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Abstract

Processor and memory technology trends portend a continual increase in the relative cost of
accessing main memory, so that today a memory access can be hundreds of times more costly than an
arithmetic operation. Machine designers have tried to mitigate the effect of this trend through hardware and
software prefetching, multiple levels of cache, non-blocking caches, dynamic instruction scheduling, spec-
ulative execution, etc. These techniques, unfortunately, have only been partially successful for pointer-
manipulating programs.

This paper explores a complementary approach of enlisting programmers and tool writers in the
task of improving the cache locality of accesses to pointer-based data structures. Throughout, we exploit
the location transparency of pointer-based data structures that allow changes to the memory (and cache)
layout of nodes, records, fields, etc. This paper brings to a broader audience of software professionals the
results we have previously presented in three research papers and a Ph.D. thesis [3,4,5,6]:

*  We discuss how programmers can manually improve cache performance with techniques, such as clus-
tering, compression, and coloring.

*  We then explore how to lessen a programmer’s burden with the help of semi-automatic and automatic
tools for changing structure layout to improve cache performance. Techniques include reordering
fields in a structure definition, carefully placing nodes in memory at allocation time, and dynamically
reorganizing extant data structures.

*  Throughout we discuss the impact how language choice affects whether optimization can be supported
automatically. C and C++, for example, make it difficult (or impossible) to reorder fields in a record or
placement of nodes in a data structure. By contrast, Java, Lisp, and ML do not specify the implementa-
tion order of fields and enable safe reorganization (e.g., during periodic garbage collection).

1 Introduction

Microprocessor performance has improved by 60% each year for almost two decades. Yet, over
the same period, memory access time has decreased by less than 10% per year [10]. These trends appear
likely to persist barring an unforeseen technological breakthrough. This is because the primary driving
force behind memory technology is storage capacity, and current technology precludes high-capacity
memories with fast access times.

The unfortunate, but inevitable, consequence is an ever-increasing processor—memory perfor-
mance gap. Memory caches are the ubiquitous hardware solution to this problem. These are small, fast
memories that store recently accessed data items and attempt to intercept and satisfy data requests without
accessing main memory. In the beginning, a single level of cache sufficed, but the increasing performance
gap (now two orders of magnitude) requires two levels of caches today and three in the near future.

In addition to caches, a variety of hardware and software techniques—such as prefetching, multi-
threading, non-blocking caches, dynamic instruction scheduling, and speculative execution—have been
developed and implemented to reduce or tolerate memory latency. Despite these techniques, which require
complex hardware or software, many programs’ execution time is dominated by the latency of memory
references. Moreover, high and variable memory access costs undercut the fundamental random-access
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Figure 1. Improving software locality through program transformation. In the worst case, the
code snippet on the left will suffer a cache miss on every access, whereas that on the right will incur a
cache miss only on every fourth access.

memory (RAM) model (all memory accesses have unit cost) that most programmers use to understand and
design data structures and algorithms. This can cause unexpected behavior; for example, algorithms with a
larger number of operations (but fewer memory references) may outperform alternative algorithms with
fewer operations.

From a software perspective, programming languages used to write programs have also evolved.
Early languages such as Fortran and Algol, used mainly for scientific applications, did not support point-
ers. Applications written in these languages store their data in array structures. Subsequent languages such
as Simula, Pascal, C, and C++ supported pointers. Many applications written in these languages, such as
databases and operating systems, make extensive use of pointer structures to store data.

A pointer structure is a collection of heap-allocated data elements connected by pointers such as
linked lists and B-trees. Since pointer structures are collections of heap allocated elements, they can be
dynamically sized while a program is executing. A pointer structure can be grown by allocating additional
elements on the heap, and attaching them to the existing structure with pointers. Shrinking a structure is the
reverse process in which elements are deleted and the freed heap space made available for reuse. Pointer
structures are frequently used in applications in which the data requirements are not known until the pro-
gram executes or varies widely during execution. Due to their dynamic nature and reliance on heap-allo-
cated storage, pointer structures tend to have less regular access patterns than array structures.

We call applications that make extensive use of pointer structures pointer-manipulating programs.
Not surprisingly, techniques for reducing and tolerating latency that were developed primarily for applica-
tions that manipulate data stored in array structures are not as effective for pointer-manipulating programs
[11]. In addition, many techniques are fundamentally limited by their focus on the manifestation of the
problem (memory latency), rather than its cause (poor reference locality).

In general, reference locality can be improved either by changing a program’s data access pattern
or its data organization and layout. The first approach has been successfully applied to improve the cache
locality of scientific programs that manipulate dense matrices [13, 2, 8]. Figure 1 illustrates this with an
example. The code snippet on the left references array elements in a manner that cycles through different
cache blocks, potentially incurring a cache miss at each array access. If it is possible to interchange the



Temporal locality

a b1,
CpPU — Cache — Memory
\v (L M ¢
Spatial locality
| oad a
| oad n
| oad m
| oa'd' 'a

Figure 2. Exploiting locality with a cache. The second access to a could be satisfied without a memory
transfer due to its temporal proximity to a prior access to a. The load of mwill also not require a memory
access since mis in the same cache block as n, which was brought into the cache by the previous access.

loops as shown in the code snippet on the right, the resultant data reference pattern will step through all
array elements in a cache block before accessing the next block, reducing the number of potential cache
misses by a factor of four. Two properties of array structures—uniform, random access to elements, and a
number-theoretic basis for statically analyzing data dependencies—allow compilers to analyze array
accesses and perform transformations that reorder accesses without affecting a program’s result

Unfortunately, pointer structures share neither property. Consider, for example, a tree structure. A
key search on this tree structure has to start at the root of the tree and follow tree node pointers to the
appropriate leaf. Reordering these accesses is, in general, impossible. In addition, although much progress
has been made in pointer-analysis techniques, they are still not strong enough to guarantee that reordering
pointer accesses will not affect a program’s result. Pointer structures are however composed of separated,
independently allocated pieces and possess an extremely powerful property of location transparency: ele-
ments in a compound data structure can be placed at different memory (and cache) locations without
changing a program’s semantics. The thesis of this work is that careful placement of structure elements
provides the essential mechanism to improve the cache locality of pointer-manipulating programs, and
consequently, their performance.

The rest of the paper is organized as follows. Section 2 provides a brief overview of cache memo-
ries. Section 3 discusses general design principles that a programmer can use to improve cache perfor-
mance by increasing a pointer structure’s spatial and temporal locality and by reducing cache conflicts.
Section 4 explores several mostly-automatic and completely-automatic strategies for producing cache-con-
scious pointer structures.

2 SIDEBAR: Cache Memory

Caches are small, fast memories that store recently accessed data items and attempt to intercept
and satisfy data requests without accessing main memory. Caches can improve performance by exploiting
data reference locality (see Figure 2). There are two types of data locality—temporal and spatial. A data
item exhibits temporal locality if it is repeatedly accessed within a short period of time. Spatial locality
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Figure 3. Memory cache. Important cache parameters include block size, which determines the transfer
unit between memory and cache, cache capacity, and cache associativity, which constrains the number of
distinct cache locations that a block can be placed.

implies that data items stored in adjacent memory locations are likely to be accessed contemporaneously.
Caches exploit temporal locality by storing recently accessed data. Caches transfer data from main mem-
ory in contiguous blocks that encompass multiple words and, consequently, benefit from spatial locality.

Cache memory is constrained to be small to ensure high-speed access, and hence cache capacity is
much smaller than main memory capacity. To amortize the high cost of accessing main memory, data is
transferred in units called cache blocks that encompass multiple words (typically 16-128 bytes). To limit
the blocks simultaneously searched on a cache access, block placement in the cache is typically con-
strained to 1, 2, or 4 locations. The number of locations where a block can be placed is a cache’s associa-
tivity. Figure 3 illustrates these design constraints.

A program’s cache performance is often characterized by its miss rate. This is the fraction of the
total number of references that miss in the cache and need to access main memory. Higher miss rates indi-
cate poorer cache performance. The average memory-access time for a machine architecture with a cache
is given by

Access Time = Cache Hit Time + (Cache Miss Rate) x (Cache Miss Penalty)

Since cache hit time and miss penalty are determined by the underlying hardware, reducing the cache miss
rate provides the only opportunity to improve a program’s memory system performance.

Hill characterized cache misses as compulsory misses, capacity misses, and conflict misses [9].
Compulsory misses are incurred when a data item is first loaded in the cache. A miss is a capacity miss if it
would hit in a cache of larger size. Finally, a conflict miss is a result of limited cache associativity and
arises from different blocks mapping to the same position in the cache.

Figure 4 illustrates different approaches to improving cache performance. The shaded units indi-
cate contemporaneously accessed data items. Since data is transferred in cache block sized units that can
contain multiple data items, increasing cache block utilization by placing contemporaneously accessed
data in the same cache block increases the efficiency of data transfer from memory and provides an
implicit prefetching mechanism (a). This reduces the number of compulsory and capacity misses. More-
over, making more efficient use of cache space by reducing a structure’s cache block footprint will also
reduce the number of capacity misses (see Figure 4b). Finally, mapping concurrently accessed structure
elements (which do not fit in a single cache block) to non-conflicting cache blocks reduces conflict misses

().
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Figure 4. Improving cache performance (block size = 3 words, capacity = 5 blocks, associativity =
1). (a) Cache block utilization can be improved by packing cache blocks with contemporaneously
accessed data. (b) Cache block working set can be reduced by a similar technique applied across multiple
cache blocks. (¢) Cache conflicts can be reduced by having contemporaneously accessed data map to dif-
ferent cache locations.

3 Designing Cache-Conscious Data Structures

This section discusses three general data placement design principles that can be combined in a
wide variety of ways to produce cache-conscious data structures. Clustering attempts to pack data structure
elements likely to be accessed contemporaneously into a cache block. This increases cache block utiliza-
tion and reduces the cache block working set (see Figure 4). Coloring segregates heavily and infrequently
accessed elements in non-conflicting cache regions. This reduces cache conflicts. Compression reduces
structure size or separates the active portion of structure elements. This increases the benefits that arise
from applying clustering or coloring.

3.1 Clustering

Clustering attempts to pack in a cache block, data structure elements likely to be accessed contem-
poraneously. Clustering improves spatial and temporal locality and provides implicit prefetching.
To illustrate the concept let us consider a tree structure. An effective way to cluster a tree is to pack

subtrees' into a cache block. Figure 5 shows a subtree-clustered binary tree. An intuitive justification for
binary subtree clustering is as follows. For a series of random tree searches, the probability of accessing
either child of a node is 1/2. With k nodes in a subtree clustered in a cache block, the expected number of
accesses to the block is the height of the subtree, log,(k+ 1), which is greater than 2 for k> 3. Consider the

alternative of a depth-first clustering scheme, in which the k nodes in a block form a single parent-child-
grandchild-... chain. In this case, the expected number of accesses to the block per tree search is:

1. The term subtree is used to refer to subtree regions rather than complete subtrees.
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Of course, this analysis assumes a random access pattern. For specific access patterns, such as
depth-first search, other clustering schemes may be better. In addition, tree modifications can destroy
locality. However, our experiments indicate that for trees that change infrequently, subtree clustering is far
more efficient than allocation-order clustering, which places contemporaneously allocated tree nodes in the
same cache block.

3.2 Coloring

Caches have finite associativity, which means that only a limited number of concurrently accessed
data elements can map to the same cache block without incurring conflict misses. Coloring maps contem-
poraneously accessed elements to non-conflicting regions of the cache. Figure 6 illustrates a 2-color

A

[ ey ./ W
p
| / Frequentl Remaining
A accessed elements elements
C-p

Cache

Empty Empty

p P p P p P p P
Virtual Address Space
Figure 6. Coloring data structure elements to reduce cache conflicts. Frequently accessed elements

are uniquely mapped to a portion of the cache so that they are not displaced by infrequently accessed ele-
ments. This is accomplished by inserting gaps in the virtual address space that are kept empty.



scheme for a 2-way set-associative cache (easily extended to multiple colors). A cache with C cache sets
(each set contains a = associativity blocks) is partitioned into two regions, one containing p sets, and the
other C — psets. Frequently accessed structure elements are uniquely mapped to the first cache region (i.e.,
such that they don’t conflict with each other), and the remaining elements are mapped to the other region.
The mapping ensures that heavily accessed data structure elements do not conflict among themselves and
are not replaced by infrequently accessed elements. In addition, if the gaps in the virtual address space that
implement coloring correspond to multiples of the virtual memory page size, this scheme does not waste
any physical memory.

3.3 Compression

Compressing data structure elements enables more elements to be clustered in a cache block. This
both increases cache block utilization and shrinks a structure’s memory footprint, which can reduce capac-
ity and conflict misses. Compression typically requires additional processor operations to decode com-
pressed information. However, with high memory access costs, computation may be cheaper than
additional memory references. Structure compression techniques include data encoding techniquesich
as key compression [7], and structure encoding techniquesich as pointer elimination and hot/cold struc-
ture splitting.

Pointer eliminationreplaces pointers by computed offsets. The classic example of pointer elimina-
tion is the implicit heap data structure, in which children of a node are stored at known offsets in an array.
Another example is eliminating the internal subtree pointers from the clusters in the tree shown in Figure 5.

Hot/cold structure splittings based on the observation that most searches examine only a portion
of individual elements until a match is found. Structure splitting separates heavily accessed (hot) portions
of data structure elements from rarely accessed (cold) portions (Figure 7). This slightly increases the total
size of the data structure, but can significantly reduce the size of the hot “working set.”
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for (p = Head; p !'= NULL; p = p->hext)

i f(p->key == Key)
br eak;
}
if (p !'= NULL)
Exami ne other fields of p;

Figure 7. Compression through structure splitting. Cold portions of a structure are extracted. This
permits packing a larger number of hot structure instances in the same cache block.
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Figure 8. Srategiesfor cache-conscious data placement. Cache-conscious strategies can be applied
when a structure is defined, when it is allocated, or when it is accessed.

4 Strategies for Cache-Conscious Data Placement

While cache-conscious pointer structure design offers significant performance benefits, there are
several reasons why this approach is difficult for the average programmer to apply to real programs. First,
application of these design principles is dependent on the data structure and its associated access pattern,
and consequently requires complete understanding of an application’s code and data structures. Moreover,
they require knowledge of the underlying cache architecture—something many programmers are unfamil-
iar with. Finally, they require significant rewriting of an application’s code.

To address these problems, we have designed and evaluated several mostly-automatic and com-
pletely-automatic strategies for producing cache-conscious pointer structures. All these strategies have the
common goal of making the benefits of cache-conscious data structures available to an average program-
mer, just as compilers provided programmers, unwilling or unable to code in assembly language, the abil-
ity to write high-performance programs. The different strategies apply the design principles described in
the previous section to transform existing pointer structures into cache-conscious versions.

We choose to organize the various cache-conscious strategies according to the time—definition,
allocation, or access time—when they are applied to data structures. As Figure 8 illustrates, cache-con-
scious pointer structures can be constructed by changing the structure definition, by modifying the alloca-
tion policy for structure elements, or by reorganizing the structure layout. Changing a structure’s definition
by reordering fields permits clustering fields that are accessed contemporaneously in the same cache block.
Splitting structures into a hot and cold portion based on program accesses permits packing more hot
instances, that are accessed together, in the same cache block. Both of these techniques increase cache
block utilization. Cache-conscious allocation attempts to co-locate contemporaneously accessed data ele-
ments in the same physical cache block at allocation time. This improves cache performance by increasing
cache block utilization. Finally, cache-conscious reorganization attempts to transform the memory layout
of pointer structures by linearizing them with respect to the expected data access pattern, and by mapping
structure elements to reduce cache conflicts. The expected access pattern can be obtained from program
profiles. For certain pointer structures such as trees, access information can be gleaned from data structure
topology. For a tree structure, a node access is likely to be followed by an access to a child of that node.
Hence clustering tree nodes into subtrees that fit in a cache block increases cache block utilization.

Figure 9 presents a flowgraph that illustrates how the various cache-conscious strategies described
later in this section can be combined to produce a cache-conscious data structure.
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Figure 9. Using cache-conscious strategies to produce a cache-conscious data structure. The dif-
ferent cache-conscious strategies can be combined in a wide variety of ways to produce a cache-con-
scious data structure.

SIDEBAR: Programming L anguage I mpact

The programming language employed can dramatically affect the feasibility and ease of applying
these cache-conscious transformation strategies. For example, low-level languages such as C and C++ sup-
port type-casting and pointer arithmetic operations that make it extremely difficult to transparently move
structures (i.e., without programmer intervention), and hamper any structure reorganization strategy. In
addition, these languages over-specify the internal representation of structure instances, which hinders
transparent modification of the structure definition. Despite these problems, this paper explores the appli-
cation of each of the cache-conscious transformation strategies—cache-conscious definition, cache-con-
scious allocation, and cache-conscious reorganization—that require minimal programmer assistance in
such unfriendly environments, and yet produce large performance improvements.

On the other hand, high-level languages such as Java provide a much more conducive environment
for such data layout optimizations. The unrestricted pointers of C and C++ are replaced by references that
facilitate transparent movement of structures. In fact, automatic memory-management schemes such as
copying garbage collection, commonly employed by these languages, routinely move data. This paper
shows that copying garbage collection can be used for transparent and automatic implementation of cache-
conscious data layouts. In addition, high-level languages such as Java are type-safe, and this permits trans-
parent changes of the internal structure representation. We exploit this to automatically split structures into
a hot and cold portion. This splitting permits more hot structure instances, which are referenced together, to
be packed into a cache block. When combined with our garbage collection scheme for object co-location,
this produces significant speedups. Given the restrictions low-level languages place on generating cache-
conscious data layouts, these techniques may help narrow, or even reverse, the performance gap between
high-level programming languages, such as Lisp, ML, or Java, and low-level languages, such as C and
C++.



cache block size
-

Case 1: Structure size << cacheblock size

S] No as‘gon Sl

Case 2: Structure size dcache block size Structure hot cold
S2| 1 | 2| £3 |4 SPht:l:g S2[f3 [ e f1 |2 [f4

Case 3; Structure size >> cache block size
S3| fl 2 3 4 5 6 f7 8 i

Fieldfeorganization

S3°1 3| O] 15 fl o 8 7 4 2

Figure 10. Cache-conscious structure definition. In case 1, the structure has a single field and is
much smaller than the cache block size so no action is necessary at definition time. In case 2, where the
structure size is comparable to the cache block size, splitting may permit multiple hot structure
instances to be packed in the same cache block. Finally in case 3, where the structure size is much
larger than the cache block size, field reordering may improve cache block utilization.

4.1 Cache-Conscious Sructure Definition

This section focuses on the internal organization of structure elements and explores two cache-
conscious definition techniques—structure splitting and field reordering—that can improve the cache
behavior of programs. Figure 10 illustrates the relationship of cache-conscious definition technique to the
size of structure instances. There are three possibilities, depending on the size of structure instances rela-
tive to the cache block size.

For instances smaller than half a cache block (case 1) techniques that arrange multiple structure
instances in memory are effective (see Section 4.2 and Section 4.3). These structures are unlikely to benefit
from additional manipulation at definition time.

If the size of data structure elements is comparable to the size of a cache block (case 2), techniques
that cluster multiple structure instances in the same cache block do not work well. However, reducing the
effective structure instance size can permit application of these techniques. Section 3.3 discussed several
complementary approaches to structure compression, such as data compression, pointer elimination, and
structure splitting. Data compression does not appear well suited to this problem due to the compression-
decompression overhead each time a structure instance is accessed. Pointer elimination often requires pro-
grammer knowledge of the data structure, which makes it hard to automate. Structure splitting partitions
structure elements into a hot and cold portion, based on field access frequencies. This can produce hot
structure pieces smaller than a cache block, which permits application of cache-conscious reorganization
techniques to these portions. In addition, for type-safe languages, structure splitting can be automated.

Finally, when structure elements span multiple cache blocks (case 3), structure splitting is likely to
produce hot instances that are larger than a cache block, making it ineffective. In this case, reordering
structure fields to place those with high temporal affinity in the same cache block can improve cache block
utilization. Typically, fields in large structures are grouped conceptually, which may not correspond to their
temporal access pattern. Unfortunately, the logical order for a programmer may cause structure references
to interact poorly with a program’s data-access pattern and result in unnecessary cache misses. Compilers
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for many languages are constrained to follow the programmer-supplied field order and so cannot correct
this problem. Yet, given the ever-increasing cache miss penalties, reordering structure fields to place those
with high temporal affinity in the same cache block, is a relatively simple and effective way to improve
program performance. Since this cannot be done automatically for many languages (in particular for lan-
guages such as C that contain large structures), our approach is to provide recommendations to the pro-
grammer on the order in which structure fields should occur.

4.1.1 Sructure Splitting

Many Java objects are comparable to the size of a cache block (case 2) [5]. In addition, since Java
is a type-safe language, class (structure) splitting can be automated. The first step in this process is to iden-
tify class member fields as hot (frequently accessed) or cold (rarely accessed). While it may be possible to
classify some member fields via static analysis, we profile a program to determine member access fre-
quency since this appears to be a simpler and more general approach. A compiler extracts cold fields from
the class and places them in a new object, which is referenced indirectly from the original object. Accesses
to cold fields require an extra indirection to the new class, while accesses to hot fields remain unchanged.
The overhead of splitting includes the space cost of an additional reference from the hot portion to the cold
portion, code bloat, more objects in memory, and an extra indirection for accesses to cold fields. The split-
ting algorithm takes these factors into account and is carefully designed to reduce these costs (see [5] for
details). In addition, we use our garbage collection scheme for cache-conscious object co-location (see
Section 4.3.2) to aggressively exploit the advantage offered by smaller (hot) class instances by packing
more hot instances in the same cache block.

For five medium-sized Java benchmarks, class splitting combined with our garbage collection
scheme for cache-conscious object co-location reduced L2 cache miss rates by 29-43%, with class split-
ting accounting for 26-62% of this reduction, and improved performance by 18-28%, with class splitting
contributing 22—66% of this improvement [5]. For languages such as C and C++, which do not permit
automatic structure splitting, the algorithm’s splitting recommendations can be used for programmer feed-
back.

4.1.2 Field Reordering

Legacy applications were designed when machines lacked multiple levels of cache and memory-
access times were more uniform. In particular, commercial C applications often manipulate large struc-
tures. To investigate the benefits of field reordering, we implemented an algorithm for recommending reor-
dering of structure fields in C programs. This field reordering algorithm correlates static information about
the source location of structure field accesses with dynamic information about the temporal ordering of
accesses and their execution frequency. This data is used to construct a field affinity graph for each struc-
ture. These graphs are then processed to produce field order recommendations. Measurements indicate that
reordering fields in 5 active structures improves the performance of Microsoft SQL Server 7.0, a large,
highly tuned commercial application, by 2—3% on the TPC C benchmark [5].

4.2 Cache-Conscious Sructure Allocation

The elements of a data structure are typically allocated with little concern for a memory hierarchy.
The resulting layout may interact poorly with the program’s data-access patterns, thereby causing unneces-
sary cache misses and reducing performance. Cache-conscious allocation addresses this problem by
attempting to co-locate contemporaneously accessed data elements in the same cache block. Since a heap
allocator is invoked many times, it must use techniques that incur low overhead. Further, a heap allocator
has an inherently local view of a structure. For these reasons, our cache-conscious heap allocator (ccmal -
| oc) only performs local clustering. ccral | oc is also safe, in that incorrect usage only affects program
performance, but not correctness.

ccmal | oc is a memory allocator similar to mal | oc, but ccmal | oc takes an additional param-
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voi d addLi st (struct List *list, struct Patient *patient)

{

struct List *b;
while (list !'= NULL){
b =1ist;
list = 1ist->forward;

list = (struct List *)
ccmal | oc(si zeof (struct List), b);
list->patient = patient;
l'ist->back = b;
list->forward = NULL;
b->forward = |ist;

}

Figure 11. ccmal | oc: Cache-conscious heap allocation. ccnal | oc attempts to co-locate the
newly allocated element with the existing data item that is passed in as a parameter.

eter that points to an existing data structure element likely to be accessed contemporaneously with the ele-
ment to be allocated (e.g., the parent of a tree node). ccrmal | oc attempts to locate the new data item in the
same cache block as the existing item. Figure 11 contains code from the Olden benchmark health that illus-
trates the approach. Our experience with ccmal | oc indicates that even a programmer unfamiliar with an
application can often select a suitable parameter by local examination of code surrounding the allocation
statement and obtain good results.

In a memory hierarchy, different cache block sizes means that data can be co-located in different
ways. ccnal | oc focuses only on L2 cache blocks. In the Sun UltraSPARC 1 used in this study, L1 cache
blocks are only 16 bytes (L2 blocks are 64 bytes), which severely limits the number of objects that fit in a
block. Moreover, the bookkeeping overhead in the allocator is inversely proportional to the size of a cache
block, so larger blocks are both more likely to be successful and to incur less overhead. On a system with a
larger L1 cache block it would probably be advantageous to adopt a hierarchical approach with co-location
first attempted in the same L1 cache block. If that fails the subsequent co-location attempt could be in the
same L2 cache block.

An important issue is where to allocate a new data item if a cache block has insufficient space.
ccmal | oc tries to put the new data item as close to the existing item as possible. Putting the items on the
same virtual-memory page is likely to reduce the program’s working set, thereby improving TLB perfor-
mance by exploiting the strong hint from the programmer that the two items are likely to be accessed
together. Moreover, putting them on the same page ensures they will not conflict in the cache. There are
several possible strategies to select a block on the page. The closest strategy tries to allocate the new ele-
ment in a cache block as close to the existing block as possible. The new-block strategy allocates the new
data item in an unused cache block, optimistically reserving the remainder of the block for future calls on
ccmal | oc. The first-fit strategy uses a first-fit policy to find a cache block that has sufficient empty
space. Our evaluations indicate that the first-fit strategy outperforms the others at the cost of a slightly
higher memory overhead (see [4] for details). Cache-conscious heap allocation (ccmal | oc) resulted in a
speedup of 27% for VIS, a 160,000 line system that formally verifies finite state systems using Binary
Decision Diagrams (BDDs) [4]. Significantly, very few changes to the program (less than 300 lines of
code) produced these large performance improvements.

4.3 Cache-Conscious Structure Reor ganization

A complementary approach to cache-conscious allocation is to reorganize a structure’s memory
layout to correspond to its access pattern. Unlike cache-conscious allocation, which can be done just once
when a data element is created, cache-conscious reorganization can be done as often as required. General
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mai n()

root = maketree(4096, ..., ...);

ccrmor ph(root, next _node, Num nodes,

Max_ki ds, Cache_sets, Cache_bl k_si ze,
Cache_associativity, Color_const);

}

Quadtree next _node(Quadtree node, int i)

/* Valid values for i are -1,

1 ... Max_kids */
switch(i){
case -1:
ret ur n( node- >parent);
case 1:
ret urn( node- >nw) ;
case 2:
ret urn( node- >ne) ;
case 3:
return(node->sw);
case 4:

ret urn( node- >se) ;

}
}

Figure 12. ccnor ph: Transparent cache-conscious data reorganization. The next_node function
permits reorganization by providing a mechanism to traverse the data structure. The color_const
parameter specifies that fraction of the cache reserved for frequently accessed data elements.

graph-like structures require a detailed profile of a program’s data access patterns for successful memory
layout reorganization [1, 6]. However, a very important class of structures (trees) possess topological prop-
erties that permit cache-conscious data reorganization without profiling. Section 4.3.1 presents a transpar-
ent (semantics-preserving) cache-conscious tree reorganizer (ccnor ph) that applies the clustering and
coloring techniques described in Section 3. ccnor ph is appropriate for “read-mostly” data structures—
one that are built early in a computation and subsequently heavily referenced. With this approach, neither
the construction nor the consumption code need change, as the structure can be reorganized between the
two phases. Moreover, if the structure changes slowly, ccror ph can be periodically invoked.

Languages that support garbage collection offer a more attractive alternative. Copying garbage
collectors, which support automatic memory management, determine when dynamically allocated storage
has become unreachable and automatically recycle that memory by traversing the heap and copying live
data to a separate region of memory. All memory in the traversed space is then freed up for reuse. Thus, the
copying phase of garbage collection offers an invaluable opportunity to reorganize a program’s data layout
to improve cache performance. However, such a scheme relies on the ability to transparently relocate heap
data. In addition, it requires that pointers be distinguished from non-pointer data. Hence, it cannot be
implemented as described for low-level languages, such as C or C++, that support arbitrary pointer-manip-
ulation operations and preclude transparent data movement. On the other hand, object-oriented languages,
such as Java and Cecil, and functional languages, such as ML and Lisp, permit copying garbage collection.
For these languages, a copying garbage collector can be used to reorganize data and produce a cache-con-
scious structure layout.
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Figure 13. Cache-conscious tree reorganization. Subtree-clustering is applied to the entire tree. The
top-levels (frequently accessed elements) of the tree are allocated such that they map to a portion of the
cache where they cannot be displaced by lower-level tree nodes (infrequently accessed elements).

4.3.1 Topology-based Structure Reor ganization

In a language such as C, which supports unrestricted pointers, analytical techniques cannot pre-
cisely identify all pointers to a structure element. Without this knowledge, a system cannot move or reorder
data structures without an application’s cooperation (as it can in a language designed for garbage collection
[6]). However, if a programmer guarantees the safety of the transformation, ccror ph transparently reor-
ganizes a tree data structure to improve its locality by applying the clustering and coloring techniques from
Section 3.

ccnor ph operates on tree-like structures that have homogeneous elements and do not have exter-
nal pointers into the middle of the structure (or on any data structure that can be decomposed into compo-
nents satisfying this property). However, it has a liberal definition of a tree in which elements may contain
a parent or predecessor pointer. A programmer supplies ccnor ph with a pointer to the root of a data
structure, a function to traverse the structure, and cache parameters. For example, Figure 12 contains the
code used to reorganize the quadtree data structure in the Olden benchmark perimeter. The programmer
supplies the next_node function.

ccnor ph copies a structure into a contiguous block of memory (or a number of contiguous
blocks for large structures). In the process, it partitions a tree-like structure into subtrees that are laid out
linearly (see Figure 13).The structure is also colored to map the first p elements traversed to a unique por-
tion of the cache (determined by the Color_const parameter) that will not conflict with other structure ele-
ments. ccnor ph determines the values of p and the size of subtrees from the cache parameters and the
structure element size. In addition, it takes care to ensure that the gaps in the virtual address space that

14



8
Object Affinity Graph 72 A .
12
C 41 7
D G
Roots: A, E
G
+ \ free ptr
B F V4
E
C D
FROM space TO space

Figure 14. Combining cache-conscious data placement with garbage collection. The object affinity
graph is used to guide the placement of data elements upon copying from the FROM space to TO
space.

implement coloring correspond to multiples of the virtual-memory page size.

ccnor ph was used to optimize the performance of RADIANCE, a 60,000 line program for mod-
eling the distribution of visible radiation in an illuminated space. RADIANCE’s primary data structure is
an octree that represents the scene to be modeled. Cache-conscious clustering and coloring of the octree
produced a speedup of 42% (this includes the overhead of restructuring the octree) [4].

4.3.2 Profile-based Structure Reor ganization Using Gar bage Collection

A cache-conscious data layout places objects with high temporal affinity near each other, so that
they are likely to reside in the same cache block. In this approach, a program is instrumented to profile its
data access patterns. The profiling data gathered during an execution is used to optimize that execution,
rather than a subsequent one. We rely on a property of object-oriented programs—most objects are small—
to perform low overhead real-time data profiling [5, 6]. The garbage collector uses this profile to construct
an object affinity graph, in which weighted edges encode the temporal affinity between objects (nodes). A
new copying garbage collection algorithm uses the affinity graph to produce cache-conscious data layouts
while copying objects (see Figure 14). The technique is completely automatic and requires no programmer
intervention.

Experimental results for several object-oriented programs show that this cache-conscious data
placement technique reduces cache miss rates by 16—42% and improves program performance by 10-37%
(including the real-time data profiling overhead) [5, 6]. Further, we compared our cache-conscious copying
scheme against an earlier algorithm that attempted to improve a program’s virtual memory (page) locality
by changing the traversal algorithm used by a copying garbage collector (the Wilson-Lam-Moher algo-
rithm [12]). The results show that our cache-conscious object layout technique reduces cache miss rates by
14-41%, and improves program performance by 8-31% over their technique, which indicates that page-
level improvements are not necessarily effective at the cache level [6].
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Design High-level
, - L ow-level
Cache-conscious strategy principle language (e.g., C) language (e.g.,
used guage (€9 Java)
Cache-conscious definition compression | semi-automatic?® automatic
(structure splitting)
Cache-conscious definition (field | clustering semi-automatic automatic?®
reordering)
Cache-conscious allocation clustering semi-automatic®? n/a¢
(ccmalloc)
Cache-conscious reorganization | clustering, semi-automatic n/a¢
(Topology-ccmorph) coloring
Cache-conscious reorganization | clustering n/a¢ automatic
(Profile-GC)

Table 1. Summary of language impact on the various cache-conscious str ategies.

a. Did not experiment.
b. Can be made automatic.
c. Did not implement.

4.4 Discussion

Table 1 indicates the principles—clustering, coloring, compression—utilized by the strategies to
effect improvement in cache performance. In addition, the table indicates the strategies’ degree of automa-
tion in different language contexts.

5 Conclusions

Traditionally, pointer-based data structures were designed and programmed as if memory access
costs were uniform. Increasingly expensive memory hierarchies have falsified this simplifying assumption
and opened an opportunity for significant performance improvements with redesigned data structures that
use caches more effectively. This paper discusses three data placement design principles—clustering, com-
pression, and coloring—that programmers can use to improve the spatial and temporal locality of pointer-
based data structures.

However, the design of cache-conscious data structures requires a deep understanding of a pro-
gram’s structures and operation, and familiarity with a machine’s memory architecture. These prerequisites
may limit the use of cache-conscious data structures to performance critical portions of code written by
expert programmers, much as assembly programming is used today. To make the performance benefits of
cache-conscious structures available to the average programmer, this paper presents several effective strat-
egies that reorder the internal layout of a structure’s fields and arrange structure instances in memory.
While some of these techniques require modest programmer assistance for low-level languages such as C
and C++, others are completely automatic. Measurements show that these techniques reduce cache miss
rates and achieve significant performance improvements (up to 40%) on real programs.

Based on past trends and future technology, the processor-memory performance gap will continue
to increase and software will continue to grow larger and more complex. Although the algorithmic and
data structure design phase of software development is the first, and perhaps best, place to address this
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growing gap, the complexity of software design, and an increasing tendency to build large software sys-
tems by gluing together smaller components, does not favor a focused, integrated approach. These realities
make techniques for producing cache-conscious data layouts, such as those presented in this paper, an
essential aspect of the process of achieving the highest performance on current and future machines. In
addition, given the restrictions low-level languages place on generating cache-conscious data layouts,
these techniques may help narrow, or even reverse, the performance gap between high-level programming
languages, such as Lisp, ML, or Java, and low-level languages, such as C and C++.

Acknowledgments

Most of this research was conducted as part of Chilimbi’s Ph.D. thesis at the University of Wiscon-
sin-Madison [3]. This work is supported in part by the National Science Foundation (MIPS-9625558,
CCR-9357779, EIA-9971256, and CDA-9623632), Microsoft Corporation, and Sun Microsystems. We
especially thank members of the Wisconsin Wind Tunnel project, Craig Chambers and Dave Grove for the
Vortex compiler infrastructure, Bob Davidson and members of Microsoft Research’s Advanced Develop-
ment Tools group, and the Semantics Based Tools group at Microsoft Research. Thomas Ball, Ras Bodik,
Milo Martin, and Dan Sorin provided many useful comments on an earlier draft of this paper.

References

[1] Brad Calder, Chandra Krintz, Simmi John, and Todd Austin. “Cache-Conscious Data Placement.” In Proceedings of the
Eighth International Conference on Architectural Support for Programming Languages and Operating Systems (ASPLOS
VIII), pages 139-149, Oct. 1998.

[2] Steve Carr, Kathryn S. McKinley, and Chau-Wen Tseng. “Compiler optimizations for improving data locality.” In Proceed-
ings of the Sxth International Conference on Architectural Support for Programming Languages and Operating Systems
(ASPLOSVI), pages 252-262, Oct. 1994.

[3] Trishul M. Chilimbi. “Cache-Conscious Data Structures—Design and Implementation.” Ph.D. thesis, University of Wis-
consin-Madison, 1999.

[4] Trishul M. Chilimbi, Mark D. Hill, and James R. Larus. “Cache-Conscious Structure Layout.” In Proceedings of the S G-
PLAN’99 Conference on Programming Language Design and Implementation (RI491]999.

[5] Trishul M. Chilimbi, Bob Davidson, and James R. Larus. “Cache-Conscious Structure Definition.” In Proceedings of the
SIGPLAN'99 Conference on Programming Language Design and Implementation,(Miai1)999.

[6] Trishul M. Chilimbi and James R. Larus. “Using Generational Garbage Collection to Implement Cache-Conscious Data
Placement.” In Proceedings of the International Symposium on Memory Managgpageit 3748, October 1998.

[7] Douglas Comer. “The ubiquitous B-tree.” ACM Computing Survey$1(2):121-137, 1979.

[8] Dennis Gannon, William Jalby, and K. Gallivan. “Strategies for cache and local memory management by global program
transformation.” Journal of Parallel and Distributed Computing587-616, 1988.

[9] Mark D. Hill and Alan Jay Smith. “Evaluating associativity in CPU caches.” IEEE Transactions on Computer§-
38(12):1612—1630, December 1989.

[10]  David Patterson, Thomas Anderson, Neal Cardwell, Richard Fromm, Kimberly Keaton, Christoforos Kazyrakis, Randi Th-
omas, and Katherine Yellick. “A case for intelligent RAM.” In IEEE Micro, pages 34—44, Apr 1997.

[11]  Sharon E. Perl and Richard L. Sites. “Studies of Windows NT performance using dynamic execution traces.” In Second
Symposium on Operating Systems Design and Implementation996.

[12]  Paul R. Wilson, Michael S. Lam, and Thomas G. Moher. “Effective “static-graph” reorganization to improve locality in
garbage-collected systems.” SIGPLAN Notice26(6):177-191, June 1991. Proceedings of the ACM SIGPLAN'91 Confer-
ence on Programming Language Design and Implementation

[13] Michael E. Wolf and Monica S. Lam. “A data locality optimizing algorithm.” SIGPLAN Notice26(6):30—44, June 1991.
Proceedings of the ACM SIGPLAN’91 Conference on Programming Language Design and Implementation

17



	Cache-Conscious Data Structures
	1 Introduction
	Figure 1. Improving software locality through program transformation. In the worst case, the code...

	2 SIDEBAR: Cache Memory
	Figure 2. Exploiting locality with a cache. The second access to a could be satisfied without a m...
	Figure 3. Memory cache. Important cache parameters include block size, which determines the trans...
	Figure 4. Improving cache performance (block size = 3 words, capacity = 5 blocks, associativity =...

	3 Designing Cache-Conscious Data Structures
	3.1 Clustering
	Figure 5. Subtree clustering. The children of a node are placed in the same cache block as the pa...
	Figure 6. Coloring data structure elements to reduce cache conflicts. Frequently accessed element...

	3.2 Coloring
	3.3 Compression
	Figure 7. Compression through structure splitting. Cold portions of a structure are extracted. Th...


	4 Strategies for Cache-Conscious Data Placement
	Figure 8. Strategies for cache-conscious data placement. Cache-conscious strategies can be applie...
	SIDEBAR: Programming Language Impact
	Figure 9. Using cache-conscious strategies to produce a cache-conscious data structure. The diffe...
	4.1 Cache-Conscious Structure Definition
	Figure 10. Cache-conscious structure definition. In case 1, the structure has a single field and ...
	4.1.1 Structure Splitting
	4.1.2 Field Reordering

	4.2 Cache-Conscious Structure Allocation
	Figure 11. ccmalloc: Cache-conscious heap allocation. ccmalloc attempts to co-locate the newly al...

	4.3 Cache-Conscious Structure Reorganization
	Figure 12. ccmorph: Transparent cache-conscious data reorganization. The next_node function permi...
	4.3.1 Topology-based Structure Reorganization
	Figure 13. Cache-conscious tree reorganization. Subtree-clustering is applied to the entire tree....

	4.3.2 Profile-based Structure Reorganization Using Garbage Collection
	Figure 14. Combining cache-conscious data placement with garbage collection. The object affinity ...
	Table 1: Summary of language impact on the various cache-conscious strategies.


	4.4 Discussion


	5 Conclusions
	Acknowledgments
	References

	Trishul M. Chilimbi
	Mark D. Hill
	James R. Larus


