditional branches developed byMark Wegman and Ken Zadeck [WegmanZadeck91]. Theirapproach uses the static single assignment (SSA) representation,which was originally developed as a dataflow representationgeared towards propagating values through a program. It thereforeprovides an ideal platform for this kind of analysis. Using SSAform, constant propagation can be performed in essentially lineartime.In SSA form every variable has only one assignment, andtherefore each use has a single definition. In essence, the def-usechains (called SSA edges) become a one-to-many rather than amany-to-many relationship. For a detailed description of the SSArepresentation see [Cytron+91]. The transformation into SSA forminvolves two steps. In the first step special assignment operationscalled ¿-functions are inserted at joins in the program wherealternative versions of a variable meet. These ¿-functions occur atthe entrance to basic blocks, and have the form:a = ¿(b, c, ...)The meaning of this is that if control reaches this block via thefirst in-edge, a is assigned the value of b, if via the second in-edge, a is assigned the value of c, and so on. In the second step thevariables are renamed so that each assignment to a particularvariable has a unique name. This achieves the �static singleassignment� property - each variable now has a single definitionpoint (either in a real assignment or in a ¿-function).Although this paper describes the value range propagationmethod using the SSA form and it�s associated terminology, it canbe implemented using any �factored� dataflow representation witha static single assignment property. In fact, my actualimplementation uses a dependence flow graph [JohnsonPingali93]where the variables have been renamed to achieve singleassignment.3Algorithm Overview3.1ObjectiveThe objective of any branch prediction algorithm is to determinethe likelihood of taking each conditional branch in a program.Most heuristic methods simply mark each branch as either �taken�or �not-taken�. This is useful but not ideal. What we would reallylike to know is the probability of a branch being taken. This iswhat value range propagation produces - the out-edges of eachconditional branch are marked with probabilities ranging from 0(never taken) to 1 (always taken). Using probabilities rather than asimple yes or no answer lets us accurately assess a series ofbranches to determine the degree of speculation involved inmoving a particular instruction (in global instruction scheduling),or the likelihood of executing a particular basic block (for cacheoptimizations).3.2Propagation TerminologyThe heart of the value range propagation method is thepropagation of the weighted range of values each expression canhave around the control flow graph until a fixed point is reached.In formal terms, the objective of any propagation algorithm is to

3determine an output assignment for each variable in a program.These output assignments represent some knowledge about thevalue of each variable, and are normally described in terms of amulti-level lattice of possible values. The highest level in thislattice is top (T), which represents an as yet undetermined value.Below this are the levels which represent some known property ofthe variable. Finally, the lowest level is bottom (^), whichindicates that the variable contains a value that cannot bepredicted at compile time.Propagation algorithms start with the optimistic assignment of Tfor each variable, and proceed by lowering the assignments (interms of the lattice) as more information is gathered about theprogram. Eventually a fixed point is reached and the processterminates. At this point no T assignments will remain, so eachvariable will either have some information assigned to it, or willbe undefined (^). Information is gathered about particularvariables by symbolically executing program statements andapplying the meet operator (˙) at joins in the program (¿-functions). The meet operation must be defined such that theresult is never higher than the operands, otherwise the algorithmmight never terminate.3.3Value Range PropagationIn standard constant propagation there is only one middle level(constant), and the rules for expression evaluation and meetoperations are very simple (Figure 1). If a variable has a constantas its output assignment after propagation, the variable will holdthis constant value for all possible executions of the program.Although this is useful for constant folding and determiningreachable code, this information is of no use for branch prediction.

T^CjCiCkClCmany ˙ T = anyany ˙ ^ = ^Ci ˙ Cj = Ci (if i = j)Ci ˙ Cj = ^ (if i „ j)Figure 1. The standard constant propagation lattice.In order to predict what proportion of the time a branch will betaken, we really need to know what is in the variable that thebranch is based on. Not only do we need to know the values thatmight be in the variable, but also how often each value actuallyoccurs at runtime. Take a moment to consider the code segmentbelow (Figure 2). For fun, work out how often block A isexecuted.for (x=0; x<10; ++x){if (x >7) { y = 1; }else { y = x; }...if (y == 1) { ... Block A ... }...}Figure 2. A simple example.To the human reader it is obvious that block A is executed 30% ofthe time. Subconsciously you probably used the following logic incoming to this decision:¥x is evenly distributed across the values 0-9¥the test x>7 will succeed 20% of the time¥if the test succeeds y will have the value 1¥if the test fails y has a 1-in-8 (12.5%) chance of having thevalue 1¥after the test y has a (0.2*1 + 0.8*0.125) = 30% chance ofhaving the value 1The value range propagation method uses exactly this kind oflogic to determine branch probabilities. As with standard constantpropagation, a simple worklist algorithm is used as the mechanismfor forward dataflow analysis. Two working lists are maintained:the FlowWorkList, which is a worklist of control flow graphedges, and the SSAWorkList, which is a worklist of SSA edges(def-use chains).The major differences between value range propagation andstandard constant propagation are:¥value ranges are propagated rather than constants¥the rules for expression and ¿-function evaluation aresomewhat more complicated¥loop carried expressions are detected and handled specially(so that we don�t actually execute the loops!)¥each control flow graph edge has a probability associatedwith it rather than an is-executed flagThe algorithm proceeds as follows:1Initialize the FlowWorkList to contain the out-edges from thestart node, the SSAWorkList to be empty, all probabilities tobe 0, and all ranges to be T. Mark the out-edges of the startnode with a probability of 1 (ie: 100%).2If both working lists are empty, terminate. Otherwise extractthe next item from one of the lists. Execution can proceed byprocessing items from either list, but experience has shownthat preferring to select from the FlowWorkList tends tocause information to be gathered more quickly and thereforereduces the running time of the algorithm.3If the item is a control flow graph edge, visit the target node.If this node has never been visited before, evaluate everyexpression in the node, otherwise evaluate only the ¿-functions. For each expression, if the new result (valuerange) differs from the old result for that expression (SSAvariable), add the SSA edges starting at that expression to theSSAWorkList.4If the item is a ¿-function, and one or more of the node�s in-edges are back edges (as identified by a depth first traversalfrom the start node), then there is a loop in the SSA edgechain starting at this ¿-function. In other words, this is a loopcarried variable. Attempt to derive its value range. Loopcarried variable derivation is described later in this paper. Ifderivation succeeds, mark the expression as derived (derivedexpressions are not to be re-evaluated). If derivation fails,

4mark it as impossible to derive, so that derivation will not bere-invoked for it.5If the item is a ¿-function which has not been marked asderived, and the probability of executing any of the in-edgesto this node is non-zero, evaluate that ¿-function. Theevaluation of a ¿-function is simply the merging of theappropriate ranges according to the current branchprobabilities for each in-edge1. If the new result differs fromthe old result for that ¿-function, add the SSA edges startingat that ¿-function to the SSAWorkList.6If the item is an expression which has not been marked asderived, and the probability of executing any of the in-edgesto this node is non-zero, evaluate the expression. If the newresult differs from the old result for that expression, add theSSA edges starting at that expression to the SSAWorkList.7If the item is a conditional branch instruction which has notbeen marked as derived, then determine the probability oftaking the branch by examining the relevant variable�s valuerange. If the new probability differs from the old probabilityfor this branch, mark the out-edges with the new probabilitiesand add any changed out-edges to the FlowWorkList.8Goto 2.3.4Range RepresentationChoosing a flexible but efficient representation for the value rangeof a variable is a difficult but critical part of implementing thevalue range propagation algorithm. An ideal representation wouldprovide a space efficient encoding for common cases such assingle values, evenly distributed ranges and arithmetic sequences,whilst simultaneously allowing the flexibility to represent lesscommon ranges such as geometric sequences and unusualsequences such as prime numbers. To make things even morecomplex, many ranges can only be specified relative to others, eg:�x is greater than y+2�. Such symbolic ranges must also behandled efficiently.At one extreme, it is possible to use a completely generalsymbolic representation for range information. This may beappropriate for formal program verification systems, but it wouldbe far too inefficient for practical use in a compiler. Using toosimplistic a representation, on the other hand, yields results notmuch better than constant propagation. Obviously a tradeoffbetween accuracy and efficiency is necessary.From a practical point of view, value range analysis is probably ofmost use in tracking the arithmetic sequences of loop controlvariables, dense ranges, and constants of various types. In themethod described by this paper, the value contained by aparticular variable is represented by a set of weighted rangeswhere the total range is the union of all the individual ranges.Each individual range is defined by:¥a probability¥a lower bound¥an upper bound¥a stride (arithmetic step size)

1The probability of an in-edge from an unconditional branch (or fall through) isthe sum of the probabilities of the in-edges of the first node with equivalentcontrol dependencies to the node which ends with the unconditional branch (ie:the earliest node which dominates it and which it postdominates). In otherwords, the sum of the probabilities of the edges which lead to the node beingexecuted.An even distribution is assumed within each range, so unevendistributions must be represented by multiple ranges. The notationused in this paper to describe a set of ranges is as follows:{ P[L:U:S], ... }In this notation P represents the probability of the particular rangeapplying at runtime, L and U give the lower and upper bounds ofthe range, and S is the stride.In addition to ranges between numeric lower and upper boundswith numeric strides, it is also necessary to handle common casesof symbolic ranges to achieve high levels of accuracy in branchpredictions. This can be achieved by simply allowing each�number� in a range definition to be defined as:SSA Variable operator ConstantFor numeric values the variable component is NULL2, and forpurely symbolic values the constant component is +0. Thisrepresentation allows the simple case of values defined relative toa single variable to be handled (eg: x+2), but not values whichrepresent potentially complex operations between multiplevariables (eg: x+y). As a result, range operations and comparisonsare kept simple. Although this only allows meaningful operationsand comparisons between variables which share a single common�ancestor�, it achieves most of the practical benefits of symbolicanalysis without having to implement a full-blown theorem testerto determine relationships between ranges.As mentioned above, each variable is represented by a set ofranges. In order to eliminate the possibility of a single variable�sset of ranges growing indefinitely, it is necessary to place an upperlimit on the number of ranges used. In other words, a �give-up�point needs to be identified. In practice a relatively small numberof ranges is adequate, normally no more than four for programswith �normal� control flow. Using four ranges per variable allowsus to handle merges from up to two levels of conditionalbranching without losing accuracy.3.5Range OperationsThe method described in this paper propagates information aboutthe value ranges of variables through a program in the same waythat constants are propagated in traditional constant propagation.As a result, it is necessary to extend the expression evaluationmechanism of constant propagation to handle value ranges. Forexample, the optimizer must be able to evaluate expressions suchas:{ 0.7[32:256:1], 0.3[3:21:3] }+{ 0.6[16:100:4], 0.4[8:8:0] }={ 0.42[48:356:1], 0.28[40:264:1]

0.18[19:121:1], 0.12[11:29:3] }Implementing these range operations is relatively straightforward.Efficiency is important here because unlike constant propagation,expressions may need to be re-evaluated many times before afixed point is reached. If expressions become very large, applyinga technique such as Reif and Lewis�s tree representations

2By NULL I mean whatever the null concept for the representation being usedis. In my implementation, for example, it is virtual register 0.

5[ReifLewis77] may be useful to avoid redundant re-computations.Unfortunately this technique implies a significant memoryoverhead, so practical uses are limited to very high-costexpressions.The observant reader might have noticed that the above exampleactually loses information. Consider the calculation of 0.3[3:21:3]+ 0.6[16:100:4]. The result shown above is 0.18[19:121:1],which represents any number from 19 to 121. In reality, however,there is no combination of a number from the range 0.3[3:21:3]and a number from the range 0.6[16:100:4] that will total 20.This indicates a limitation of our range representation - achievingmore accuracy in this example would require either a moresophisticated range representation or a very large number of verysmall ranges. Although this loss of accuracy leads to less accuratebranch predictions, providing additional accuracy would greatlyincrease the running time of the algorithm.Some range operations are problematic for other reasons. Loadoperations, for example, typically result in a range of ^ unlessdetailed alias analysis information is available. As a result,conditional branches based on a value loaded from memory oftencannot be predicted using value range propagation. Instead,heuristics similar to those in [BallLarus93] must be used.Depending on the quality of the alias analysis being performedand the type of program being optimized, this might occuranywhere from 10% to 90% of the time. To determineprobabilities rather than simple �taken� or �not taken� predictionsthe heuristics must be weighted and combined using a techniquesuch as [WuLarus94].3.6Loop Carried ExpressionsThe standard constant propagation algorithm propagates valueswithout explicitly handling loops in the program. For constantpropagation this is acceptable because an expression can only beevaluated twice. For example, a loop control variable is firstassigned the constant of its initial value, then when theincremented version of this value is propagated around from thebottom of the loop the values are different so the variable isassigned ^.If we used this approach for value range propagation, each loopwould �execute� as many times during propagation as it would atruntime, because the value range of the loop control variablewould gradually be expanded until the loop termination testsucceeded. Although this would work correctly, it would makevalue range propagation far too slow for practical use. To avoidthis, it is necessary to explicitly identify loop carried expressionsand determine their value ranges using a different approach.Loop carried SSA variables are those with loops in their SSA edgechain. That is, one or more of the in-edges to a ¿-function is aback edge (as identified by a depth first traversal from the startnode). This is easily identified during value range propagation (itwas step 4 in the algorithm description). Having identified a loopcarried expression, it is desirable to determine its value rangewithout having to �execute� the loop. This can be done byexamining the expression�s derivation [Harrison77].A variable�s derivation is the set of operations performed on thatvariable during the loop. In its most general form, a derivationwould be a set of symbolic equations which specify how thevariable may be computed from its previous value and the valuesof other variables. For practical purposes, however, this would betoo complicated and would gain little over a simpler approach. Inpractice, it is only necessary to identify simple inductivederivations such as loop counters. This can be done by simplyprocessing the operations in the derivation and matching them to atemplate such as:new value = old value + set of possible incrementsassert (new value between specific bounds)The first part of the template matches the loop incrementoperation(s), and the second part matches the termination test(s).This template can then be combined with the initial value of thevariable to produce a final value range.If the set of operations in a derivation cannot be matched to such atemplate, then we can simply allow the propagation algorithm todetermine the value range by �executing� the loop. Thus oneshould view derivation matching as an efficiency optimization.Only the simple derivation processing mentioned above is actuallyessential for reasonable performance, but adding more templatesand more powerful derivation processing reduces the need forbrute force propagation to do the work.3.7Interprocedural AnalysisStandard constant propagation is often considered difficult toextend to interprocedural cases because solving the fully generalcase where constants may be propagated through intermediateprocedures requires symbolic information to be manipulatedrather than simple constants. In contrast, since we are alreadyperforming relatively sophisticated symbolic analysis for intra-procedural value range propagation, it is straightforward toextend our analysis to handle interprocedural cases as well. In facta significant amount of branch prediction accuracy would be lostif we did not handle interprocedural cases, because the branchingbehavior of many procedures depends greatly on the values oftheir parameters.Interprocedural constant propagation is usually described in termsof a set of jump functions associated with each call site[Callahan+86, GroveTorczon93]. These jump functions give thevalues of the actual parameters used in each call of a function, andthe value of each formal parameter is simply found by mergingthe values of the jump functions at the various call sites3. In ourcase, the jump functions map directly to the range representationsfor the parameters in the call, and the propagation algorithmremains the same. In essence, the entire program is treated almostas if it were one huge control flow graph.One particularly important extension of interprocedural valuerange propagation is the judicious use of procedure cloning forcritical procedures [CooperHallKennedy92]. Procedure cloninginvolves duplicating a critical procedure which is not inlined butwhich is called in two (or more) significantly different contexts sothat each copy may be optimized in a different way. Thus thedistinct copies can take advantage of their specific callingcontexts. Since the calling context has a large impact on thebranching behavior, this leads to substantially more accuratepredictions. Many other optimizations may also benefit fromprocedure cloning [MetzgerStroud93].

3Procedure return values are handled similarly, using return jump functions.

63.8Putting It All TogetherAs a summary, consider our earlier example program (Figure 2).The control flow graph in SSA form is shown below completewith SSA edges (Figure 3).

TrueFalseTrueFalseTrueFalse

control flow edgeSSA edge

x3 = assert(x2 <= 7)y1 = x3x0 = 0x1 = ¿(x0, x5)x1 < 10y2 = ¿(y0, y1)x4 = ¿(x2,x3)y2 == 1Block Ax5 = x4+ 1x2 = assert(x1 < 10)x2 > 7y0 = 1Figure 3. Our simple example in SSA form.Notice the assertion along the true edge of the x1 < 10 branch.Valuable information can often be derived from the equality testscontrolling branches, so assertions such as this one are placed inthe graph after conditional branches to assert specific properties ofa variable4.Now consider the application of the value range propagationalgorithm. Initially, all branches are marked with probabilities of 0and all variables are assigned T. The starting edge is marked with100% and selected for processing. This causes the evaluation ofall the expressions in the first block, which includes both theassignment to x0 and the unconditional branch (or fall through).The assignment to x0 yields a range of 1[0:0:0]. Since this is not

4Variables created by assertion are a special case when merged in ¿-functions.The merging of an assertion-derived variable with it�s �parent� variable, or ofall the assertion-derived variables of a common parent, results in the valuerange of the parent variable.the same as T, the SSA edge starting at this expression is added tothe SSAWorkList. The unconditional branch (or fall through) ismarked with a 100% probability, and is added to theFlowWorkList.The out-edge of the first block, or perhaps the SSA edge startingat x0, is selected next, causing the ¿-function assignment to x1 tobe evaluated. One of the in-edges to this ¿-function is a back edge,so we attempt to derive the ¿-function�s value range. In this casederivation will succeed and result in a range of 1[0:10:1]. Againthis is different from T, so the two SSA edges starting at thisexpression are added to the SSAWorkList.The branch on the expression x1 < 10 is evaluated next. Since x1has the range 1[0:10:1], the branch is predicted as 91% taken. As aresult, the true out-edge is marked with a 91% probability and thefalse edge a 9% probability. Since the probabilities of both edgeshave changed, both edges are added to the FlowWorkList.This process continues until the FlowWorkList becomes empty.At this stage the SSAWorkList still has many entries however,and the analysis is far from complete. In fact this typicallyrepresents the point at which each expression has only beenevaluated once. One by one, each SSA edge is now removed fromthe SSAWorkList, and each in turn causes further information tobe propagated around the graph. Although our simple exampleterminates rather quickly, in general new edges may be added toeither or both worklists, and the value ranges and branchprobabilities may be further refined.Eventually these re-evaluations begin to produce the same resultsas the results previously calculated. In these cases no edges areadded to the working lists, so the lists gradually become shorter.The process slowly winds down and the FlowWorkList andSSAWorkList become empty. At this stage a fixed point hasfinally been reached. The final value ranges and branchprobabilities for our simple example are shown in Figure 4.Value Rangesx0{ 1[0:0:0] }x1{ 1[0:10:1] }x2{ 1[0:9:1] }x3{ 1[0:7:1] }x4{ 1[0:9:1] }x5{ 1[1:10:1] }y0{ 1[1:1:0] }y1{ 1[0:7:1] }y2{ 0.8[0:7:1], 0.2[1:1:0] }Branch Probabilitiesx1 < 1091%x2 > 720%y2 == 130%Figure 4. Results for our simple example.4Algorithm EfficiencyStandard constant propagation can only lower (in the lattice sense)a variable twice, first to a constant and then to ^. The asymptotictime complexity of standard constant propagation is thereforeO(E.V). This is a worst case result, suggesting that every variableis defined in every basic block. Both intuition and empirical

7evidence suggest that in practice it is closer to O(E) (ie: linear inthe size of the program).The method proposed in this paper adds a significant amount ofprocessing to that of standard constant propagation. Unlikeconstant propagation, the lattice for value range propagation has aconceptually infinite number of middle levels, and expressionsinside loops may need to be re-evaluated many times before afixed point is reached. The expression evaluation itself is alsomore complex than in constant propagation - up to R2 operationsare performed per expression evaluation, where R is the maximumnumber of ranges used to represent a variable (normally four).In order to guarantee termination, it is necessary to show that eachvariable can only be lowered a finite number of times. Placing anupper bound on the number of value ranges constituting avariable�s representation has exactly this effect, but using this as aproof of termination is somewhat unsettling since it merelyguarantees that any particular loop might only iterate severalmillion times!A more realistic estimate of the algorithm�s efficiency can beprovided by noting three observations:¥Non-loop dependent ranges are only evaluated once.¥Almost all loop dependent ranges are either derived or arecompletely narrowed after a single evaluation because thevariables they depend on are derived.¥Many problematic ranges cannot be represented and quicklybecome ^. For example, using the restricted representationdescribed in this paper even a geometric sequence cannot berepresented. In these cases the propagation algorithm willattempt to enumerate all the values in the range. Due to thefinite nature of the range representation, this leads to eitheran overly broad representation (as was the case in our earlierrange operation example), or ^. In either case no furtherrefinement is possible.Noting the above observations, it is reasonable to expect valuerange propagation to exhibit similar runtime behavior to that ofconstant propagation. This is indeed the case - value rangepropagation is slower than constant propagation, but still linear inthe size of the program. Figures 5 and 6 show the runtimebehavior for a collection of 50 programs including the SPEC92suite, various other benchmarks and numerous UNIX utilities(evaluation sub-operations take essentially constant time).

05 0 0 0 0 1 0 0 0 0 0 1 5 0 0 0 0 2 0 0 0 0 0 2 5 0 0 0 0 3 0 0 0 0 0 02 0 0 0 0 4 0 0 0 0 6 0 0 0 0 8 0 0 0 0 1 0 0 0 0 0 1 2 0 0 0 0 1 4 0 0 0 0 1 6 0 0 0 0 1 8 0 0 0 0 2 0 0 0 0 0 Figure 5. Number of expression evaluationsversus number of instructions.

05 0 0 0 0 1 0 0 0 0 0 1 5 0 0 0 0 2 0 0 0 0 0 2 5 0 0 0 0 3 0 0 0 0 0 3 5 0 0 0 0 4 0 0 0 0 0 4 5 0 0 0 0 5 0 0 0 0 0 02 0 0 0 0 4 0 0 0 0 6 0 0 0 0 8 0 0 0 0 1 0 0 0 0 0 1 2 0 0 0 0 1 4 0 0 0 0 1 6 0 0 0 0 1 8 0 0 0 0 2 0 0 0 0 0 Figure 6. Number of expression evaluation sub-operationsversus number of instructions.5ResultsTo determine the accuracy of the value range propagationapproach for real programs, branch predictions determined usingvalue range propagation were compared to the results ofexecution profiling and also to the results achieved using simpleand complex heuristics (the 90/50 rule and the [BallLarus93]heuristics combined as in [WuLarus94] to produce probabilities).Different inputs were used to collect the execution profiles and the�actual observed behavior�, reflecting the normal use of executionprofiles found in practice. Heuristics similar to those of[BallLarus93] were used in cases where the value rangepropagation algorithm encountered a branch with a variablewhose value range was ^. The SPEC92 benchmarks were used forthe analysis.The resulting branch predictions were analyzed in terms of howfar each branch�s predicted probability deviated from its actualbehavior. This involved determining the difference between thepredicted probability for each branch and the actual probabilityobserved for that branch when the program was given the SPECreference inputs. The analysis was done in both an unweightedcontext, where each branch contributed equally, and in a contextwhere each branch was weighted according to its execution count.This analysis is somewhat more detailed than that of other branchprediction studies, which normally consider only taken or not-taken results. That is, a branch is predicted as taken or not-taken,and if at runtime it is taken (or not-taken) more than half the time,the prediction is considered correct. In our case we are interestedin determining how accurate our predictions are at the finer levelof branch probabilities, not simply branch directions. Since wewill be speculating on the usefulness of scheduling instructionsbased on these predictions, it is important to know exactly howclose to the real behavior our predictions are. Consider, forexample, the decision of whether to speculatively move aninstruction up through two conditional branches. If each branch istaken 60% of the time, our instruction will only be useful 36% ofthe time. If the branches are simply predicted as taken, however,you could be led to believe that the instruction would be usefulmost of the time.Figures 7 and 8 show the weighted and unweighted results for theSPECint92 and SPECfp92 benchmark suites. Each benchmark isweighted equally within its suite. The graphs plot the percentageof branches predicted to within a given error margin.

SPECint92 UnweightedError in Percentage Points (–)

Branches Predicted to within the Given Error (%)0102030405060708090100<1<3<5<7<9<11<13<15<17<19<21<23<25<27<29<31<33<35<37<39

SPECint92 WeightedError in Percentage Points (–)

Branches Predicted to within the Given Error (%)0102030405060708090100<1<3<5<7<9<11<13<15<17<19<21<23<25<27<29<31<33<35<37<39Figure 7. Results for SPECint92 (unweighted & weighted by execution count).

Legend

Execution Profiling

Value Range Propagation

Value Range Propagation(numeric ranges only)

Ball & Larus’s Heuristics90/50 Rule

Random Predictions

SPECfp92 UnweightedError in Percentage Points (–)

Branches Predicted to within the Given Error (%)0102030405060708090100<1<3<5<7<9<11<13<15<17<19<21<23<25<27<29<31<33<35<37<39

SPECfp92 WeightedError in Percentage Points (–)

Branches Predicted to within the Given Error (%)0102030405060708090100<1<3<5<7<9<11<13<15<17<19<21<23<25<27<29<31<33<35<37<39Figure 8. Results for SPECfp92 (unweighted & weighted by execution count).

Legend

Execution Profiling

Value Range Propagation

Value Range Propagation(numeric ranges only)

Ball & Larus’s Heuristics90/50 Rule

Random Predictions

10The error margin plotted is between 0 and 40 percentage points.This range was chosen to accentuate the important part of thegraph (the low error margins). Techniques which cannot predict asubstantial percentage of branches to within –40% are doing verypoorly indeed, so displaying the remaining 40 - 100 error rangewould add little meaning to the graphs.Since the graphs plot the percentage of branches predicted towithin a given error margin, better predictions result in lineswhich move more quickly towards the top of the graph. Forreference, the perfect static predictor would mark each branchwith the same probability as was observed in the trial runs, andwould have a graph with a horizontal line across the top,indicating that 100% of the branches were predicted to within–0% of the observed behavior.As you would expect, execution profiling does extremely well inall cases. It does almost as well as the perfect static predictor fornumeric code (SPECfp92), with an astonishing 92% of branchespredicted to within –1% of their actual behavior! For integer andpointer intensive code the results are slightly worse but still veryimpressive (SPECint92). Interestingly, the weighted integerresults for execution profiling are significantly worse than theunweighted results. This may be because many of the brancheswhich get heavily weighted in SPECint92 are controlled by thesize of the input, and the SPEC feedback collection inputs(input.short) are much shorter than the reference inputs (input.ref).As the figures show, the predictions based on value rangepropagation are quite accurate. Results are shown for the valuerange propagation algorithm both with and without symbolicranges. In both cases they are better than the heuristic methods.Adding symbolic ranges substantially increases the overallaccuracy of the method because many more branches can bepredicted without resorting to heuristics. Whether adding evenmore sophisticated symbolic analysis would result in a significantincrease in accuracy or not is an open question. Unfortunately,even a small increase in the scope of the symbolic rangerepresentation would require a large amount of implementationeffort. Interestingly, the value range propagation method issignificantly more accurate for numeric code than for integer andpointer code. This is largely because numeric code often has avery simple branching structure, with most branches depending onloop control variables. This reduces the number of cases wherebranches are based on variables whose value range is ^, which inturn reduces the amount of time when heuristics are used.As expected, the 90/50 rule does most poorly, particularly in theunweighted case. This is largely due to the inaccuracy of the �50�part of the 90/50 rule. Backward branches are usually taken, so90% is often quite close to the actual behavior of these branches,but forward branches depend greatly on the particular test beingperformed. Most branches take one direction with highprobability, and very few forward branches are a 50/50 split. As aresult, the graph for the 90/50 rule has a sudden increase at aboutthe 50% error mark (not shown in the figures), since all thebranches which the 90/50 rule predicts as 50% taken are suddenlyaccounted for (50% – 50% covers the entire range ofpossibilities!).6ApplicationsOne of the most pleasing features of the approach outlined in thispaper is that for those who already compute the SSA form or asimilar representation, this approach can be added to an optimizeras an extension of constant propagation. So with relatively littleeffort, quite accurate branch predictions are suddenly available.These can then be used in a host of optimizations. The three mainoptimizations which benefit from branch predictions are:Global Instruction SchedulingSuperscalar and VLIW processors issue several instructionsevery cycle. To fully utilize such processors, compilers mustfind several independent instructions to issue for each cycle, orotherwise let the processor sit partially idle. Due to therelatively small size of most basic blocks, it is usuallynecessary to look beyond basic block boundaries and performsome form of global scheduling with speculative execution[BernsteinRodeh91] or trace scheduling [Fisher81, Ellis85].Good branch predictions are of great benefit here since thedegree of speculation involved in moving a particularinstruction can be accurately assessed.Code Layout, Cache Optimizations & InliningOn many modern processors, an instruction cache miss orpipeline flush due to an unexpected change of direction in theinstruction stream will cost several cycles. Even a correctlypredicted branch may cost more than straight line code. As aresult, compilers must pay careful attention to the way they layout their generated code. This usually means placing relatedpieces of code close to each other, inlining simple functioncalls and coding likely paths as straight-line code withbranches to less likely code which is placed out-of-line[McFarling89, PettisHansen90]. The objective here is to reducethe number of branches encountered at runtime and to improvethe I-cache hit rate so that fewer misses occur. This approachcan consistently make an I-cache appear 2 or 3 times as largeas it does under current practice.Interprocedural Register AllocationModern processors typically have large register sets which, ifused well, can dramatically reduce the memory referenceoverhead. Unfortunately, the frequent occurrence of functioncalls in most programs significantly reduces the effectivenessof the register set. Register windows are a hardware solution tothis problem, but interprocedural register allocation whichtakes into account the probabilities of function calls can makemuch better use of a given register set [Wall86, Wall88,Wall91, SteenkisteHennessy89].In addition to the three optimizations mentioned above, severaltraditional high level optimizations can also benefit fromknowledge of frequently executed paths by using tail duplicationto create what are effectively larger basic block structures[ChangMahlkeHwu91]. A similar mechanism can also be used toimprove the accuracy of branch prediction itself [Krall94].Branch probabilities can also be used to control the order ofapplying other optimization phases, as is done in coagulation[Karr84, Morris91]. In this case what we want to know is theexecution frequencies of functions and basic blocks, not the

11probabilities of branches. This information can be obtained byusing a Markov state transition model [Wagner+94], or bypropagating frequencies around the control flow graph until afixed point is reached [WuLarus94]. Optimizations can then beapplied in descending order of execution frequency. This isparticularly effective for optimizations which allocate a limitedresource, such as register allocation, since the most frequentlyexecuted code is processed first and is therefore more likely to getthe resources it needs.In addition to using the branch probabilities calculated from valuerange propagation, the value ranges themselves can also be usedin some simple array access optimizations. Of particular note are:Alias Analysis for Array AccessesUsing value range propagation it is sometimes possible toshow that the ranges of the indices of two array accessescannot overlap. As a result, these two accesses cannot aliaseach other. This analysis is much more limited thansophisticated data dependency analysis techniques such asBanerjee�s Inequalities [Banerjee88]. However it does offer asimple false-dependency breaking mechanism for compilerswhich don�t implement the more sophisticated methods.Elimination of Array Bounds ChecksFor languages which require (or compilers which implement)dynamic array bounds checking, many array bounds checkscan be shown to be redundant by value range propagation. Theelimination of these tests in combination with existing testminimization techniques such as [Gupta93] can greatly reducethe overhead of array bounds checking.Finally, value range propagation itself can be viewed as anoptimization. Viewed in this context, value range propagationsubsumes both constant propagation and copy propagation. If avariable�s final value range is a single constant such as 1[7:7:0],then the variable�s value is constant for all possible executions ofthe program and can therefore be evaluated at compile time.Similarly, a variable x whose value range is the single symbolicrange of another variable such as 1[y:y:0] is simply a copy of y. Assuch, all references to x can be replaced by references to y, and xcan be eliminated. Just as constant and copy propagation identifyunreachable code, so does value range propagation - branches tounreachable code have a probability of 0.7ConclusionThis paper presented a new approach to accurate static branchprediction called value range propagation. The technique tracksthe weighted value ranges of variables through a program, muchlike constant propagation. These value ranges may be eithernumeric or symbolic in nature. Branch prediction is thenperformed by simply consulting the value range of the appropriatevariable. In the process, value range propagation subsumes bothconstant propagation and copy propagation.Both numeric and symbolic ranges must be handled to achievehigh levels of accuracy in branch predictions, and a tradeoffbetween accuracy and efficiency is required. For practicalpurposes a simple range representation capable of handlingarithmetic sequences is sufficient, and a set of four ranges pervariable is adequate for most programs with typical control flow.A representation which handles symbolic ranges defined relativeto a single variable achieves most of the benefits of symbolicanalysis at a reasonable cost in implementation effort. Whethermore sophisticated symbolic analysis would result in moreaccurate predictions or not is an open question.To avoid �executing� loops in the program, loop carriedexpressions must be detected and handled specially. This can bedone by matching a loop carried variable�s derivation to a set oftemplates which identify common looping scenarios. Variableswhose derivations don�t match a template can still be handled byallowing the propagation algorithm to �execute� the loop.Experimental results indicate that the value range propagationapproach gives predictions which are substantially more accuratethan the best current heuristic approaches. Heuristics must still beused in the value range propagation method for branches withvariables whose ranges are impossible to determine statically,such as loads from memory.The value range propagation method can be implemented overany �factored� dataflow representation with a static singleassignment property (such as SSA form or a dependence flowgraph where the variables have been renamed to achieve singleassignment). The method can be implemented as an extension ofstandard constant propagation for those who already compute theSSA form or a similar representation. It maintains the linearruntime behavior of standard constant propagation experienced inpractice.AcknowledgmentsI would like to thank my PhD supervisor, Dr. John Gough, forproviding many helpful comments during this work and forreviewing various drafts of this paper.References[BallLarus92]Thomas Ball and James R. Larus. Optimally Profiling and TracingPrograms. Proceedings of the 19th Annual Symposium on Principlesof Programming Languages, January 1992, pages 59-70.[BallLarus93]Thomas Ball and James R. Larus. Branch Prediction For Free.Proceedings of the SIGPLAN �93 Conference on ProgrammingLanguage Design and Implementation, June 1993, pages 300-313.[Banerjee88]Utpal Banerjee. Dependence Analysis for Supercomputing. KluwerAcademic Publishers, 1988.[BernsteinRodeh91]David Bernstein and Michael Rodeh. Global Instruction Schedulingfor Superscalar Machines. Proceedings of the SIGPLAN �91Conference on Programming Language Design and Implementation,June 1991, pages 241-255.[Callahan+86]David Callahan, Keith D. Cooper, Ken Kennedy and Linda Torczon.Interprocedural Constant Propagation. Proceedings of the SIGPLAN�86 Conference on Compiler Construction, June 1986, pages 152-161.[ChangMahlkeHwu91]Pohua P. Chang, Scott A. Mahlke and Wen-Mei W. Hwu. UsingProfile Information to Assist Classic Code Optimizations. SoftwarePractice and Experience 21(12), December 1991, pages 1301-1321.[CooperHallKennedy92]Keith D. Cooper, Mary W. Hall and Ken Kennedy. ProcedureCloning. IEEE 1992 International Conference on ComputerLanguages, April 1992, pages 96-105.

12[Cytron+91]Ron Cytron, Jeanne Ferrante, Barry K. Rosen, Mark N. Wegman andF. Kenneth Zadeck. Efficiently Computing Static Single AssignmentForm and the Control Dependence Graph. ACM Transactions onProgramming Languages and Systems 13(4), October 1991, pages451-490.[Ellis85]John R. Ellis. Bulldog: A Compiler for VLIW Architectures. PhDThesis, Yale University, February 1985. Also available from MITPress, 1986.[Fisher81]Joseph A. Fisher. Trace Scheduling: A Technique for GlobalMicrocode Compaction. IEEE Transactions on Computers 30(7), July1981, pages 478-490.[FisherFreudenberger92]Joseph A. Fisher and Stefan M. Freudenberger. PredictingConditional Branch Directions From Previous Runs of a Program.Proceedings of the 5th International Conference on ArchitecturalSupport for Programming Languages and Operating Systems, October1992, pages 85-95.[GroveTorczon93]Dan Grove and Linda Torczon. Interprocedural ConstantPropagation: A Study of Jump Function Implementations.Proceedings of the SIGPLAN �93 Conference on ProgrammingLanguage Design and Implementation, June 1993, pages 90-99.[Gupta93]Rajiv Gupta. Optimizing Array Bound Checks Using Flow Analysis.ACM Letters on Programming Languages and Systems 2(1-4),March-December 1993, pages 135-150.[Harrison77]William H. Harrison. Compiler Analysis of the Value Ranges forVariables. IEEE Transactions on Software Engineering 3(3), May1977, pages 243-250.[JohnsonPingali93]Richard Johnson and Kershav Pingali. Dependence-Based ProgramAnalysis. Proceedings of the SIGPLAN �93 Conference onProgramming Language Design and Implementation, June 1993,pages 78-89.[Karr84]Michael Karr. Code Generation by Coagulation. Proceedings of theSIGPLAN �84 Symposium on Compiler Construction, June 1984,pages 1-12.[Kildall73]G. A. Kildall. A Unified Approach to Global Program Optimization.Proceedings of the First Annual Symposium on Principles ofProgramming Languages, October 1973, pages 194-206.[Krall94]Andreas Krall. Improving Semi-Static Branch Prediction by CodeReplication. Proceedings of the SIGPLAN �94 Conference onProgramming Language Design and Implementation, June 1994,pages 97-106.[McFarling89]Scott McFarling. Program Optimization for Instruction Caches.Proceedings of the 3rd International Symposium on ArchitecturalSupport for Programming Languages and Operating Systems, April1989, pages 183-191.[McFarlingHennessy86]Scott McFarling and John L. Hennessy. Reducing the Cost ofBranches. Proceedings of the 13th Annual Symposium on ComputerArchitecture, June 1986, pages 396-403.[MetzgerStroud93]Robert Metzger and Sean Stroud. Interprocedural ConstantPropagation: An Empirical Study. ACM Letters on ProgrammingLanguages and Systems 2(1-4), March-December 1993, pages 213-232.[Morris91]W. G. Morris. CCG: A Prototype Coagulating Code Generator.Proceedings of the SIGPLAN �91 Conference on ProgrammingLanguage Design and Implementation, June 1991, pages 45-58.[PettisHansen90]Karl Pettis and Robert C. Hansen. Profile Guided Code Positioning.Proceedings of the SIGPLAN �90 Conference on ProgrammingLanguage Design and Implementation, June 1990, pages 16-27.[ReifLewis77]John H. Reif and Harry R. Lewis. Symbolic Evaluation and the GlobalValue Graph. Proceedings of the 4th Annual Symposium onPrinciples of Programming Languages, January 1977, pages 104-118.[Smith81]James E. Smith. A Study of Branch Prediction Strategies. Proceedingsof the 8th Annual Symposium on Computer Architecture, May 1981,pages 135-148.[SteenkisteHennessy89]Peter A. Steenkiste and John L. Hennessy. A Simple InterproceduralRegister Allocation Algorithm and Its Effectiveness for LISP. ACMTransactions on Programming Languages and Systems 11(1), January1989, pages 1-32.[Wagner+94]Tim A. Wagner, Vance Maverick, Susan L. Graham and Michael A.Harrison. Accurate Static Estimators for Program Optimization.Proceedings of the SIGPLAN �94 Conference on ProgrammingLanguage Design and Implementation, June 1994, pages 85-96.[Wall86]David W. Wall. Global Register Allocation at Link Time. Proceedingsof the SIGPLAN �86 Symposium on Compiler Construction, June1986, pages 264-275.[Wall88]David W. Wall. Register Windows vs Register Allocation. Proceedingsof the SIGPLAN �88 Conference on Programming Language Designand Implementation, June 1988, pages 67-78.[Wall91]David W. Wall. Predicting Program Behavior Using Real orEstimated Profiles. Proceedings of the SIGPLAN �91 Conference onProgramming Language Design and Implementation, June 1991,pages 59-70.[WegmanZadeck91]Mark N. Wegman and F. Kenneth Zadeck. Constant Propagation withConditional Branches. ACM Transactions on ProgrammingLanguages and Systems 13(2), April 1991, pages 181-210.[WuLarus94]Youfeng Wu and James R. Larus. Static Branch Frequency andProgram Profile Analysis. Proceedings of the 27th InternationalSymposium on Microarchitecture, November 1994, pages 1-11.