
Compiler-Based Prefetching for Recursive Data StructuresChi-Keung Luk and Todd C. MowryDepartment of Computer ScienceDepartment of Electrical and Computer EngineeringUniversity of TorontoToronto, Canada M5S 3G4fluk,tcmg@eecg.toronto.eduAbstractSoftware-controlled data prefetching o�ers the potential forbridging the ever-increasing speed gap between the memorysubsystem and today's high-performance processors. Whileprefetching has enjoyed considerable success in array-based nu-meric codes, its potential in pointer-based applications has re-mained largely unexplored. This paper investigates compiler-based prefetching for pointer-based applications|in particular,those containing recursive data structures. We identify thefundamental problem in prefetching pointer-based data struc-tures and propose a guideline for devising successful prefetchingschemes. Based on this guideline, we design three prefetchingschemes, we automate the most widely applicable scheme (greedyprefetching) in an optimizing research compiler, and we evaluatethe performance of all three schemes on a modern superscalarprocessor similar to the MIPS R10000. Our results demonstratethat compiler-inserted prefetching can signi�cantly improve theexecution speed of pointer-based codes|as much as 45% for theapplications we study. In addition, the more sophisticated algo-rithms (which we currently perform by hand, but which might beimplemented in future compilers) can improve performance by asmuch as twofold. Compared with the only other compiler-basedpointer prefetching scheme in the literature, our algorithms o�ersubstantially better performance by avoiding unnecessary over-head and hiding more latency.1 IntroductionMemory latency is becoming an increasingly important perfor-mance bottleneck as the gap between processor and memoryspeeds continues to grow. While cache hierarchies are an im-portant step toward addressing the latency problem, they arenot a complete solution. To further reduce or tolerate memorylatency, automatic compiler techniques such as locality optimiza-tions [4, 21] and software-controlled prefetching [3, 16] have beenproposed and evaluated in the past. While these techniques haveshown considerable promise, they have been limited in scope toarray-based numeric applications. In this paper, we explore howto expand the compiler's scope to include another important class
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of applications: those containing pointer-based data structures(also known as \recursive" data structures).Recursive Data Structures (RDSs) include familiar objectssuch as linked lists, trees, graphs, etc., where individual nodesare dynamically allocated from the heap, and nodes are linkedtogether through pointers to form the overall structure. Forour purposes, \recursive data structures" can be broadly in-terpreted to include most pointer-linked data structures (e.g.,mutually-recursive data structures, or even a graph of heteroge-neous objects). From a memory performance perspective, thesepointer-based data structures are expected to be an importantconcern for the following reasons. For an application to suf-fer a large memory penalty due to data replacement misses, ittypically must have a large data set relative to the cache size.Aside from multi-dimensional arrays, recursive data structuresare one of the most common and convenient methods of buildinglarge data structures (e.g, B-trees in database applications, oc-trees in graphics applications, etc.). As we traverse a large RDS,we may potentially visit enough intervening nodes to displace agiven node from the cache before it is revisited; hence temporallocality may be poor. Finally, in contrast with arrays, whereconsecutive elements are at contiguous addresses and thereforestride-one accesses can exploit long cache lines, there is little in-herent spatial locality between consecutively-accessed nodes inan RDS since they are dynamically allocated from the heap andcan have arbitrary addresses. Therefore, techniques for copingwith the latency of accessing these pointer-based data structuresare essential.1.1 Coping with Memory Latency for RDSsIdeally, the �rst step toward coping with memory latency wouldbe to reduce latency by restructuring either the computation orthe data to minimize cache misses. Unfortunately, the local-ity optimizations developed for numeric applications (e.g., tiling,loop interchange, etc. [4, 21]) are not applicable to RDSs. Al-though we do explore one optimization which potentially im-proves spatial locality in RDSs (data linearization, as describedlater in Section 2.2.3), a signi�cant number of cache misses stillremain, and therefore techniques for tolerating latency are alsoneeded.Tolerating write latency is not a fundamental problem, sincewe can bu�er and pipeline writes. The real challenge is tolerat-ing read latency, which requires that we decouple the request fordata from the use of that data, while �nding enough useful par-allelism to keep the processor busy in between. The two maintechniques for tolerating read latency are prefetching [2, 3, 15]and multithreading [1, 9, 11, 13]. Prefetching tolerates latencyby anticipating what data is needed and moving it to the cache
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ahead of time. Prefetching can be controlled either by hardwareor software. Hardware-based schemes typically look for patternsin previous accesses to predict future behavior, and software-based schemes rely on either the programmer or the compilerto insert explicit prefetch instructions. In contrast, multithread-ing tolerates latency by switching from one concurrent thread toanother upon a cache miss.Comparing prefetching with multithreading, the advantage ofmultithreading is that unlike prefetching, it does not require theability to predict data addresses ahead of time. Although this isnot an issue in numeric codes (since a�ne array addresses canalways be computed ahead of time), it does present a seriouschallenge when we want to prefetch RDS codes due to the tightcontrol and data dependences (we will discuss this in detail laterin Section 2). Prefetching, however, does o�er some importantadvantages over multithreading. First, prefetching can acceleratea single thread of execution, unlike multithreading which requiresmultiple concurrent threads. This additional concurrency may ormay not exist|particularly in a uniprocessor environment, it isunlikely that the programmer would go through the pain of par-allelizing their application just for the sake of multithreading.Second, multithreading requires a signi�cant amount of hard-ware support to minimize thread switching overhead (e.g., repli-cated register �les). In contrast, software-controlled prefetchingrequires very little hardware support|in fact, most commercialmicroprocessors today already support prefetch instructions.Comparing software vs. hardware-controlled prefetching, a po-tential drawback of a software-based approach is the additionalinstruction overhead necessary to issue prefetches. However, withtoday's superscalar processors, it may be possible to overlapmuch of this overhead with other computation. The software-based approach has the major advantages of requiring less hard-ware support (the hardware already exists), being more 
exible,and (most importantly) being able to exploit application-speci�cknowledge about future access patterns. (It is not clear how ahardware-based scheme could predict the chaotic-seeming accesspatterns that occur when an RDS is traversed.)Up until now, there has been no suitable solution for toler-ating the latency of RDS codes in commercial systems: thereare no commodity microprocessors that support multithread-ing, e�ective hardware-based prefetching schemes have yet to bedemonstrated, and the compiler support for exploiting software-controlled prefetching for RDSs has remained an open question.In this paper, we address this open research question by designingand evaluating compiler-based prefetching schemes which suc-cessfully tolerate the latency of accessing recursive data struc-tures in modern microprocessor-based systems.1.2 An OverviewThis paper is organized as follows. We begin in Section 2by identifying the fundamental problem that makes prefetchingRDSs di�cult, and proposing a guideline for devising successfulprefetching schemes. Based on this guideline, we design threedi�erent prefetching algorithms. In Section 3, we describe howthe most widely applicable of these schemes (greedy prefetch-ing) has been implemented in an optimizing research compiler(SUIF). Section 4 describes our experimental framework, andSection 5 presents our experimental results where we evaluateall three prefetching algorithms on the Olden benchmark suitethrough detailed simulations of a MIPS R10000-like processor.Section 6 discusses related work, including a quantitative com-parison between our schemes and the only other compiler-basedpointer prefetching scheme proposed in the literature. Section 7describes future work to improve our algorithms, and �nally, weconclude in Section 8.

2 Software-Controlled Prefetching forRDSsIn this section we discuss the major issues and challenges in-volved in software-controlled prefetching for RDSs, we presentguidelines for overcoming these challenges, and we describe threeprefetching algorithms based on these guidelines.2.1 Challenges in Prefetching RDSsAny software-controlled prefetching scheme can be viewed as hav-ing two major phases. First, an analysis phase predicts which dy-namic memory references are likely to su�er caches misses, andhence should be prefetched. Second, a scheduling phase attemptsto insert prefetches su�ciently far in advance such that latency ise�ectively hidden, while introducing minimal runtime overhead.For array-based applications, the compiler can use locality anal-ysis to predict which dynamic references to prefetch, and loopsplitting and software pipelining to schedule prefetches [15].A fundamental di�erence between array references and pointerdereferences is the way addresses are generated. The address ofan array reference A[i] can always be computed once a value ofi is chosen. In contrast, the address of a pointer dereference �pis unknown unless the value stored in p is read. This di�erencemakes both the analysis and scheduling phases signi�cantly morechallenging for RDSs than for arrays.
(a) Example Codefor (i=1; i<=n; i++) flistNode *p = listHead[i];while(p) fwork(p!data);p = p!next;gg
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a common tailFigure 1: Example of list traversals, both with and without tem-poral data locality.2.1.1 AnalysisTo illustrate the di�culty of analyzing data locality in RDSs,consider the code in Figure 1(a), where we are traversing n dif-ferent linked lists. In one extreme, the nodes may be entirelydisjoint (as illustrated in Figure 1(b)), in which case we wouldwant to prefetch every list node. Another possibility might bethat each list shares a long common \tail" starting with the sec-ond list node (as illustrated in Figure 1(c)). In this latter case,there would be signi�cant temporal locality (assuming the cacheis large enough to contain the common tail), and ideally we wouldonly want to prefetch the nodes in the common tail during the�rst list traversal (i.e. when i=1). Unfortunately, despite thesigni�cant progress that has been made recently in pointer anal-ysis techniques for heap-allocated objects [6, 8, 10], compilers arestill not sophisticated enough to di�erentiate these two cases au-tomatically. In general, analyzing the addresses of heap-allocatedobjects is a very di�cult problem for the compiler.
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(b) Prefetching 3 Nodes Ahead (c) Prefetching 1 Node Aheadwhile (p) fprefetch(p!next!next!next);work(p!data);p = p!next;g while (p) fprefetch(p!next);work(p!data);p = p!next;gFigure 2: Illustration of the pointer-chasing problem.2.1.2 SchedulingOur ability to schedule prefetches for an RDS is also constrainedby the fact that nodes are linked together through pointers. Forexample, consider the case shown in Figure 2(a), where assumingthat three nodes worth of computation is needed to hide thelatency, we would like to initiate a prefetch for node ni+3 whilewe are visiting node ni. The problem is that to compute theaddress of node ni+3, we must �rst dereference a pointer in nodeni+2, and to do that, we must �rst dereference a pointer in nodeni+1, etc. As a result, one cannot prefetch (or fetch) a futurenode until all nodes between it and the current node have beenfetched. However, the very act of touching these intermediatenodes means that we cannot tolerate the latency of fetching morethan one node ahead. For example, the prefetching code shownin Figure 2(b) will not hide any more latency than the code inFigure 2(c).1 In fact, the code in Figure 2(c) is likely to run fastersince it has less instruction overhead. This example illustrateswhat we refer to as the pointer-chasing problem.Since scheduling RDS prefetches is such a di�cult problem, wemake it the primary focus of this paper. Improvements in anal-ysis tend to reduce prefetching overhead by eliminating unnec-essary prefetches. However, without su�cient scheduling tech-niques, there will be no upside to prefetching and hence reducingoverhead will be irrelevant. Fortunately, as we discuss in thenext subsection, there are techniques for scheduling prefetchesthat avoid the pointer-chasing problem.2.2 Overcoming the Pointer-Chasing Prob-lemLet us formalize the pointer-chasing problem as follows. At agiven RDS node ni with address Ai, we wish to prefetch thenode ni+d that will be visited d nodes after ni. We choose d (theprefetching distance) to be just large enough to hide the cachemiss latency: d = d LW e, where L is the expected miss latencyand W is the estimated amount of computation between nodeaccesses in cycles. To prefetch ni+d, we must compute its addressAi+d based on the information available at ni. The relationshipbetween Ai and Ai+d can be expressed as:Ai+d = F(d; Ai)where F is an address generating function.A key factor in whether prefetch scheduling is e�ective is thenumber of pointer-chain dereferences required within the RDSto evaluate F(d; Ai), which we denote as kFk. To overcome the1Assuming that nodes are not larger than cache lines; if they are, thenprefetching further ahead can potentially result in a pipelining bene�t.

pointer-chasing problem, we would like kFk to be as small aspossible. If F is implemented by following the pointer chainfrom ni to ni+d, then kFk = d. Instead, we will consider thecases where kFk = 1 and kFk = 0 (other values of kFk arepossible, but do not appear to be interesting).The case where kFk = 1 means that only one pointer deref-erence is needed within the RDS to compute Ai+d at node ni.This implies that ni needs a direct pointer to ni+d|we call thispointer a jump-pointer. Jump-pointers can occur either naturallyor arti�cially with respect to the RDS: a natural jump-pointer isa pointer that already exists in ni, whereas an arti�cial jump-pointer is added to ni for the purpose of prefetching. Withnatural jump-pointers, we are using one of the pointers at nito approximate Ai+d. The advantage is that no extra storageor computation is needed to create a natural jump-pointer, butunfortunately the e�ectiveness of prefetching may be limited bythe accuracy of this approximation. In contrast, we require ad-ditional storage and computation to add arti�cial jump-pointersto an RDS, but hopefully these pointers will yield Ai+d more pre-cisely (particularly if the structure of the RDS does not changerapidly between times when the arti�cial jump-pointers are set).The case where kFk = 0 means that no pointer dereferencesare required to compute Ai+d at ni. This is obviously a goodcase, but how can one compute the address of a heap-allocatedobject (which normally can reside at an arbitrary address) with-out dereferencing any pointers? The answer is that we must havespecial knowledge of an RDS's layout in memory such that Ai+dcan be directly implied from Ai and d.2 There are many ways toaccomplish this. For example, one could map a tree into an arraystructure such that there was a one-to-one mapping between thetree position and an array index. We will discuss the details ofthe approach we take later in Section 2.2.3.In the remainder of this section, we propose three prefetch-ing schemes with various kFk which avoid the pointer-chasingproblem: greedy prefetching corresponds to kFk = 1 using nat-ural jump-pointers; history-pointer prefetching corresponds tokFk = 1 using arti�cial jump-pointers; and data-linearizationprefetching is a case where kFk = 0.2.2.1 Greedy PrefetchingIn a k-ary RDS, each node contains k pointers to other nodes.Greedy prefetching exploits the fact that when k > 1, only oneof these k pointers can be immediately followed by control 
owas the next node in the traversal. Hence the remaining k � 1pointers serve as natural jump-pointers, and can be prefetchedimmediately upon �rst visiting a node. Although none of thesejump-pointers may actually point to ni+d, hopefully each of thempoints to ni+d0 for some d0 > 0. If d0 < d, then the latency maybe partially hidden; if d0 � d, then we expect the latency to befully hidden, provided that the node is not displaced from thecache before it is referenced (which may occur if d0 � d).To illustrate how greedy prefetching works, consider the pre-order traversal of a binary tree (i.e. k = 2), where Figure 3(a)shows the code with greedy prefetching added. Assuming thatthe computation in process() takes half as long as the cachemiss latency, we would want to prefetch two nodes ahead (i.e.d = 2) to fully hide the latency. Figure 3(b) shows the cachingbehavior of each node. We obviously su�er a full cache miss atthe root node (node 1), since there was no opportunity to fetchit ahead of time. However, we would only su�er half of the misspenalty (L2 ) when we visit node 2, and no miss penalty whenwe eventually visit node 3 (since the time to visit the subtree2We may also need to take other information into account, such as thetraversal order, but nothing can involve dereferencing a pointer within ni.
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(a) Code with Greedy Prefetching (b) Cache Miss Behaviorpreorder(treeNode * t) fif (t != NULL) fprefetch(t!left);prefetch(t!right);process(t!data);preorder(t!left);preorder(t!right);gg
2

4 5

3

76

8 1311 15141210

1

partial latency cache miss

9

cache hitcache missFigure 3: Illustration of greedy prefetching.rooted at node 2 is greater than L). In this example, the latencyis fully hidden for roughly half of the nodes, and reduced by50% for the other half (minus the root node). If we generalizethis example to a k-ary tree, we would expect the fraction ofnodes where latency is fully hidden to be roughly k�1k (assumingthat prefetched nodes are generally not displaced from the cachebefore they are referenced). Hence a larger value of k is likelyto improve the performance of greedy prefetching, since morenatural jump-pointers are available.Greedy prefetching o�ers the following advantages: (i) it haslow runtime overhead, since no additional storage or computa-tion is needed to construct the natural jump-pointers; (ii) it isapplicable to a wide variety of RDSs, regardless of how they areaccessed or whether their structure is modi�ed frequently; and(iii) it is relatively straightforward to implement in a compiler (infact, we have implemented it in the SUIF compiler, as we describelater in Section 3). The main disadvantage of greedy prefetch-ing is that it does not o�er precise control over the prefetchingdistance, which is the motivation for our next algorithm.2.2.2 History-Pointer PrefetchingRather than relying on natural jump-pointers to approximateAi+d, we can potentially synthesize more accurate jump-pointersbased on the actual RDS traversal patterns, while still achievingkFk = 1. The idea behind the history-pointer prefetching schemeis that we create a new jump-pointer (called a history-pointer)in ni which contains the observed value of Ai+d during a recenttraversal of the RDS. (Note that we could potentially store multi-ple arti�cial jump-pointers in ni to account for multiple traversalorderings.) On subsequent traversals of the RDS, we prefetch thenodes pointed to by these history-pointers. This scheme is moste�ective when the traversal pattern does not change rapidly overtime, in which case the history-pointer in ni is likely to pointto either ni+d or else hopefully a node that will be visited soon.On the other hand, if the structure of the RDS changes radicallybetween traversals, the history-pointers might not be e�ective.To construct the history-pointers, we maintain a FIFO queueof length d which contains pointers to the last d nodes that havejust been visited. When we visit a new node ni, the oldest node inthe queue will be ni�d (i.e. the node visited d nodes earlier), andhence we update the history-pointer of ni�d to point to ni. Afterthe �rst complete traversal of the RDS, all of the history-pointerswill be set. Figure 4 illustrates a snapshot of this bookkeepingprocess for the tree shown earlier in Figure 3. Assuming thatd = 3 and that we have just reached node 6, we would now updatethe history-pointer of the oldest node in the 3-entry queue (node10) to point to node 6.Comparing the performance of this scheme with greedyprefetching, history-pointer prefetching o�ers no improvementon the �rst traversal of an RDS, since the history-pointers haveyet to be set (greedy prefetching would hide some fraction of
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History PointerFigure 4: Example showing the update of history-pointersthe latency).3 However, on subsequent traversals of the RDS,history-pointer prefetching will hide nearly all of the latency,whereas greedy prefetching will continue to hide only a fractionof the latency.While history-pointer prefetching o�ers the potential advan-tage of improved latency tolerance, this comes at the expenseof two additional forms of overhead: (i) execution overhead toconstruct the history-pointers, and (ii) space overhead for stor-ing these new pointers. To minimize execution overhead, wecan potentially update the history-pointers less frequently, de-pending on how rapidly the structure of the RDS changes. Inone extreme, if the RDS never changes, we only need to set thehistory-pointers once. The problem with space overhead is thatit potentially worsens the caching behavior. The desire to elimi-nate this space overhead altogether is the motivation for our nextprefetching scheme.2.2.3 Data-Linearization PrefetchingThe goal of data-linearization prefetching is to achieve an F suchthat Ai+d can be predicted precisely, but without requiring anypointer dereferences (i.e. kFk = 0). Another advantage of thisscheme is that it improves spatial locality. The basic idea is tomap heap-allocated nodes that are likely to be accessed closetogether in time into contiguous memory locations. With thismapping, one can easily predict Ai+d and hence prefetch it earlyenough.Recall that the address of an array element x[i + d] can becomputed relative to x[i] as follows (using C-like syntax):&x[i + d] = &x[i] + d� sizeof(x[0]) (1)Therefore, if we can map the RDS onto an array x of nodes suchthat Ai = &x[i], no pointer dereference is needed to computeAi+d|we simply need two arithmetic operations per prefetch ad-dress.The question is how and when can this mapping (which wecall data linearization) be performed? In theory, one could dy-namically remap the data even after the RDS has been initiallyconstructed, but doing so may result in large runtime overheadsand may also violate program semantics.4 Instead, the best timeto map the nodes is at creation time, which is appropriate if ei-ther the creation order already matches the traversal order, orif it can be safely reordered to do so. Since dynamic remappingis expensive (or impossible), this scheme obviously works bestif the structure of the RDS changes only slowly (or not at all).3Hence we may want to use greedy prefetching for the �rst traversal ofan RDS when the history-pointers are being initialized.4All pointers to these objects would also need to be updated, and under-standing pointer aliasing for heap-allocated objects is quite di�cult for thecompiler.
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PrefetchFigure 5: Illustration of data-linearization prefetchingIf the RDS does change radically, the program will still behavecorrectly, but prefetching will not improve performance.Figure 5 illustrates how data-linearization prefetching worksfor the tree shown earlier in Figures 3 and 4. The orderingof nodes in the array corresponds to the pre-order traversal or-der. To prefetch d nodes ahead, one simply uses equation (1)to compute Ai+d. In addition, if a single cache line can holdm > 1 nodes, we can exploit this spatial locality by only issuinga prefetch once every m nodes. If we are traversing the RDSinside a loop, we can accomplish this by unrolling the loop bya factor of m (similar to what is done in array-based prefetch-ing [15]). For a traversal through recursion, one could potentiallykeep track of the number of nodes visited between prefetches, butthe overhead of doing so may be comparable to simply issuinga prefetch for every node. The arrows in Figure 5 indicate thedesired prefetches when d = 3 and m = 3.2.3 SummaryThe nature of recursive data structures makes both the analysisand scheduling of prefetches quite challenging. Before attempt-ing to minimize prefetching overhead through improved analysis,we must �rst maximize the latency-hiding gain through e�ec-tive prefetch scheduling techniques. The fundamental problemin scheduling prefetches for RDSs is the pointer-chasing problem,which we formalize as the number of pointer-chain dereferencesrequired to compute a prefetch address (kFk). Based on our de-sire to minimize kFk, we have identi�ed three promising prefetch-ing schemes: greedy prefetching (kFk = 1 with natural jump-pointers), history-pointer prefetching (kFk = 1 with arti�cialjump-pointers), and data-linearization prefetching (kFk = 0).Of these three schemes, greedy prefetching is perhaps the mostwidely applicable since it does not rely on traversal history infor-mation, and it requires no additional storage or computation toconstruct prefetch addresses. For these reasons, we have imple-mented a version of greedy prefetching as an automatic compilerpass, and we will simulate the other two algorithms by hand tocompare their performance with greedy prefetching. In the nextsection, we describe the implementation details of our greedyprefetching compiler pass.3 Implementation of GreedyPrefetchingOur implementation of greedy prefetching within the SUIF com-piler [20] consists of an analysis phase to recognize RDS accesses,and a scheduling phase to insert prefetches.3.1 Analysis: Recognizing RDS AccessesTo recognize RDS accesses, the compiler uses both type declara-tion information to recognize which data objects are RDSs, andcontrol structure information to recognize when these objects arebeing traversed. An RDS type is a record type r containingat least one pointer that points either directly or indirectly toa record type s. (Note that r and s are not restricted to be

struct T fint data;struct T *left;struct T *right;g struct A fint i;struct B **kids[8];g struct C fint j;double f;g(a) RDS type (b) RDS type (c) Not RDS typeFigure 6: Examples of whether type declarations are recognizedas being RDS types.the same type, since RDSs may be comprised of heterogeneousnodes.) For example, the type declarations in Figure 6(a) andFigure 6(b) would be recognized as RDS types, whereas Fig-ure 6(c) would not.5After discovering data structures with the appropriate types,the compiler then looks for control structures that are used totraverse the RDSs. In particular, the compiler looks for loops orrecursive procedure calls such that during each new loop iterationor procedure invocation, a pointer p to an RDS is assigned a valueresulting from a dereference of p|we refer to this as a recurrentpointer update. This heuristic corresponds to how RDS codesare typically written. To detect recurrent pointer updates, thecompiler propagates pointer values using a simpli�ed (but lessprecise) version of earlier pointer analysis algorithms [7, 12].(a) while (l) flistNode *m;...m = l!next;l = m!next;...g
(b) for (...) flistNode *n;...n = g(n);...g(c) f(treeNode *t) f...f(t!left);f(t!right);...g
(d) k(treeNode tn) f...k(*(tn.left));k(*(tn.right));...gFigure 7: Examples of recognizable control structures for RDStraversals.Figure 7 shows some example program fragments that our com-piler treats as RDS accesses. In Figure 7(a), l is updated tol!next!next inside the while-loop. In Figure 7(b), n is as-signed the result of the function call g(n) inside the for-loop.(Since our implementation does not perform interproceduralanalysis, it assumes that g(n) results in a value n!...!next.)In Figure 7(c), two dereferences of the function argument t arepassed as the parameters to two recursive calls. Figure 7(d)is similar to Figure 7(c), except that a record (rather than apointer) is passed as the function argument.Ideally, the next step would be to analyze data locality acrossRDS nodes|e.g., to distinguish the two cases shown in Fig-ure 1|to eliminate any unnecessary prefetches. Although wehave not automated this step in our compiler, we will evaluateits potential bene�t later in Section 5.3.3.2 Scheduling PrefetchesOnce RDS accesses have been recognized, the compiler insertsgreedy prefetches as follows. At the point where an RDS object5The compiler may fail to recognize cases with explicit type casting|e.g.,casting j to be of type (struct C*) in Figure 6(c)|but such cases do notappear to be common.
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Table 1: Benchmark characteristics.Benchmark Description Recursive Data Structures Used Input Data Set Node Memory AllocatedBH Barnes-Hut's N-body force-calculation Heterogenous octree 4K bodies 4128 x 136 B = 548 KBalgorithm + 2021 x 88 B = 173 KBBisort Sorts two disjoint bitonic sequences and Binary tree 250,000 integers 131,017 x 12 B = 1535 KBthen merges themEM3D Simulates the propagation of electromagnetic Singly-linked lists 2000 H-nodes, 100 4000 x 28 B = 109 KBwaves in a 3D object E-nodes, 75% local + 400,000 x 4 B = 1562 KBHealth Simulation of the Columbian health care Four-way tree and doubly-linked max. level = 5, 341 x 100 B = 33 KBsystem lists max. time = 500 + 57,111 x 16 B = 892 KBMST Finds the minimum spanning tree of a graph Array of singly-linked lists 512 nodes 512 x 20 B = 10 KBPerimeter Computes perimeters of regions in images A quadtree 4K x 4K image 235,717 x 28 B = 6445 KBPower Solves the power system optimization Multi-way tree and singly-linked 10,000 customers 200 x 56 B = 11 KBproblem lists + 1000 x 96 B = 94 KB+ 10,000 x 32 B = 313 KBTreeAdd Sums the values distributed on a tree Binary tree 1024K nodes 1,048,576 x 12 B = 12,288 KBTSP Traveling salesman problem Binary tree and doubly-linked lists 100,000 cities 131,071 x 40 B = 5120 KBVoronoi Computes the voronoi diagram of a set of Binary tree 20,000 points 633,032 x 16 B = 9891 KBpoints + 32,768 x 32 B = 1024 KB
while (l) fwork(l!data);l = l!next;g =) while (l) fprefetch(l!next);work(l!data);l = l!next;g(a) Loopf(treeNode *t) ftreeNode *q;if (test(t!data))q = t!left;else q = t!right;if (q != NULL)f(q);g

=) f(treeNode *t) ftreeNode *q;prefetch(t!left);prefetch(t!right);if (test(t!data))q = t!left;else q = t!right;if (q != NULL)f(q);g(b) ProcedureFigure 8: Examples of greedy prefetch scheduling.is being traversed (i.e. where the recurrent pointer update oc-curs), the compiler inserts prefetches of all pointers within thisobject that point to RDS-type objects (these are the naturaljump-pointers6) at the earliest points where these addresses areavailable within the surrounding loop or procedure body. Theavailability of prefetch addresses is computed by propagating theearliest generation points of pointer values along with the val-ues themselves. Two examples of greedy prefetch scheduling areshown in Figure 8.4 Experimental FrameworkTo evaluate the performance of our three prefetching schemes,we performed detailed cycle-by-cycle simulations of the entireOlden benchmark suite [17] on a dynamically-scheduled, super-scalar processor similar to the MIPS R10000. The Olden bench-mark suite contains ten pointer-based applications written in C,which are brie
y summarized in Table 1. The rightmost columnin Table 1 shows the number and size of each node type that was6Note that we do not prefetch all pointers within an RDS object|onlythe ones that point to other RDS nodes (potentially of di�erent types thanthe given object).

Table 2: Simulation parameters.Pipeline ParametersIssue Width 4Functional Units 2 Int, 2 FP, 2 Memory, 1 BranchReorder Bu�er Size 32Integer Multiply 12 cyclesInteger Divide 76 cyclesAll Other Integer 1 cycleFP Divide 15 cyclesFP Square Root 20 cyclesAll Other FP 2 cyclesBranch Prediction Scheme 2-bit CountersMemory ParametersPrimary Instr and Data Caches 16KB, 2-way set-associativeUni�ed Secondary Cache 512KB, 2-way set-associativeLine Size 32BPrimary-to-Secondary Miss 12 cyclesPrimary-to-Memory Miss 75 cyclesData Cache Miss Handlers 8Data Cache Banks 2Data Cache Fill Time 4 cycles(Requires Exclusive Access)Main Memory Bandwidth 1 access per 20 cyclesdynamically allocated.Our simulation model varies slightly from the actual MIPSR10000 (e.g., we model two memory units, and we assume thatall functional units are fully-pipelined), but we do model therich details of the processor including the pipeline, register re-naming, the reorder bu�er, branch prediction, instruction fetch-ing, branching penalties, the memory hierarchy (including con-tention), etc. The parameters of our model are shown in Table 2.We use pixie [18] to instrument the optimized MIPS object �lesproduced by the compiler, and pipe the resulting trace into oursimulator.To minimize the impact of store stalls during the initializationof dynamically-allocated objects, we use our own memory allo-cator for these experiments which is similar to mallopt providedin the Irix C library [19], but also contains built-in prefetchingto avoid such store misses. This optimization alone led to dra-matic improvements (greater than two-fold speedups) over us-ing malloc for the majority of the applications|particularly theones that frequently allocate small objects.
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Figure 9: Performance of compiler-inserted greedy prefetching (N = no prefetching, G = greedy prefetching).
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bh bisort em3d health mst perimeter power treeadd tsp voronoi(a) Coverage Factor (b) Unnecessary PrefetchesFigure 10: Additional performance metrics for evaluating greedy prefetching.5 Experimental ResultsWe now present results from our simulation studies. We start byevaluating the performance of compiler-inserted greedy prefetch-ing, and then compare this with hand-inserted versions of history-pointer prefetching and data-linearization prefetching. Next, weevaluate the potential performance gains from better analysis toreduce unnecessary prefetches. Finally, we explore the perfor-mance impact of architectural support.5.1 Performance of Compiler-InsertedGreedy PrefetchingThe results of our �rst set of experiments are shown in Figures 9and 10. Figure 9 shows the overall performance improvemento�ered by greedy prefetching, where the two bars correspond tothe cases without prefetching (N) and with greedy prefetching(G). These bars represent execution time normalized to the casewithout prefetching, and they are broken down into four cate-gories explaining what happened during all potential graduationslots.7 The bottom section (busy) is the number of slots wheninstructions actually graduate, the top two sections are any non-graduating slots that are immediately caused by the oldest in-struction su�ering either a load or store miss,8 and the inst stallsection is all other slots where instructions do not graduate. Notethat the load stall and store stall sections are only a �rst-orderapproximation of the performance loss due to cache stalls, sincethese delays also exacerbate subsequent data dependence stalls.7The number of graduation slots is the issue width (4 in this case) mul-tiplied by the number of cycles. We focus on graduation rather than issueslots to avoid counting speculative operations that are squashed.8Store misses only stall the processor when the 32-entry memory issuebu�er is full.

As we see in Figure 9, half of the applications enjoy a speedupranging from 4% to 45% (the other half are within 2% of theiroriginal performance). For the applications with the largestmemory stall penalties (i.e. health, perimeter, and treeadd),much of this stall time has been eliminated. In the cases ofbisort and mst, prefetching overhead more than o�set the re-duction in memory stalls (thus resulting in a slight performancedegradation), but this was not a problem in the other eight ap-plications. (Later, in Section 5.3, we will explore how to furtherreduce this overhead.)To understand the performance results in greater depth, Fig-ure 10 presents two additional performance metrics. Figure 10(a)breaks down the original primary cache misses into three cate-gories: (i) those that are prefetched and subsequently hit in theprimary cache (pf hit), (ii) those that are prefetched but remainprimary misses (pf miss), and (iii) those that are not prefetched(nopf miss). The sum of the pf hit and pf miss cases is alsoknown as the coverage factor, which ideally should be 100%. Forem3d, power, and voronoi, the coverage factor is quite low (un-der 20%) because most of their misses are caused by array orscalar references|hence prefetching RDSs yields little improve-ment. In all other cases, the coverage factor is above 60%, and infour cases we achieve nearly perfect coverage. If the pf miss cat-egory is large, this indicates that prefetches were not schedulede�ectively|either they were issued too late to hide the latency,or else they were too early and the prefetched data was displacedfrom the cache before it could be referenced. This category ismost prominent in mst, where the compiler is unable to prefetchearly enough during the traversal of very short linked lists withina hash table. Since the natural jump-pointers in greedy prefetch-ing o�er little control over prefetching distance, it is not surpris-ing that scheduling is imperfect|in fact, it is encouraging thatthe pf miss fractions are this low. Later, in Section 5.2, we will
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bh bisort em3d health mst perimeter power treeadd tsp voronoiFigure 11: Increase in total memory tra�c due to greedyprefetching. Numbers below the bars indicate the memory uti-lization with greedy prefetching.explore techniques for improving prefetch scheduling.To help evaluate the costs of prefetching, Figure 10(b) showsthe fraction of dynamic prefetches that are unnecessary becausethe data is found in the primary cache. For each application,we show four di�erent bars indicating the total (dynamic) un-necessary prefetches caused by static prefetch instructions withhit rates up to a given threshold. Hence the bar labeled \100"corresponds to all unnecessary prefetches, whereas the bar la-beled \99" shows the total unnecessary prefetches if we excludeprefetch instructions with hit rates over 99%, etc. This break-down indicates the potential for reducing overhead by eliminatingstatic prefetch instructions that are clearly of little value. For ex-ample, eliminating prefetches with hit rates over 99% would elim-inate over half of the unnecessary prefetches in perimeter, thusdecreasing overhead signi�cantly. In contrast, reducing overheadwith a 
at distribution (e.g., bh) is more di�cult since prefetchesthat sometimes hit also miss at least 10% of the time (therefore,eliminating them may sacri�ce some latency-hiding bene�t). Wewill quantify the bene�t of eliminating unnecessary prefetcheslater in Section 5.3.To further evaluate the costs of greedy prefetching, Figure 11shows its impact on memory bandwidth. Ideally, prefetchingwill not increase memory tra�c, since the original memory refer-ences will simply be converted into prefetches. (In fact, previousstudies have demonstrated that prefetching can actually reducethe memory tra�c in a shared-memory multiprocessor throughexclusive-mode hints [15].) However, since the natural jump-pointers used by greedy prefetching may point to nodes that willnot be accessed in the near future (or perhaps not at all), greedyprefetching can potentially increase the memory bandwidth de-mands through useless prefetches. As we see in Figure 11, greedyprefetching has increased memory tra�c by less than 12% for allbut one application (in one case|perimeter|the tra�c actu-ally decreased slightly due to fortuitous cache replacement behav-ior in the set-associative caches). In the case of bisort, wherewe do see a noticeable increase of 56%, the total memory utiliza-tion still remains so low with greedy prefetching (2%) that thereis no impact on performance. Hence greedy prefetching does notappear to be su�ering from memory bandwidth problems.Although space constraints prevent a detailed discussion ofeach application, we brie
y summarize some of the highlights(code fragments are shown in Figure 12).bh: Nodes of an octree are traversed in bh walk(), and 70%of load stalls occur in bh test() and bh work() (see Fig-ure 12(a)). The compiler immediately prefetches all eightchildren of the current node t before bh test() is called.Although 59% of prefetches are unnecessary, the overheadremains low and there is a 4% speedup.

(a) bhbh walk(..., node*t, ...) fprefetch(t!children[0]);prefetch(t!children[1]);prefetch(t!children[2]);prefetch(t!children[3]);prefetch(t!children[4]);prefetch(t!children[5]);prefetch(t!children[6]);prefetch(t!children[7]);if (bh test(p)) ffor (k=0; k<8; k++)fr = t!children[k];if (r)bh walk(..., r, ...);gg else bh work(..., t, ...);g
(c) healthvoid waiting(Village *village, List *list)while (list != NULL) fprefetch(list!forward);i = village!hosp.free personnel;p = list!patient;if (i > 0) ft = village!hosp.free personnel;village!hosp.free personnel = t-1;p!time left = 3;p!time = t + 3;l = &(village!hosp.waiting);removeList(l, p);l = &(village!hosp.assess);addList(l, p);g else ft = p!time;p!time = t + 1;glist = list!forward;gg

(b) bisortint Bimerge(root,spr val,dir)rv = root!value;pl = root!left; pr = root!right;...while ((pl != NIL)) fprefetch(pl!left);prefetch(pl!right));prefetch(pr!left);prefetch(pr!right);lv = pl!value;pll = pl!left; plr = pl!right;rv = pr!value;prl = pr!left; prr = pr!right;if (...) fif (...) fSwapValRight(pl,pr,plr,prr,lv,rv);pl = pll; pr = prl;g else fpl = plr; pr = prr;gg else fif (...) fSwapValLeft(pl,pr,pll,prl,lv,rv);pl = plr; pr = prr;g else fpl = pll; pr = prl;gggif ((root!left != NIL)) fprefetch(root!left);prefetch(root!right);...rl = root!left; rr = root!right;...root!value=Bimerge(rl,value,dir);spr val=Bimerge(rr,spr val,dir);g...g(d) mstvoid *HashLookup(int key, Hash hash) fj = (hash!mapfunc)(key);for (ent = hash!array[j];ent && ent!key!=key;ent=ent!next)prefetch(ent!next);if (ent) return ent!entry;return NULL;gFigure 12: Abstract representation of the output of the greedyprefetching compiler for some interesting code fragments in theOlden benchmarks.bisort: The main RDS is a binary tree, and the important cachemisses occur in Bimerge(), which contains both loops andrecursion (see Figure 12(b)). The four \grandchildren" ofroot are prefetched early in the while loop. Although loadmisses are completely hidden, execution time increases by1.2% due to unnecessary prefetching overhead. Localityanalysis might help this case by recognizing that a portion ofdata accessed in the recursive calls has already been broughtinto the cache by the while loop.health: Over 90% of load stalls are due to linked-list accessesinside waiting() (see Figure 12(c)). Despite a noticeableincrease in overhead, the 50% reduction in load stalls resultsin a large speedup.mst: 90% of load stalls occur in HashLookup(), where it searchesfor an item in an array of linked lists (see Figure 12(d)).Although the compiler prefetches ent!next, only a smallportion of the latency can be hidden since the loop body isso small. This appears to be a general problem with hashtables, and prefetching prior to the hash function invocationis beyond the scope of our algorithm.perimeter: A quadtree is traversed through recursive procedurecalls. All load misses are covered, but the 94% unnecessaryprefetches result in signi�cant overheads. There are two rea-sons for the unnecessary prefetches: (i) the same parts ofthe quadtree can be visited through di�erent recursive pro-cedures, thus resulting in unanticipated data locality; and(ii) each node contains a pointer to its parent, which thecompiler prefetches along with the four child pointers, butthe parent is already in the cache.
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the conclusion in the SPAID paper [14] that the best performanceis achieved by inserting only one prefetch per call site|the S barsin Figure 18 correspond to this optimal case. When a procedurehas multiple pointer arguments, we select the �rst one pointing toany RDS to prefetch. We also improved the performance of theproposed SPAID scheme for treeadd from a slowdown of 13% toa speedup of 14% by prefetching two cache lines at a time ratherthan one. As we see in Figure 18, greedy prefetching outperformsSPAID in all cases except mst. The problem with SPAID is thatit pays signi�cant prefetching overhead without covering manycache misses, as shown by the low coverage factors and high frac-tion of unnecessary prefetches in Figure 18. In contrast, greedyprefetching does a better job of choosing what to prefetch, andcan schedule prefetches earlier to hide more latency.7 Future WorkBased on the lessons we have learned from these experiments,we are currently extending our research in the following direc-tions. First, we are exploring how to automate history-pointerand data-linearization prefetching in the compiler|and how toautomatically choose the best scheme among the three for agiven application|to capture the bene�ts demonstrated in Sec-tion 5.2. Second, the results in Section 5.3 suggest that improvedprefetching analysis can help to reduce overheads. However, sincepredicting data locality through static compile-time analysis isdi�cult|and since feedback-based compilation has its own setof problems|we are exploring the possibility of generating codewith prefetching that dynamically adapts to its own memory be-havior. Third, our experience with the mst application illustratesthe di�culty of prefetching hash table accesses, where linked listsare quite short, and the head of the list is data-dependent onthe hashing function. To hide the latency in such cases, we mustprefetch before the hashing function is called|although the over-heads of doing so may be signi�cant, it does appear to be feasible.Finally, we are investigating the performance of our schemes inshared-memory multiprocessors, where although the large cache
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