Journal of Instruction-Level Parallelism 1 (2004) XX-YY Submitted 5/03; published 6/04

The E cacy of Software Prefetching and Locality Optimizati ons
on Future Memory Systems

Abdel-Hameed Badawy Y absalam@eng.umd.edu
Aneesh Aggarwal Y aneesh@eng.umd.edu
Donald Yeung Y yeung@eng.umd.edu
Chau-Wen Tseng * tseng@cs.umd.edu

YElectrical and Computer Engineering Dept.,
ZComputer Science Dept.,
University of Maryland, College Park.

Abstract

Software prefetching and locality optimizations are techriques for overcoming the speed gap
between processor and memory. In this paper, we provide a cgmehensive summary of current
software prefetching and locality optimization techniques, and evaluate the impact of memory trends
on the e ectiveness of these techniques for three types of ggfications: regular scienti ¢ codes,
irregular scienti c codes, and pointer-chasing codes. We nd that for many applications, software
prefetching outperforms locality optimizations when there is su cient memory bandwidth, but
locality optimizations outperform software prefetching under bandwidth-limited conditions. The
break-even point (for 1 GHz processors) occurs at roughly 26 GBytes/sec on today's memory
systems, and will increase on future memory systems. We alsstudy the interactions between
software prefetching and locality optimizations when appied in concert. Naively combining the
techniques provides robustness to changes in memory bandedth and latency, but does not yield
additional performance gains. We propose and evaluate sekad algorithms to better integrate
software prefetching and locality optimizations, including a modi ed tiling algorithm, padding for
prefetching, and index prefetching. Finally, we investigae the interactions of stride-based hardware
prefetching with our software techniques. We nd that combining hardware and software prefetching
yields similar performance to software prefetching aloneand that locality optimizations enable
stride-based hardware prefetching for benchmarks that do ot normally exhibit striding.

1. Introduction

Current microprocessors spend a large percentage of exegut time on memory access stalls, even
with large on-chip caches. Since processor speeds are grogiiat a greater rate than memory
speeds, we expect memory access costs to become even moredrtgnt in the future. Computer
architects have been battling this memory wall problem[2] by designing ever larger and more
sophisticated caches. Although caches are extremely e ente, they are not the complete solution.
Other techniques are required to fully address the memory wih problem.

Two promising approaches for improving memory performanceare software prefetchingand
locality optimizations. The rst executes explicit prefetch instructions to begin loading data from
memory to cache. As long as prefetching begins early enoughnd the data is not evicted prior to its
use, memory access latency can be completely hidden. Howeyas processor throughput improves
due to memory latency tolerance, memory bandwidth use is ineased since prefetching increases
memory trac. In comparison, locality optimizations use co mpiler or run-time transformations
to change the computation order and/or data layout of a program to increase the probability it

€ 2004 Al Access Foundation and Morgan Kaufmann Publishers. A |l rights reserved.



Badawy, Aggamal, Yeung, & Tseng

B ouzon E

Figure 1. Examples of a ne array, indexed array, and pointer-chasing memory access patterns.

accesses data already in cache. If successful, both averagemory latency and bandwidth usage
are reduced, since there will be fewer main memory accesses.

Both software prefetching and locality optimizations have been studied in isolation. In this pa-
per, we examine how well each approach works for three typeds data-intensive applications. Our
evaluation uses a single uni ed environment to enable a meangful comparison. A primary focus
of our work is to compare the importance oflatency tolerance provided by prefetching and latency
reduction provided by locality optimizations on future high-perform ance memory systems. In addi-
tion, our work also investigates the interactions of softwae prefetching and locality optimizations
when applied in concert. The contributions of this paper areas follows:

We provide a comprehensive summary of current software pretching and locality optimiza-
tion techniques for three types of data-intensive applicatons: regular scienti ¢ codes, irregular
scienti ¢ codes, and pointer-chasing codes.

We compare the e cacy of software prefetching and locality optimizations for the three types
of applications.

We quantify the impact of bandwidth and latency scaling in future memory systems on the
relative e ectiveness of software prefetching and localiy optimizations.

We examine the performance of integrated software prefetdng and locality optimizations,
then propose and evaluate several enhancements to increaieeir combined e ectiveness.

We study the interactions of stride-based hardware prefething with software prefetching and
locality optimizations.

The rest of this paper is organized as follows. First, we desibe three memory access patterns
in Section 2. Then, we summarize the di erent techniques tha have been previously developed for
each access pattern. Section 3 discusses software prefetmh techniques, and Section 4 discusses
locality optimization techniques. Next, we present our experimental results in Section 5, and
develop improved algorithms in Section 6. We also study the mpact of stride-based hardware
prefetchers on our results in Section 7. Finally, Section 8 @cusses related work and Section 9
concludes the paper.

2. Memory Access Patterns

The types of software prefetching and locality optimizations which may be applied are dependent
on the type of memory access pattern made by a program. We begiby presenting three important
types of memory access patterns shown in Figure 1, using exgte codes in Figure 2.

2.1 Ane Array Accesses

The most basic memory access pattern is regular accesses lwitonstant strides, such as references
to elements in multidimensional arrays. The 2D Jacobi coden Figure 2 Part(A), commonly found
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Figure 2: Code examples for three classes of memory accesdtpms.

in nite-di erence or multigrid solvers for systems of part ial di erential equations (PDES), is an
example code that performs very regular memory accesses. €ltode computes the value of a point
in array A as the average of values of neighbors in all dimensions of ay B.

Programs exhibiting these regular memory access patternsra also calledstencil codes because
they compute values based on applying a unifornstencil pattern repeatedly to each point of array
A to compute the desired result. Array references result in mmory accesses with constant strides if
array subscripts are a ne (i.e., linear combinations of loop index variables with constant coe cients
and additive constants). These programs are also callecegular codes because their memory access
patterns are regular and well de ned.

A ne array accesses are quite common in a variety of applicaions, including dense-matrix
linear algebra and nite-di erence PDE solvers as well as inage processing and scans/joins in
relational databases. These programs can usually exploibhg cache lines to reduce memory access
costs, but may su er poor performance due to cache con ict ard capacity misses arising from the
large amounts of data accessed. An important feature of codeperforming a ne array accesses
is that memory access patterns can be identi ed at compile tme, assuming array dimension sizes
are known. This allows both software prefetching and localy transformations to be determined
precisely at compile time.

2.2 Indexed Array Accesses

Another memory access pattern is called indexed array access, because the main data array is
accessed through a separatendex array whose value is unknown at compile time. For example,
consider the molecular dynamics code in Figure 2 Part(B), wlich calculates forces between pairs of
atoms in a molecule. The index arrayindex is accessed in an regular manner. In contrast, the two
arrays X 1 and X 2 are indexed by the contents of theindex array. The accesses are irregular due
to the nature of the data stored in the index array, as shown inFigure 1. The cache performance
of applications using indexed arrays can be poor since bothpstial and temporal locality in such
applications is typically low due to the irregularity of the access pattern.

Indexed array accesses arise in several scienti ¢ applicatin domains where computational sci-
entists attempt more complex simulations. In computational uid dynamics, meshes for modeling
large problems are sparse to reduce memory and computationeguirements. In N-body solvers
which arise in astrophysics and molecular dynamics, data stictures are irregular because they
model the positions of particles and their interactions. Index arrays are frequently used to store
these more complicated relationships between data, sincéey are more e cient than pointers. Un-
fortunately, these irregular computations have poor tempaal and spatial locality, and do not utilize
processor caches e ciently. Unlike applications with a ne accesses, compile-time transformations
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Figure 3. Example a ne array prefetching for the 2D Jacobi kernel using Mowry's algorithm [3].

alone cannot improve locality because the values of the indearray are not known at compile time.
A combination of compile-time and run-time transformation s are needed instead.

2.3 Pointer-Chasing Accesses

Finally, the third class of memory accesses argointer-chasing codes that dynamically allocate
memory and use pointer-based data structures such as linkedists, n-ary trees, and other graph
structures. Figure 2 Part(C) shows an example of creating ad traversing a singly-linked list.
These programs are known agointer-chasing codes, because accesses to additional parts of the
data structure cannot take place until the pointer to the current portion of the data structure is
resolved. This property forces associated memory refereas to be sequentialized, and is known as
the pointer-chasing problem

Pointer-chasing applications usually exist in programs stving complex problems where the
amount and organization of data is unknown at compile time, requiring the use of painters to
manage both dynamic storage and linkage. They may also arisiom high-level programming lan-
guage constructs such as object-oriented programming. Batse memory is allocated and accessed
dynamically, the access pattern tends to be very irregular ad lack locality, resulting in poor cache
performance.

Indexed array accesses share characteristics to pointehasing codes, since the access to the
index array must be resolved before and the data values can ba&ccessed. However, indexed arrays
have only one level of indirection, allowing many data elempts and index array references to
occur in parallel. In comparison, pointer accesses can havarbitrarily deep levels of indirection,
sequentializing the entire pointer-chasing application.

Nodes in these pointer-chasing codes are usually dynamidglallocated at run time, with their
total number and connection pattern unknown at the time of compilation. To traverse the list,
the pointers are dereferenced one after another in a serial amner. Because of the dynamic nature
of data structure creation and modi cation, pointer-chasing codes commonly exhibit poor spatial
and temporal locality and experience poor cache behavior. &inter-chasing memory access patterns
can be detected at compile time, but cannot be directly trandormed by the compiler, since the
pointer values are not known statically. Instead, cache-coscious run-time memory allocation can
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be used to improve locality. In comparison, prefetching is ot hindered by the fact that the memory
locations are not known at compile-time, but is limited by th e sequentialization of memory accesses.

3. Software Prefetching

Software prefetching relies on the programmer or compiler @ insert explicit prefetch instructions
into the application code for memory references that are likly to miss in the cache. At run
time, the inserted prefetch instructions bring the data into the processor's cache in advance of its
use, thus overlapping the cost of the memory access with usdfwork in the processor. Software
prefetching has been shown to be e ective in reducing memorystalls for both sequential and
parallel applications, particularly for scienti ¢ progra ms making regular memory accesses [4, 5,
6, 3]. Recently, techniques have also been developed to agpprefetching to pointer-based data
structures [7, 8, 9, 10, 11]. In this section of the paper, we gesent three software prefetching
algorithms proposed previously in the literature for the three types of memory access patterns
discussed in the previous section.

3.1 Ane Array Prefetching

To perform software prefetching for a ne array references @mmonly found in scienti c codes, we
follow the well-known compiler algorithm proposed by Mowry [3]. Mowry's algorithm exploits

the precise access pattern information available through wtic analysis of a ne array references
to insert prefetches for only the data needed by the processpand no more. Consequently, the
algorithm is quite e ective and typically provides good performance gains.

Mowry's prefetch algorithm involves three steps. To illustrate, Figure 3 shows the 2D Jacobi
kernel from Figure 2 Part(A) after all the steps have been appied. First, the a ne array refer-
ences within inner-most loops are identi ed as prefetchingcandidates. For each candidate, locality
analysis is performed to determine which dynamic instance®f the static memory reference will
miss in the cache, hence requiring prefetching. To permit pefetching of only the missing dynamic
instances, loop unrolling is performed to create multiple gatic instances of each memory reference
within the loop body; the degree of loop unrolling is set to the number of back-to-back memory
references Co-located in the same cache block (determinedaviocality analysis). By unrolling the
loop this number of iterations, the dynamic instances that miss in the cache are isolated{the lead-
ing static memory reference in the unrolled loop always misss, while the remaining unrolled static
memory references always hit. Hence, a single prefetch fohé leading memory reference can be
inserted into the unrolled loop, prefetching exactly the missing dynamic instances, thus avoiding
unnecessary prefetches and reducing prefetch overhead.

Figure 3 illustrates the loop unrolling and prefetch insertion transformations for the 2D Jacobi
kernel. In this loop, there are ve a ne references, four for the B array, and one for the A array.
Assuming each reference accesses 8 bytes and assuming a @2-lzache block, the loop should be
unrolled by a factor of 4. After loop unrolling, four prefetches are inserted for the ve leading
memory referencesA(i;j ), B(i 1;j), B(i+1;j), B(i;j 1),andB(i;j +1). Noticethe B(i 1;j)
and B(i +1;]) references lie on the same cache block, thus saving 1 pretat

The next step in Mowry's algorithm is to perform prefetch scheduling Given the high memory
latency of most modern memory systems, a single loop iteratin normally contains insu cient

work under which to hide the cost of memory accesses. To ensarthat data arrive in time, the
prefetches inserted in the rst step of the algorithm must be initiated multiple iterations in advance.
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The minimum number of loop iterations needed to fully overlagp a memory access is known as the
prefetch distance Prefetch scheduling determines the prefetch distance andpplies it to the inserted
prefetches. Assuming the memory latency i$ cycles and the work per loop iteration isw cycles, the
prefetch distance,P D, is simply d'We. Figure 3 illustrates the indices of prefetched array elemets
contain a PD term, providing the early prefetch initiation required.

Finally, the last step is to \ x up" ine ciencies in prefetch ing created by prefetch scheduling.
By modifying prefetches to initiate PD iterations in advance as illustrated in Figure 3, the rst
PD iterations do not get prefetched, and the lastP D iterations prefetch past the end of each
array. These ine ciencies can be addressed by performing lop peeling to handle the rst and last
P D iterations of the loop separately. The loop peeling transfomation creates a prologue loopto
execute PD prefetches for the rst PD array elements, and anepilogue loopto execute the last
P D iterations without prefetching. Figure 3 illustrates the p rologue and epilogue loops created by
loop peeling.

3.2 Indexed Array Prefetching

Indexed array accesses, of the formd\(B (i)), are common in irregular scienti c codes. We use the
prefetch algorithm for indexed array accesses proposed 2] by Mowry, which is an extension
to his algorithm for a ne arrays described in Section 3.1. The extensions stem from three major
di erences between indexed and a ne array accesses. Firstindexed array accesses contain two
array references per prefetch candidate{one for the data any and one for the index array. A ne
array accesses perform only a single array reference per peéch candidate. Second, static analysis
cannot determine locality information for consecutively accessed indexed array elements since their
addresses depend on the index array values known only at rumhe. Finally, before a data array
reference can perform, the corresponding index array refence must complete since the index value
is used to index into the data array. Hence, pairs of data andmdex array references are serialized.

Mowry's indexed array prefetching algorithm follows the same three steps for prefetching a ne
arrays: loop unrolling, prefetch scheduling, and loop peéhg. Each step is modi ed to accommodate
the added complexities of indexed array accesses compared & ne array accesses. To illustrate,
Figure 4 shows a simpli ed molecular dynamics kernel after 8 the steps have been performed.
First, loop unrolling is applied to isolate the missing dynamic instances, as described in Section 3.1.
Unfortunately, cache-miss isolation via loop unrolling swcceeds only for the index array accesses.
Since the location of consecutively accessed data array etents depends on the index array values
at runtime, static analysis fails to provide spatial locality information for the data array references,
so the compiler must be conservative and assume all data aryareferences lie on separate cache
blocks. Consequently, while a single prefetch is su cient br all instances of the index array in the
unrolled loop body, a separate prefetch is necessary for eyeinstance of the data array. Figure 4
illustrates the unrolled loop and the inserted prefetch cog. The loop unrolling degree is two to
limit the size of the example code.

Next, prefetch scheduling is performed. As in a ne array prefetching, the computation of the
prefetch distance uses the formulaP D = dv'—ve. However, the adjustment of array indices for indexed
arrays must take into consideration the serialization of daa array and index array references. Since
data array elements cannot be prefetched until the index aray values they depend on are available,
prefetches for index array elements should be initiated twie as early as data array elements. This
ensures that an index array value is in cache when its corresmding data array prefetch is issued.
Figure 4 illustrates the indices of prefetched data array eéments contain the normalP D term, but
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\
Figure 4. Example indexed array prefetching

prefetched index array elements contain a 2 PD term to fetch them in advance of the data array
prefetches.

Lastly, loop peeling is performed. As described in Section .2, prologue and epilogue loops
are inserted to properly handle the rst and last few iterations of the loop. For indexed array
prefetching, two prologue loops and two epilogue loops areatessary because prefetch scheduling
uses two prefetch distances,PD and 2 PD. The rst prologue loop issues the index array
prefetches for the rst PD loop iterations. Then, the second prologue loop issues thendex array
prefetches for the nextP D loop iterations as well as the data array prefetches for the rst PD loop
iterations. Similarly, the rst epilogue loop executes the second-to-lastP D loop iterations without
index array prefetching. Finally, the last epilogue loop excutes the lastP D loop iterations without
any prefetching. Figure 4 illustrates the modi ed loop peeing transformation.

3.3 Pointer-Chasing Prefetching

Prefetching for pointer-based data structures is challening due to the memory serialization e ects
associated with traversing pointer structures. The memoryoperations performed for array traversal
can issue in parallel because individual array elements cahe referenced independently. At worst,
pairs of array references are serialized in the case of indea array traversal. But even in that
case, separate indexed array references can perform in pdiek. In contrast, the memory operations



Badawy, Aggamal, Yeung, & Tseng

}

Figure 5: Example pointer prefetching using jump pointers and prefetch arrays [7].

performed for pointer traversal must dereference a seriesf@ointers sequentially. The memory
serialization in pointer chasing prevents conventional pefetching techniques from overlapping cache
misses su ered along a pointer chain, thus limiting their e ectiveness.

Jump pointer prefetching [8, 11] is a promising approach for addressing the pointerk@asing
problem. Injump pointer prefetching, additional pointers are inserted into a dynamic data structure
to connect non-consecutive link elements. These \jump poiters" allow prefetch instructions to
name link elements further down the pointer chain (.e. a prefetch distance, PD, away which
is computed as in Sections 3.1 and 3.2) without sequentialljtraversing the intermediate links.
Consequently, prefetch instructions can overlap the fetchof multiple link elements simultaneously
by issuing prefetches through the memory addresses stored the jump pointers. Figure 5 Part(A)
illustrates a \while" loop that has been instrumented with j ump pointer prefetching.

Jump pointer prefetching, however, cannot prefetch the rst PD link nodes in a linked list
because there are no jump pointers that point to these early ndes. To enable prefetching of early
nodes, jump pointer prefetching can be extended withprefetch arrays [7]. In this technique, an
array of prefetch pointers is added to every linked list to pant to the rst PD link nodes. Hence,
prefetches can be issued through the memory addresses in thmrefetch arrays before traversing
each linked list to cover the early nodes, much like the prolgue loops in a ne array and indexed
array prefetching prefetch the rst PD array elements. Figure 5 Part(A) illustrates the addition
of a prologue loop that performs prefetching through a preféch array.

Before prefetching can commence, the prefetch pointers mude set. Figure 5 Part(B) shows
an example of prefetch pointer initialization code which ugs ahistory pointer array [8] to set the
prefetch pointers. The history pointer array, called \hist ory" in Figure 5, is a circular queue that
records the lastP D link nodes traversed by the initialization code. Whenever anew link node is
traversed, it is added to the head of the circular queue and tie head is incremented. At the same
time, the tail of the circular queue is tested. If the tail is NULL, then the current node is one of the
rst PD link nodes in the list since PD link nodes must be encountered before the circular queue
lIs. In this case, we set one of the \prefetch array" pointers to point to the node. Otherwise, the
tail's jump pointer is set to point to the current link node. S ince the circular queue has depthP D,
all jump pointers are initialized to point PD link nodes ahead thus providing the proper prefetch
distance. Normally, the compiler or programmer ensures theprefetch pointer initialization code
gets executed prior to prefetching, for example on the rst traversal of a linked data structure.
Furthermore, if the application modi es the linked data str ucture after the prefetch pointers have
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Figure 6: Example Locality optimized a ne array, indexed ar ray and pointer-chasing access codes.
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Figure 7: Example of con ict misses under two array layouts.

been initialized, it may be necessary to update the prefetchpointers either by re-executing the
initialization code or by using other x-up code.

4. Locality Optimizations

Software prefetching tries to hide memory latency while retining the original program structure.
Another alternative is to reduce memory accesses by changinthe computation order and data
layout of the program at compile and run time using locality optimizations. These optimizations
try to improve data locality, the ability of an application to reuse data in the cache [13] Reuse may
be in the form of temporal locality, where the same cache line is accessed multiple times, spatial
locality, where nearby data is accessed together on the same cacheelinPrevious researchers have
developed many locality optimizations. In this section, we consider optimizations for the three
types of access patterns discussed in Section 2.

4.1 Tiling for A ne Accesses

In many way, programs with a ne array accesses are the easidsfor compilers to apply locality
optimizations, since memory access patterns can be fully atyzed at compile time. One useful
program transformation is tiling (blocking), which combines strip-mining with loop permutation to
form small tiles of loop iterations which are executed togeher to exploit data locality [13]. Figure 6
Part(A) demonstrates how the 3D Jacobi code can be tiled. By earranging the loop structure so
that the innermost loops can tin cache (due to fewer iterations), tiling allows reuse to be exploited
on all the tiled dimensions so that data in cache can be accesd multiple times before it is ushed.

Tiling is very e ective with linear algebra codes [14, 15, 16 17, 18], and has been been extended
to handle stencil codes used in iterative PDE solvers as we[l19, 20, 13]. A major problem with
tiling is that limited cache associativity may cause data in a tile to be mapped onto the same cache
lines, even though there is su cient space in the cache. Conict misses will result, causing tile data
to be evicted from cache before they may be reused [16]. Thisext is shown in Figure 7.
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Figure 8: gpart algorithm for reordering data and computation in indexed array computations.

Previous research foundtile size selectionand array padding can be applied to avoid con ict
misses in tiles [14, 17, 18]. Tile-size-selection algoriths carefully select tile dimensions tailored
to individual array dimensions so that no con icts occur. For 2D arrays, the Euclidean remainder
algorithm may be used to quickly compute a sequence of non-odcting tile dimensions through a
simple recurrence [14, 18]. An alternative algorithm nds non-con icting 2D tile using an greedy
algorithm which expands tile dimensions while checking thano con icts occur [16]. We can adapt
this algorithm for nding non-con icting 3D tiles by iterat ively attempting to increase each tile
dimension until none may be increased without introducing on icts [19].

Tile size selection by itself may yield poor results since dy small tiles may be able to avoid
con icts, particularly for array sizes near powers of two. One possible solution is to use padding
to enable better tile sizes [21]. Padding increases the sizgf leading array dimensions, increasing
the range of non-con icting tile shapes. It has proven to be \ery useful for improving tiling for 2D
linear algebra codes [18]. To combine padding with tile sizeselection for 2D arrays, we can test
a small set of pads and choose the best choice. For 3D tiles, weould need to evaluate a much
larger space of possible pads, so we extend the algorithm tdap searching for pad sizes when the
predicted miss rate is within a small percentage of the predited optimal [19].

4.2 Reordering for Indexed Accesses

Programs with index array accesses access data in an irregulmanner, depending on the values in
the index array. If data is accessed in an irregular manner, gatial locality is unlikely to be obtained

if the data is larger than the cache. Fortunately, recent regarch has demonstrated run-time data
and computation transformations can improve the locality of irregular computations [22, 23, 24, 25].

Because many irregular computations typically performreduction (commutative and associa-
tive) operations such assum and max, loop iterations can be safely reordered to bring accesses t
the same data closer together in time. Data layout can also bdransformed so that data accesses
are more likely to be to the same cache line. These compiler anrun-time transformations can be
automated using an inspector-executor approached devel@a for message-passing machines [26],
where the compiler identi es index accesses and inserts dalto run-time libraries to analyze and
reorder data and loop iterations. Figure 6 Part(B) illustra te how a code with indexed accesses may
be optimized using a combination of compile and run-time transformations. The invocation of the
inspector library routine rearranges both the index array and data arrays to bring memory accesses
closer in time and space, resulting in better cache performace.

Figure 8 illustrates the process by which an inspector can rerder data and computation of
an index array computation at run time to improve locality. | n the gure, loop iterations are
represented as circles and data elements as squares. Manydexed array codes compute values
based on pairs of indexed values (e.g., endpoints of a meshgseent, forces between a pair of
particles). Such computations may be viewed as an undirectd graph, where each loop iteration

10
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Figure 9: ccmalloc  algorithm for improving memory allocation for pointer-chasing codes.

forms an edge connecting the pair of data elements accesseg the iteration. Each circle thus
connects two squares.

In this representation, improving locality may be viewed asselecting an ordering of circles (loop
iterations) and squares (data elements) so that nearby cirles access identical or nearby squares.
Several data and computation locality transformations exist to solve the problem of improving the
locality of such graphs [22, 23, 25, 24]. Our evaluation uses technique calledgpart that relies on
hierarchical clustering to improve locality [27, 28]. gpart works in three steps. First, the graph
formed by the index array computation hierarchically partitioned into roughly cache-sized chunks.
Second, the partitioning is then used to reorder the data to mprove spatial locality. Finally, loop
iterations are lexicographically sorted based on their dah accesses to improve temporal locality.
Experiments have showngpart closely matches the performance of more sophisticated patitoning
algorithms, with much less run-time overhead.

4.3 Memory Allocation For Pointers

Pointer-based programs frequently su er from poor locality and are notoriously di cult to analyze
and transform because of their reliance on pointers and dymaically allocated recursive data struc-
tures. Pointer-based applications are harder to optimize han indexed array codes, since pointer
chasing forces link nodes to be traversed sequentially. Farnately, researchers have developed
cache-consciousheap allocation and transformation techniques to improve bcality for pointer-based
programs [29, 30, 31]. These techniques improve locality bgssigning or changing the locations of
dynamically allocated memory in ways designed to improve satial locality. Examples of cache-
conscious algorithms include run-time tree optimization routines that place parent nodes with child
nodes for improved locality, and coloring when placing treenodes to avoid con ict with the root.

Of particular interest is ccmalloc , a customized memory allocator which allocates memory in
a location near to a user-speci ed addressccmalloc is a heuristic that reserves space for future
allocation requests when allocating new blocks of data [30]Using this memory allocator, multiple
members of a linked list are thus more likely to be in adjacentmemory locations. Not only does
this take advantage of hardware prefetching of long cache ties, but cache line utilization increases
and fragmentation is reduced, decreasing the probability hat useful cache lines will be evicted from
cache.

Figure 6 Part(C) shows a simple list allocation code that uss ccmalloc to allocate list nodes
on nearby cache blocks dynamically. The code modi cation iquite simple: replacingmalloc  with
ccmalloc . Compiler analysis of pointer accesses can be used to deteime when cache-conscious
memory allocators should be used. For our experimental evahtion, we inserted calls toccmalloc
by hand in our pointer-chasing benchmark codes.ccmalloc for our evaluation works by taking
a optional pointer argument during memory allocation, and alocating current and future nodes
close to it whenever possible. To increase the probability bnearby placement,ccmalloc  reserves
space for future data blocks when allocating the rst node [®]. Figure 9 displays an example of
cache-conscious memory allocation to improve locality fopointer-chasing codes.

11
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Note one problem with ccmalloc is that dynamic data structures which change after allocation
may not bene t from this optimization. Frequent insert and d elete operations after allocation will
make logically contiguous nodes physically non-contiguos after a few deletions and/or insertions.
Our pointer-chasing benchmarks did not perform many deletons to linked data structures.

5. Experimental Evaluation

This section evaluates the performance of software prefeting and locality optimizations, rst
independently, and then in concert. We describe our experirantal methodology. Then, we compare
software prefetching and locality optimizations under di erent memory bandwidths and latencies.
Finally, we study their combination.

5.1 Methodology

Our experimental evaluation uses the SimpleScalar tool se{32] to model a 1GHz 4-way issue
dynamically-scheduled processor. The simulator models Bhspects of the processor including the
instruction fetch unit, the branch predictor, register renaming, the functional unit pipelines, and
the reorder bu er. To enable software prefetching, we addeda prefetch instruction to the ISA of the
processor model. In addition, our simulator also models thenemory system in detail. We assume
a split 8-Kbyte direct-mapped L1 cache with 32-byte cache bbcks, and a uni ed 256-Kbyte 4-way
set-associative L2 cache with 64-byte cache blocks. Althagh the caches are small, they match the
more modest input data sets required for simulation.

Several of our experiments study sensitivity to memory latency and memory bandwidth. To
facilitate these experiments, we modi ed the SimpleScalarsimulator to accurately model bus con-
tention across the L2-memory bus. Then, we varied the L2-merory latency from 80 to 640 cycles,
and varied the L2-memory bus bandwidth between 1-64 Gbytesgec (note that a bandwidth of 1
Gbhyte/sec is equivalent to the processor loading one byte pecycle). The lower end of both the
latency and bandwidth ranges captures the trends of existig memory systems which have laten-
cies of around 100 cycles and bandwidths of around 2-3 GBytésec. The mid and high end of the
latency and bandwidth ranges capture the characteristics bfuture architectures.

For all experiments, transfers across the L1-L2 bus incur a -¢ycle latency, and we assumed
the L1-L2 bus has in nite bandwidth. We also assumed an unlinited number of MSHRs to maxi-
mize concurrency in the memory system, thus exposing memorfpandwidth limitations. We don't
expect the in nite L1-L2 bandwidth assumption to a ect our r esults. Our benchmarks are mem-
ory intensive with very large working sets, so they tend to bebandwidth limited at the memory
sub-system level. However, the unlimited MSHRs assumptioris signi cant. Without su cient
MSHRs, prefetching performance would degrade since the nulber of outstanding prefetches would
be limited. We optimistically assume enough MSHRs are prowled in the caches to maximize the
e ectiveness of prefetching.

To drive our simulations, our experimental evaluation employs nine benchmarks, representing
the three classes of data-intensive applications descriltein Section 2. Table 1 lists the benchmarks
along with their problem sizes and memory access patterns.

The rst three applications in Table 1 perform a ne array acc esses.MM multiplies two ma-
trices, RB performs a 3D red-black successive-over-relaxation, andacobi performs a 3D Jacobi
relaxation. Both Jacobi and RB are frequently found in multigrid PDE solvers, such asMgrid
from the SPEC/NAS benchmark suite. The next three applications perform indexed array ac-
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| Application | Problem Size | Access Pattern ||

RB 200x200x8 grid A ne array
Jacobi 200x200x8 grid A ne array

MM 200x200 matrices| A ne array

Irreg 14K node mesh | Indexed array
Moldyn 13K molecules Indexed array
NBF 144K mols Indexed array
Health 5 levels, 500 iters| Pointer-chasing
MST 1024 nodes Pointer-chasing
EM3D 10K nodes Pointer-chasing

Table 1: Benchmark summary.

[ Latency || RB | Jacobi | MM | Irreg | Moldyn | NBF [ Health [ MST | EM3D ||
80 12 8,36 24 8,20, 20, 40 1,1,2 2 31 3 2
160 24 16, 68 44 12,40, 40, 80 2,2,3 4 62 3 3
320 48 | 28, 136 | 88 24,80, 80, 160| 4,4,5 8 124 3 6
640 96 | 56, 268 | 176 || 44, 160, 160,319 7,7,9 16 247 3 11

Table 2: Prefetch distances for loops in all benchmarks verss latency in cycles.

cesses.lrreg is an iterative PDE solver for an irregular mesh, Moldyn is abstracted from the

non-bonded force calculation in CHARMM, a key molecular dyramics application used at NIH to

model macromolecular systems, andNBF (Non Bonded Force kernel), is a molecular dynamics
simulation. NBF is taken from the GROMOS benchmark [33].

The last three applications perform pointer-chasing acceses. Health simulates the Columbi-
an health care system,MST computes a minimum spanning tree, andEM3D simulates electro-
magnetic wave propagation through 3D objects. Health , MST, and EM3D are all from the
olden benchmark suite [34].

For each application, we applied software prefetching anddcality optimizations by hand, rstin
isolation, then in combination. We followed the algorithms described in Sections 3 and 4, applying
the appropriate algorithm to each application given its memory access pattern. We then measured
the performance of the optimized codes on our detailed arcléctural simulator.

As described in Section 3, software prefetching requires aaputing a prefetch distance,PD, to
properly schedule prefetches. Recall thaPD = dv'v—e, wherew is the work per loop iteration, and |
is the memory latency (see Section 3.1). Hencé? D must be recomputed not only for every loop,
but also for every memory latency setting. Table 2 reports the computed prefetch distances for the
a ne array, indexed array, and pointer-chasing benchmarks. For each benchmark, we list prefetch
distances for four di erent memory latencies used in our ex@riments. In applications with multiple
instrumented loops, the prefetch distance for each loop isidted separately.

[ Latency || RB [ Jacobi | MM | Irreg | Moldyn | NBF | EM3D [ Average |
80 2.08 1.57 184 | 2.80 3.51 N/A 1.75 2.26
160 2.65 1.89 2.84 2.93 2.86 3.37 1.83 2.62
320 2.94 2.05 3.82 3.04 2.99 3.62 1.87 2.90
640 3.17 2.10 4.68 3.20 3.31 3.81 1.89 3.20

Table 3: Equi-performance bandwidth in Gbytes/sec versus nemory latency in cycles. The last
column reports the average per latency.
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Finally, as described in Section 4, locality optimizationsfor indexed array benchmarks reorder
computations using graph partitioning techniques to improve memory performance. For our indexed
array benchmarks, we apply the RCB computation reordering dgorithm.

5.2 Varying Memory Bandwidth

In this section, we evaluate the performance of software pifetching and locality optimizations under

memory bandwidth scaling. Figure 10 plots execution time abng the y-axis, and varies memory
bandwidth from 1-64 Gbytes/sec along the x-axis, keeping mmory latency xed at 80 cycles.

Each execution-time bar is broken down into memory stall, stware overhead, and computation
components. Groups of bars represent the original versionfaeach program, and versions optimized
with either software prefetching, locality optimization, or both. In this section, we focus only
on applying the techniques in isolation. Later in Section 54, we will examine the techniques in
combination.

For the ane array and indexed array benchmarks, both software prefetching and locality
optimizations provide signi cant performance gains, improving performance by 45% on average
over unoptimized codes. Comparing the techniques, we see dmmajor di erences. First, software
prefetching incurs more overhead than locality optimizations. This overhead is due primarily to
prefetch and related address computation instructions. Inparticular, loop unrolling is unable to
isolate cache misses for index array accesses, as descrilire@ection 3.2, contributing to increased
runtime overhead for the indexed array benchmarks. Overall locality optimizations exhibit very
low overheads. Tiling incurs some overhead for the extra lesls of loops, but this is minimal. For
the indexed arrays benchmarks, thercb algorithm has no measurable overhead since the runtime
inspector is amortized over lots of computations [28].

Second, the relative e ectiveness of software prefetchingnd locality optimizations to eliminate
memory stalls depends on available memory bandwidth. At higp memory bandwidths, software
prefetching eliminates practically all memory stalls sine the memory system can sustain the si-
multaneous memory requests necessary to hide all the memonatency. As memory bandwidth is
reduced, memory requests must serialize, thus software pfetching loses its e ectiveness. In con-
trast, locality optimizations reduce memory latency, and hence, memory tra c. This makes them
highly e ective at low bandwidths where reduced tra c pays o . However, locality optimizations
cannot eliminate all memory stalls, so they achieve a lower raximum performance compared to
software prefetching. Consequently, for all the array-basd benchmarks except folNBF at 80 cy-
cles of latency, software prefetching outperforms localit optimizations at high memory bandwidths,
while locality optimizations outperform software prefetching at low memory bandwidths.

Table 3 reports the memory bandwidths at which software preétching and locality optimiza-
tions achieve equal performance. Memory systems providingnemory bandwidths higher than this
equi-performance bandwidthfavor software prefetching, while those providing lower menory band-
widths favor locality optimizations. For an 80-cycle memory latency corresponding to the data
in Figure 10, Table 3 shows the average equi-performance bdwidth is 2.41 Ghytes/sec. (Note,
NBF does not have an equi-performance bandwidth at 80 cyclesf latency since locality optimiza-
tion outperforms software prefetching at all memory bandwidths). Such a large equi-performance
bandwidth underscores the importance of latency reductiontechniques, and implies future memory
systems must provide signi cant memory bandwidth before prefetching can outperform locality
optimizations on these data-intensive applications.
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In the pointer-chasing benchmarks, locality optimization outperforms software prefetching at all
memory bandwidths for Health and MST . This is due to three factors. First, pointer prefetching
incurs high software overhead to create and manage jump potars. Software overhead inHealth
and MST is 131% and 70%, respectively, of thdusy component. In contrast, ccmalloc mem-
ory allocation incurs no measurable overhead. Second, theaversal loops in our pointer-chasing
codes are short, particularly for MST , and do not provide su cient work under which to hide
memory latency. Hence, software prefetching cannot elimiate all memory stalls. Finally, pointer
prefetching requires jump pointer storage that increases e cache miss rate and memory band-
width consumption, making the optimized code even more datantensive than the original code.
As Figure 10 shows, software prefetching irHealth and MST (as well asEM3D ) performs worse
than the original code at low memory bandwidths.

In EM3D , software prefetching achieves higher performance as coraged to Health and MST ;
hence, its behavior resembles the array benchmarks ratherhan the other pointer-chasing bench-
marks. This improved software prefetching performance is de to EM3D 's primary data structure.
Whereas Health and MST employ linked lists that are di cult to prefetch for the reas ons ex-
plained above, EM3D uses an \array of lists" data structure that is more amenable to software
prefetching. Speci cally, EM3D simulates alternating electric and magnetic elds characeristic of
electro-magnetic wave propagation via two arrays, one for -nodes" and another for \h-nodes" [35].
\Edge pointers" connect e-nodes to h-nodes and vice versa ttorm a bipartite graph, representing
a mesh over which the electro-magnetic elds are simulated36]. Like MST , the traversal code
for each edge pointer is short, potentially limiting prefetching. However, because the edge pointers
are rooted inside e-node and h-node array elements (and bease these arrays are both very large),
jump pointers can be created to name e-nodes and h-nodes wail advance of their traversal, result-
ing in e ective memory latency tolerance. Like the array benchmarks, software prefetching achieves
better performance than ccmalloc  at high bandwidths, and worse performance thanccmalloc
at low bandwidths. Consequently, an equi-performance bandidth exists for EM3D as shown in
Table 3, and is 1.7 Gbytes/sec at 80 cycles of latency.

5.3 Varying Memory Latency

Figures 11, 12, and 13 evaluate software prefetching and latity optimizations under memory
latency scaling. Similar to Figure 10, we plot execution time versus memory bandwidth. In
addition, we present results for 80, 160, 320, and 640-cyclmemory latencies on separate lines
in each graph. Each version of a program (original, prefetch optimized, both) is displayed in a
separate graph. Once again, we focus on applying the technigs in isolation, leaving a discussion
of the combined technigues to Section 5.4.

Not surprisingly, execution time for all program versions increases as we scale memory latency.
For the ane array and indexed array benchmarks, software prefetching e ectively hides the in-
creasing memory latencies given su cient memory bandwidth. In contrast, locality optimizations
su er performance degradation as memory latencies grow; heever, they still enjoy the benet
of reduced tra c at low memory bandwidths. As a result, softw are prefetching outperforms lo-
cality optimizations at high memory bandwidths, while locality optimizations outperform software
prefetching at low memory bandwidths for all the memory latencies we simulated. Note NBF at 80
cycles of latency is the one exception, as observed in the pr@us section, since locality optimization
is slightly better than prefetching at all bandwidths. Tabl e 3 shows equi-performance bandwidths
generally increase with memory latency. Consequently, onuture systems with high memory la-
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Figure 11: Execution time under both memory bandwidth and latency scaling for a ne array
benchmarks with no optimizations (Orig), with software prefetching (Pref), with locality
optimization (Opt), and with combined optimizations (Pref +Opt).

tencies, greater memory bandwidth will be required before sftware prefetching demonstrates a
performance advantage over locality optimizations.

In the pointer-chasing benchmarks, locality optimization outperforms software prefetching at all
memory latencies and bandwidths forHealth and MST . The same reasons given in Section 5.2 for
the reduced e ectiveness of software prefetching on pointebased data structures explain locality
optimization's performance advantage at higher memory laencies in these applications. Once
again, EM3D is an exception. EM3D performance with memory latency scaling is similar to the
ane array and indexed array benchmarks. The same reasons gen in Section 5.2 apply. It is
worth noting that since the performance of the three pointerchasing benchmarks di ers, there is
still room for further research to study more pointer-chasing applications to better characterize
their behavior when software prefetching and locality optimizations are applied.

5.4 Combined Techniques

This section evaluates software prefetching and locality ptimizations in combination. We created
combined versions of our benchmarks in the following manner For the a ne array benchmarks,
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Figure 12: Execution time under both memory bandwidth and latency scaling for indexed array
benchmarks with no optimizations (Orig), with software prefetching (Pref), with locality
optimization (Opt), and with combined optimizations (Pref +Opt).

[ Latency || RB [ Jacobi | MM || Irreg | Moldyn | NBF || Health | MST | EM3D ||
80 9 8, 40 16 8,20, 20, 40 1,1, 2 2 8 3 2
160 9 11, 80 28 12,40, 40, 80 2,2,3 4 16 3 3
320 9 11, 156 | 52 24,80,80,160| 4,4,5 8 32 3 6
640 9 11, 308 | 104 || 44, 160, 160,319 7,7,9 16 16 3 11

(7))
—

Table 4: Prefetch distances for the combined versions for Abenchmarks versus latency in cycles.

we applied software prefetching to the innermost tiled loops. For the indexed array and pointer-
chasing benchmarks, software prefetching and locality optnizations modify distinct parts of the
code. Hence, for these programs, we simply merge the modi eplortions of the software prefetching
and locality optimization program versions.

Table 4 reports the computed prefetch distances for the a ne array, indexed array, and pointer-
chasing benchmarks at di erent memory latencies. Note thatfor RB, the prefetch distance is xed
at 9 since the tile size is 9x10 whereas the computed prefetctiistance is larger than 9. For our
combined optimizations to function properly, we must limit the prefetch distance to the minimum
of the prefetch distance and the length of the tile in order toprevent prefetching beyond the current
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Figure 13: Execution time under both memory bandwidth and latency scaling for pointer-chasing
benchmarks with no optimizations (Orig), with software prefetching (Pref), with locality
optimization (Opt), and with combined optimizations (Pref +Opt).

computation tile. This e ect also occurs in one of the loops fom Jacobi for latencies higher than
80 cycles.

Results for the combined optimizations are reported in Figues 10, 11, 12, and 13 under
\Pref+Opt." In Figure 14, we also summarize the average perbrmance of each version of the
program relative to memory bandwidth and latency. Performance is rst normalized relative to
the original program (with bandwidth of 1 Gbyte/sec and late ncy of 80 cycles), then averaged over
all programs for each memory bandwidth or latency. Simulatons show results vary depending on
memory bandwidth and latency.

Software prefetching is very sensitive to available memorybandwidth. When bandwidth is
very low, software prefetching increases overhead withouteducing memory costs. The combined
algorithm thus performs slightly worse than locality optim izations alone. In comparison, when
memory latencies are very high, combining software prefeting and locality optimizations usually
yields better performance than applying either one alone. A Figure 14 shows, combining is much
better than prefetching, and only slightly better than locality optimizations.

Under certain conditions, combining techniques encountes high overhead compared to either
technigue alone. For the a ne array benchmarks, tiling signi cantly reduces the number of iter-
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Figure 14: Comparing average performance for di erent verions of programs relative to memory
bandwidth and latency. Performance is normalized relativeto the original program with
1 Gbyte/sec bandwidth and 80 cycle latency.

ations in the innermost loop. When prefetching is applied tothese short tiled loops, the software
pipeline startup overhead incurred by prefetching becomessigni cant, reducing the amount of
memory latency hidden. This e ect is apparent in the high CPU overhead in the "Pref+Opt" ver-
sions of MM and Jacobi in Figure 10. Combining also inherits the overheads from badt software
prefetching and tiling, further reducing its performance relative to either techniques alone. For
both indexed array and pointer-chasing benchmarks, softwee prefetching and locality optimiza-
tions modify di erent parts of the benchmark code. Software prefetching modi es the computation
loops themselves while locality optimizations instrumentthe creation code semantics, or reorders
data before entering the computation loop.

For pointer-chasing benchmarks, except folEM3D , combining always under-performsccmal-
loc memory allocation alone at low memory bandwidths. The extrajump pointers and prefetch
arrays required for pointer prefetching increase the demad for memory bandwidth, thus partially
negating the reduced tra ¢ bene ts achieved by ccmalloc memory allocation in the combined
version. The combined version also underperformscmalloc  memory allocation at high memory
bandwidths in MST . As described previously, software prefetching for the sha list traversal loops
in MST is ine ective; hence, combining software prefetching withccmalloc memory allocation
only adds overhead without reducing memory stalls. ForEM3D , locality optimizations performs
better than any other technique at low bandwidth. At higher b andwidth, combined is the best
among all the techniques. As explained in Section 5.2, softare prefetching is highly e ective for
EM3D . When combined with ccmalloc , the reduced memory tra c provided through better
locality permits software prefetching to achieve even higler performance.

Finally, because combining exploits both latency tolerane and latency reduction, it is less
sensitive to variations in memory bandwidth and latency than either technique in isolation. As
shown in Figure 14, the combined version achieves the best germance on average for practically
all memory bandwidths and latencies. Such robust performane is valuable when bandwidth and
latency parameters on the target system are not available tathe compiler, or when the compiler
must produce a single optimized code for heterogeneous sgshs.
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Figure 15: Comparing square tiles against tall tiles with ard without prefetching.

6. Algorithm Enhancements

In addition to evaluating the e ects of memory bandwidth and latency scaling on performance,
our simulations also point out a number of ways to enhance bdt software prefetching and locality
optimizations. This section presents several enhancemestto better combine the two techniques
and to enhance software prefetching for array codes in the msence of con ict misses. First, tiling is
enhanced to combine more e ectively with software prefetcling. Then, padding which is normally
used to reduce conicts in tiling is applied to software prefetching to avoid prefetch thrashing.
Finally, ccmalloc is used to reduce overhead in software prefetching for poietr-chasing codes.

6.1 Enhancing Tiling for Software Prefetching

One problem with combining tiling and software prefetching naively is the high startup overhead
from prefetching short tiled loops, as described in Sectiorb.4. We can improve performance by
modifying the original tiling algorithm. Our enhanced algorithm is identical to the one described
in Section 4.1 except we select a larger innermost tile dimesion size €.g. Tl in Figure 6). Our

tiling heuristic uses the Euclidean GCD algorithm [14, 18] b generate a series of non-con icting
tile sizes. Although tiles with a square aspect ratio typicdly achieve the best cache utilization,
we can bias the selection towards taller tiles with greater leight to width aspect ratio. Such tall
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| Application || Square | Tall |

RB 9 10 |31 3
Jacobi 11 13|59 3
MM 33 23183 9

Table 5: Tile sizes for square and tall-tile versions of the ane array benchmarks.

| Latency || RB | Jacobi | MM |

80 12 | 8,40 16
160 20 | 12,80 | 28
320 31 | 24,156 | 52
640 31 | 48,308| 104

Table 6: Prefetch distances forRB, Jacobi and MM with tall tiles versus latency in cycles.

tiles have more iterations in their innermost loop compared to sqare tiles, thus reducing startup
overheads when used in combination with software prefetcimg. Note, however, we must take care
not to choose tiles that are too tall. In the extreme case, haing a tile size of Y 1 would result in
mapping the problem back to the original computation order. Thus, extremely tall tiles negate the
bene ts that tiling provides.

Table 5 reports both square and tall tile sizes for the three ane array benchmarks. After
choosing a new tall tile size and instrumenting tiling, we then instrument software prefetching to
the innermost tiled loops. Table 6 shows the prefetch distanes for the new tall tile loops. If the
prefetch distance computed after the instrumentation with tall tiles exceeds the length of the tile,
the prefetch distance is selected to be the minimum of the tié length and the computed prefetch
distance, as discussed in Section 5.4.

Figure 15 presents the tall tile results with and without prefetching for MM , Jacobi , and RB,
and compares them to the corresponding square tile resultsdm Figure 11. Notice tall tiles and
square tiles alone achieve similar performance. However,iven combined with software prefetching,
tall tiles signi cantly reduce the short-loop overheads suered at high bandwidths when using square
tiles, matching the performance of software prefetching alne from Figure 11. These simulation
results demonstrate that tall tiles allow us to fully exploit the bene ts of software prefetching and
tiling simultaneously.

In addition, the combined tall tile and software prefetching techniques retain the robustness
bene t described in Section 5.4. Figure 15 shows that at low lndwidth, the performance tracks
tiling performance alone, while at high bandwidth, the performance tracks software prefetching
performance alone. Hence, the enhanced combined techniggbows more robustness to variations in
the memory system parameters since the two techniques are mesynergistic when the enhancement
is applied.

6.2 Padding for Software Prefetching

While software prefetching can hide memory latency given swient memory bandwidth, con ict
misses on prefetched data can degrade or even completelyrelnate bene ts. In our experiments,
we found that prefetching for a ne array codes may require array padding, particularly if the set
associativity of the L2 cache is low. The problem is that for ®me applications and problematic
data sizes, severe con ict misses may result, with all prefiehed data being mapped to a small set
of cache lines, as shown in the top of Figure 7. This problem igspecially acute for a ne accesses
to arrays whose dimensions are near a multiple of the cachezg since adjacent array elements will
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Figure 16: lllustrating the algorithm used for the choice of array padding.
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Figure 17: Execution results for padding with and without prefetching in Jacobi and RB.

conict in cache. To alleviate the con icts, array padding c an be used to create a better mapping
into the cache, as shown in the bottom half of Figure 7, allowng prefetched cache blocks to remain
in cache until the processor references the data.

The appropriate amount of padding to apply to the array is computed as follows. First, the
prefetch distance computed by the prefetching algorithm, & explained in Section 3 and as computed
for our applications at the end of Section 5.1, is treated ashe leading dimension of a tile. Second,
the compiler uses the Euclidean GCD algorithm to determine vinether cache con icts will occur
within a tile whose leading dimension is the prefetch distace, \PD." Padding is introduced
incrementally to the leading array dimension until the Euclidean GCD algorithm gives a con ict-
free tile size whose leading dimension is at least equal to darger than "P D" [18, 19]. Figure 16
illustrates this algorithm, showing how the leading dimenson of a tile "H " is related to the prefetch
distance "P D," how padding is introduced along the leading array dimenson, and how a group of
P D prefetched array cache blocks do not con ict in the cache aféer padding.

For this padded problem size, prefetched cache blocks wiltay in cache until they are referenced
by the processor for the following reason. After issuing a pefetch, the processor will reference the
prefetched cache block only after prefetch distance minus {PD 1) additional prefetches have
been issued since each prefetch instruction prefetches daP D iterations in advance. So, there are
at most PD prefetched cache blocks that have not been referenced by thgrocessor at any one
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moment in time. For the amount of padding computed, the Euclidean GCD algorithm ensures no
con icts will occur within a tile whose leading dimension is at least equal to the prefetch distance.
Hence, we are guaranteed that there are no con icts betweenhe PD cache blocks that have been
prefetched but not yet referenced by the processor.

Figure 17 presents experiments demonstrating the utility d combining array padding with
prefetching. Versions ofRB and Jacobi were created with and without both padding and prefetch-
ing. We used a 2-way set-associative L2 cache in these simtitans for the purpose of illustration,
since 4-way caches can eliminate con icts in both benchmark but this would not be the case for
more complicated programs. We chose a problem size of 25856 8. Such power-of-two problem
sizes occur frequently in multigrid codes due to the need to se a series of meshes of increasing
granularity. Based on the prefetch distance, our Euclideanalgorithm chose to pad the array to
313 256 8 to eliminate con icts.

The rst two graphs in Figure 17 for RB and Jacobi show that padding alone applied to
the original unoptimized code is capable of removing many othe con ict misses, and increases
performance even with no prefetching applied. Figure 17 als shows that prefetching alone, in the
graphs labeled \Pref," provides zero benet due to the conicts since conicts evict prefetched
cache lines before their use. In fact, performance degraded low bandwidth due to fetching more
data because of the con icts. Once padding is applied, as sk in the graphs labeled \Pref+Pad,"
prefetching can improve performance beyond that achieved Y padding alone. (Note, due to the
change in the problem sizes for this particular enhancementthe results for Orig and Pref for
both RB and Jacobi in Figure 17 are di erent from those in Figure 11).

6.3 ccmalloc and Prefetching

Software prefetching for pointer-chasing codes su ers hilg overhead to create and manage jump
pointers, as described in Section 5.2. However, jump pointe may not be necessary when prefetch-
ing is combined with ccmalloc  memory allocation. Since intelligent allocation places lhk nodes
contiguously in memory, prefetch instructions can accessufture link nodes by simple indexing, just
as for a ne array accesses. Figure 9 shows the e ect otcmalloc on nodes linked together by
pointers. From the right-hand part of the gure, it is intuit ive that a compiler can insert prefetches
for list nodes further down the list using the size of a node ad the location of the rst node.
This approach, which we call index prefetching [1, 37], was originally proposed in [8]. With in-
dex prefetching, the jump pointers can be removed, thus elirmating all the overhead associated
with jump pointer prefetching. To quantify this bene t, we ¢ reated index prefetching versions for
Health and MST , and show the results for these benchmarks in Figure 18. (Weid not create an
index prefetching version forEM3D , our third pointer-chasing benchmark, since it already acheves
high performance with normal software prefetching as shownn Figures 10 and 13).

The upper portion of Figure 18 compares index prefetching tadhe original versions with prefetch
arrays andccmalloc allocation alone as well as in combination, assuming a memgdatency of 80
cycles. The data shows index prefetching indeed eliminatesost of the software overheads incurred
by prefetch arrays, as we expected. As a result, index prefehing outperforms all other optimized
versions at high memory bandwidths for both Health and MST . Index prefetching performs
slightly worse than ccmalloc  allocation alone at low bandwidth only, especially in MST , due to
prefetching conditionally accessed link nodes, increas;mmmemory bandwidth consumption.

While index prefetching reduces software overheads, it is@t as e ective in eliminating memory
stalls as prefetch arrays forHealth . In Health , many link nodes are deleted and re-inserted into
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linked lists frequently. Contiguous allocation, and henceindex prefetching, for such dynamic lists
is useless since the layout of link nodes becomes random afte few delete and insert operations.
As the upper portion of Figure 18 shows forHealth , index prefetching hides less memory latency
than prefetch arrays due to frequent delete and insert operions. At larger memory latencies, the
increased memory stalls outweigh the reduced software oveeads, so combiningccmalloc and
prefetch arrays naively outperforms index prefetching.

7. Hardware Prefetching

While our research focuses on software techniques, theresal exist several hardware techniques for
addressing the memory bottleneck problem. Hardware prefetching in particular, is a promising
hardware technique that has received signi cant attention. In fact, research in this area is mature
enough that many recent commercial microprocessors use spte prefetchers. Speci cally, the Intel
Pentium 4 [38] and IBM Power 5 [39] both employstride-based hardware prefetcher§d0, 41]. Given
that hardware prefetching is becoming commonplace in higrend CPUs, an important question is
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how do our software techniques compare against hardware pfetching? Furthermore, if applied in
concert, how will our software techniques interact with hardware prefetching?

To address these questions, we augmented our simulator to ndel a stride-based hardware
prefetcher, similar to the one used in [42]. Our stride prefecher consists of a 256-entry stride table
and 8 stream bu ers. The stride table observes the post-L1 nés stream to detect strides on a
per-load instruction basis. When a striding load is detectel, the stride table allocates a stream
bu er and commences prefetching using the observed stride.The processor checks both the L1
cache and stream bu ers for each memory operation, and on a stam bu er hit, the prefetched
block is moved into the L1 cache. To prevent thrashing, con dence estimation is used to guide
stream bu er allocation. Each stride table entry contains a saturating counter that is incremented
(decremented) whenever an L1 cache miss would have been cectly (incorrectly) predicted by
the stride table. Each stream bu er also contains a saturating counter that is updated similarly.
Stream bu er allocation occurs only when an inactive streambu er is found, or when the allocating
stride table entry has a higher con dence counter value thanone of the active stream bu ers.

Figure 19 shows the results of our hardware prefetching stugin a format similar to Figure 10.
As in Figure 10, we keep the memory latency xed at 80 cycles, ad vary the memory band-
width between 1 and 64 GBytes/sec. Groups of bars representersions optimized using di erent
techniques. The bars labeled \Pref" employ software prefething alone, and are identical to the
corresponding bars in Figure 10. The bars labeled \Stride" ad \Pref+Stride" employ stride-based
hardware prefetching alone and in combination with softwae prefetching, respectively. Finally,
the bars labeled \Pref+Opt" and \Stride+Opt" employ locali ty optimization in combination with
software prefetching and stride-based hardware prefetcinig, respectively. Note, the \Pref+Opt"
and \Stride+Opt" versions of the a ne array benchmarks ( e.g. RB, Jacobi , and MM ) use the
tall tile approach described in Section 6.1 since basic tihig does not perform well in combination
with prefetching.

Comparing the \Stride" and \Pref" bars, we see hardware prefetching outperforms software
prefetching slightly at high bandwidths for RB, Jacobi , MM , and MST . These benchmarks ex-
hibit striding, so stride prefetching e ectively removes the memory stalls. Also, hardware prefetch-
ing incurs zero runtime overhead since it does not consume pressor resources to issue prefetches;
hence, hardware prefetching enjoys a small performance admatage roughly equal to the runtime
overhead incurred by software prefetching in these benchnréis. Hardware prefetching also outper-
forms software prefetching at low bandwidths forHealth and EM3D . These benchmarks perform
pointer chasing, so jump pointers and prefetch arrays must ke instrumented to perform software
prefetching. When memory bandwidth is scarce, fetching thee extra pointers o sets the bene ts
of prefetching. Since hardware prefetching does not requér extra pointers, it does not incur the
additional memory tra c, allowing it to outperform softwar e prefetching at low bandwidths.

While hardware prefetching holds a modest performance advatage in some cases, software
prefetching outperforms hardware prefetching signi cantly in many other cases. In particular, Ir-
reg , Moldyn , NBF , Health , and EM3D exhibit irregular access patterns that are non-striding.
Stride prefetching fails to cover a signi cant portion of the cache misses in these benchmarks;
hence, software prefetching achieves a signi cant gain ovehardware prefetching, particularly at
high bandwidths. In MM , Irreg , Moldyn , and MST , hardware prefetching frequently prefetches
useless data, thus incurring higher memory tra c relative t o software prefetching. This leads to
a performance advantage for software prefetching at low bagwidths. Overall, our results indi-
cate stride prefetching alone, as performed by hardware pfetchers in contemporary CPUs, cannot
achieve the performance a orded by software prefetching orour benchmarks.
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Comparing the \Pref+Stride" and \Pref" bars, we see the combination of hardware and soft-
ware prefetching achieves similar performance to softwargrefetching alone. One exception is
MST where hardware prefetching frequently fetches useless datresulting in reduced performance
at low bandwidths. However, aside from this case, the two telniques combine quite well. This
result suggests compilers and programmers can apply softwa prefetching on systems with hard-
ware prefetchers, and achieve good performance without woying about their interaction. (Note,
higher performance could probably be achieved if software nefetching is selectively disabled for
striding memory references to reduce runtime overhead sirecthese references can be prefetched by
hardware prefetching. But evaluation of such an approach isbeyond the scope of this study.)

Finally, comparing the \Pref+Opt" and \Stride+Opt" bars, w e see the combination of hard-
ware prefetching and locality optimization outperforms the combination of software prefetching
and locality optimization in almost all cases. What's surprising is \Stride+Opt" is superior even
for most of the indexed array and pointer-chasing benchmark. As discussed above, these bench-
marks exhibit irregular access patterns that are non-stridng. However, locality optimizations (e.g.
runtime access reordering for indexed arrays andcmalloc  for pointer chasing) not only increase
temporal reuse, but they increase spatial reuse as well. As gesult, many of the irregular memory
references exhibit enough striding after locality optimization that hardware prefetching becomes
e ective. Also, as discussed above, hardware prefetchingaks not consume processor resources to
issue prefetches, resulting in a performance advantage aveoftware prefetching due to the lower
runtime overhead.

There are a few exceptional cases. FOEM3D at high bandwidths, software prefetching still
holds a signi cant performance advantage over hardware prietching when combined with local-
ity optimization. ccmalloc is unable to improve the locality for one critical memory reference
in EM3D , so stride prefetching fails to cover its cache misses whilgoftware prefetching covers
them. And for MM and MST , the performance degradation in hardware prefetching duea fetch-
ing useless data exceeds the benet of reduced prefetch overad. So, \Pref+Opt" still holds a
performance advantage over \Stride+Opt" at low bandwidths for these benchmarks. However,
our primary conclusion remains that \Stride+Opt" outperfo rms \Pref+Opt" overall. This result
indicates locality optimization, when applied in concert with prefetching, not only reduces memory
tra c, but also enables stride-based hardware prefetching for benchmarks that do not normally
exhibit striding.

8. Related Work

Our work is most similar to Saavedraet al [43], which evaluated unimodular transformations, tiling,
and software prefetching for matrix multiply. Mowry et al [44] also evaluated software prefetching
and tiling for two scienti ¢ applications. In comparison, t his paper focuses on memory trends
and quanti es their impact on software prefetching and locdity optimizations. Prior work has
considered a single technology point only. Furthermore, weexamine three classes of applications
requiring di erent types of optimizations to study the memo ry trend e ects in a broader context.
We also propose enhancements to address problems that ariggnen combining techniques. Finally,
compared to [43] which used a cache simulator to evaluate pfarmance, we use detailed execution-
driven simulation of a modern processor.

Although relatively little work has compared prefetching and locality optimizations, a large body
of work has studied memory latency tolerance and data localy techniques in isolation. Software
prefetching for a ne array accesses has been studied in [4,,5%]. Hardware prefetching techniques
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studied in [40, 45, 41, 46, 47] are similarly limited to a ne array accesses, but use hardware to
identify the access pattern automatically. Prefetch engires for a ne array accesses [48, 49, 50, 51]
provide hardware support for prefetching, but rely on the programmer or compiler to identify the
access pattern.

Prefetching for pointer-chasing traversals uses one of seral possible approaches. The rst
approach inserts additional pointers, calledjump pointers, into dynamic data structures to connect
non-consecutive link elements [52, 7, 8, 11], as described $ection 3.3. Another approach uses only
natural pointers for prefetching [53, 8, 9, 10]. These techiques prefetch pointer chains sequentially,
but schedule each prefetch as early as possible to maximize emory latency overlap. A third
approach uses a correlation-based predictor in hardware, Iso known as aMarkov predictor, to
predict link node addresses for prefetching [54, 55, 42]. Aofurth approach uses a special allocation
technigue to allocate nodes contiguously in memory which eables indexed access to the link nodes.
This approach was rst proposed in [8] and is calleddata linearization prefetching. The index
prefetching technique evaluated in Section 6.3 is identichto data linearization prefetching.

In addition to these pointer prefetching techniques, there have been other techniques more
recently that target pointer-chasing and other irregular applications. One such technique ispre-
execution [56, 57, 58, 59, 60, 61]. Pre-execution uses spare hardwarentexts in a multithreaded
processor to run one or morehelper threadsin front of the main computation. The helper threads
trigger cache misses on behalf of the main thread, prefetchg them into cache. Another recent
technigue is Content-Directed Prefetching (CDP) [62]. CDP observes data as it is moved from
memory into the L2 cache, and issues prefetches for any valsethat resemble memory addresses
in anticipation of their access by the processor. A less hangare-centric approach compared to
CDP is Guided Region Prefetching (GRP) [63]. GRP relies on tle compiler to convey hints to the
memory system that identify pointer accesses, indexed armaaccesses, and accesses that exhibit
spatial reuse. Special prefetch hardware triggers prefebes on L2 misses based on the compiler
hints. Lastly, another recent technique is to migrate a preetching mechanism into the memory
system itself [64, 65]. Suchmemory-side prefetchergeduce the round-trip latency to main memory,
increasing the throughput of serialized pointer chasing réerences [65], and can implement large
correlation tables for pointer prefetching since they can pace such tables in DRAM [64].

Aside from prefetching, another related memory latency tokrance technique is multi-threading.
Multi-threaded architectures tolerate latency by means ofcontext switching between di erent pro-
cesses or threads of control. Context switches can be trigged by a particular event like a cache
miss [66] (the MIT Alewife [67] is a machine that makes use ofigh an idea), or they can be made
on every cycle [68]. More recently, researchers have invégated Simultaneous Multi-Threading [69]
in which instructions from multiple threads can be chosen fo execution within a single cycle on
a multi-issue processor. One drawback of multi-threading &chniques, however, is they cannot
improve single-thread performance; they only increase ovall processor throughput.

Burger et al [70] forecasted the increasing importance of memory latenctolerance techniques,
such as prefetching and multi-threading, given the widenimg gap between processor and memory
performance. In [70], they study the impact of increased lagéncy tolerance via out-of-order exe-
cution on processor pin bandwidth, and concluded that pin bandwidth limitations will become as
signi cant a bottleneck to processor performance in the fuure as memory latency. Compared to
our work, Burger's study evaluated out-of-order executiononly, and did not evaluate other memory
latency tolerance techniques.

In addition to memory latency tolerance techniques, reseathers have also attacked the memory
bottleneck problem by improving data locality. Computatio n-reordering transformations such as
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loop permutation and tiling are the primary optimization te chniques [13]; loop ssion (distribution)
and loop fusion have also been found to be helpful [71].

Data layout optimizations such as padding and transpose hag been shown to be useful in elim-
inating con ict misses and improving spatial locality [21]. Several cache miss estimation techniques
have been proposed to help guide data locality optimizatios [72, 13]. Tiling has been proven
useful for linear algebra codes [14, 16, 13] and multiple Igonests across time-step loops [20].
In comparison we apply tiling to 3D stencil codes which cannb be tiled with existing methods.
Rivera in [18, 19] studied existing tiling techniques [73] ad devised techniques to tile 3D scienti ¢
computations.

Researchers have examined irregular computations mosthnithe context of parallel computing,
using run-time [26, 27, 28] and compiler [74] support to supprt accesses on message-passing multi-
processors. A few have also looked at techniques for imprawy locality [22, 23, 24, 25]. Metrics such
as reference a nity have been used to guide algorithms for sfitting data structures and regrouping
arrays to improve spatial locality [75]. Strout et al. have examined models for determining which
combination of run-time data and iteration reordering heuristics will result in the best locality for
a given dataset [76, 77].

Few researchers have investigated data layout transformabns for pointer-based data struc-
tures [78, 79]. Chilimbi et al. investigated allocation-time and run-time techniques to improve
locality for linked lists and trees [30]. In this paper, we propose further extensions. Calderet al.
use pro ling to guide layout of global and stack variables to avoid conicts [29]. Carlisle et al.
investigate parallel performance of pointer-based codesiOlden [80].

9. Conclusion

Software prefetching and locality optimizations are two promising technigues for addressing the
processor-memory performance gap. Our work evaluates the extiveness of these software tech-
niques for three classes of applications, and studies theinteractions when applied in concert. We
also study the impact of stride-based hardware prefetchingon our software techniques.

Several conclusions can be drawn from our work. First, the riative e ectiveness of software
prefetching and locality optimizations depends on availalle memory bandwidth. For our array-
based benchmarks, software prefetching outperforms loci& optimizations at high memory band-
widths, while locality optimizations outperform software prefetching at low memory bandwidths.
The equi-performance bandwidth is 2.41 GBytes/sec on today memory systems, but will increase
as memory latencies increase in the future. However, loc#i optimizations outperform software
prefetching at all memory bandwidths and latencies for 2 outof 3 pointer-chasing benchmarks due
to the reduced e ectiveness of prefetching for pointer-baed data structures. The one exception is
EM3D for which software prefetching achieves high performanceaence,EM3D behaves similarly
to our array-based benchmarks.

Second, combining software prefetching and locality optinizations inherits the merits of both
technigues. Combining yields better performance than eitler software prefetching or locality opti-
mizations alone when memory latency is very high since it exipits both. Combining is also more
robust to changes in memory system parameters than either k@ncy tolerance or latency reduction
technigues in isolation. However, naively combining techigues does not outperform the best choice
amongst software prefetching and locality optimizations done at all bandwidths and latencies.
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Third, the combined e ectiveness of software prefetching ad locality optimizations can be en-
hanced through new algorithms. For a ne array benchmarks, tall-tile selection reduces prefetch
startup overheads, allowing combining to outperform software prefetching and locality optimiza-
tions alone for practically all memory bandwidths and latencies. Also, padding can remove con icts
between prefetched data for af ne array benchmarks, and is wcial when prefetching for problem
sizes that su er from cache con icts. For pointer-chasing benchmarks, combining index prefetching
and ccmalloc  memory allocation can reduce prefetch overheads, but thissi not e ective when a
large number of link nodes cannot be contiguously allocatedas in Health , or when ccmalloc
allocation already gets most of the gain, as inMST .

Finally, stride-based hardware prefetching can outperfom software prefetching for striding ap-
plications due to lower runtime overhead, but software preétching signi cantly outperforms hard-
ware prefetching for benchmarks exhibiting irregular acces patterns. When combining hardware
and software prefetching, performance similar to softwareprefetching alone is achieved, suggesting
that software prefetching can be successfully applied on CBs with stride prefetchers. Also, locality
optimizations enable stride prefetching for benchmarks ttat do not normally exhibit striding, al-
lowing combined hardware prefetching and locality optimization to outperform combined software
prefetching and locality optimization, again due to lower runtime overhead.

On current memory systems, maintaining memory bandwidths ¢ 1-4 Gbytes/sec is achievable.
Thus, the simulation results most relevant to today's systems are those with bandwidth towards
the low end in our bandwidth variation experiments. As processors become faster, the memory
wall will increase, reducing available memory bandwidth rdative to processor speed. Thus, locality
optimizations should become more important in the future. At the same time, as processor speeds
increase, memory latencies will increase into the 100s of cles. Thus, the simulation results most
relevant for future systems are those with latencies toward the high end in our latency variation
experiments.

One possibility for dramatically increasing memory bandwdth is to switch to processor-in-
memory (PIM) architectures [81]. For on-chip data, available memory bandwidth will be more like
that towards the high end of our bandwidth variation experiments. Our results show such PIM
systems should benet signi cantly from software prefetching. However, even PIM systems will
require locality optimizations to reduce accesses to o -Cip data.

10. Future Work

We believe software and architecture support is needed to wce the memory bottleneck for ad-
vanced microprocessors. In this paper, we demonstrated hoprefetching and locality optimizations
can be used to improve locality and performance for severalypes of applications. While our results
are encouraging, much work remains to be done.

First, our results have mostly been achieved for individualkernels. These kernels are important
because they are taken from larger programs, and make up theagt majority of processing time in
these other workloads. However, we must still actually evalate the e ectiveness of our techniques
for larger, more realistic programs.

Second, our locality optimizations are currently applied smi-automatically, only partially im-
plemented in the compiler and run-time system. For these opimizations to be widely used, we must
automate them as much as possible. Also, we hand-instrumertl prefetching for all applications,
a task that the compiler needs to automate. Hence, an importat direction for future work is to
implement our algorithms in a compiler and to re-perform our study.
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Third, a somewhat surprising result from Section 7 is localiy optimizations enable stride-based
hardware prefetching for benchmarks that do not normally exibit striding. Further investigation
into combining stride prefetching and locality optimizati on using more benchmarks is an interesting
direction for future work, particularly given the increasi ng number of commercial CPUs that employ
stride prefetchers.

Finally, while our current study focuses on performance, aother important consideration is
power. We believe an extremely important and interesting fuure direction is to investigate the
impact of the optimizations studied in this work on system power and energy dissipation. Given
the importance of this direction, we have already begun workin this area [82]; however, much more
work is required.
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