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Abstract

The overall performance of a computing system increas-
ingly depends on the efficient use of the cache memories.
Traditional approaches for cache tuning deploy perfor-
mance tools to help the user optimize the source program
towards a better runtime data locality. Following this con-
ventional way, we developed a set of such toolkits including
data profiling, pattern analysis, and performance visualiza-
tion tools.

This paper demonstrates how the toolset can be used
step-by-step to understand the cache access behavior of the
applications and then achieve optimized program code. The
Discrete Wavelet Transform, a common used algorithm for
image and video compression, is applied as an example.
Our initial experimental results with this sample applica-
tion show an up to 3.19 speedup in execution time compared
to the original implementation.

Keywords: Memory performance, program optimiza-
tion, performance tools, data profiling, performance anal-
ysis and visualization

1 Introduction

As the gap between the processor and memory speed is
growing, cache performance becomes increasingly impor-
tant for hiding the memory access latency of modern pro-
cessors. However, due to the complexity of both the mem-
ory hierarchy and the applications, still excessive cache
misses have been measured. These misses cause signif-
icant performance degradation because an access to the
main memory takes hundreds of cycles while an access

1This work was conducted as Dr. Tao worked at the Institut für Tech-
nische Informatik, Universität Karlsruhe.

in the cache needs only several ones. According to [9],
the SPEC2000 benchmarks running on a modern, high-
performance microprocessor spend over half of the time
stalling for loads that miss in the last level cache.

A conventional way to improve cache locality is to pro-
vide the users with a performance analyzer or a visualiza-
tion tool that help them detect the critical regions to opti-
mize.

Following the traditional approach, we developed a
cache visualizer to depict the runtime access behavior of the
cache and the application. This visualization tool relies on
a data profiler, a pattern analyzer, and a cache simulator for
source data. In addition, a program development environ-
ment was implemented for users to operate the tools. To-
gether, we provide a complete toolset that covers the whole
feedback loop of code optimization, from data acquisition
to pattern analysis, problem location, solution exploring, up
to the optimization of the source program.

In comparison with existing systems, which are only ca-
pable of showing the bottlenecks, our toolset goes a step
further: it presents the reason of the bottlenecks and thereby
help the user determine an adequate scheme to solve the
problems.

This paper focuses on demonstrating how the toolset
helps programmers step-by-step overcome the cache prob-
lem of their applications. We use the Discrete Wavelet
Transform (DWT) as an example to depict this process.

The DWT algorithm is applied by standards, such as
MPEG-4 and JPEG2000, for image and video compres-
sion. The reason to choose this application is its simple
code structure and wide use in both multimedia and em-
bedded areas. Using the toolset we found that this applica-
tion suffers from considerable conflict misses. Additionally,
capacity misses and compulsory misses are also observed
with this program. Guided by the tools, we applied several
cache optimization techniques to individually tackle differ-
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ent cache misses. Initial experimental results show a high
achievement with the optimization.

The remainder of the paper is organized as follows. Sec-
tion 2 presents several related work in the research area of
performance analysis tools. Section 3 gives a brief introduc-
tion of the developed toolset, followed by a detailed descrip-
tion in Section 4 of how it can be used to find and correct
the cache problems of the DWT algorithm. Experimental
results are depicted in Section 5. The paper concludes in
Section 6 with a short summary.

2 Related Work

Over the last years, performance tools have been applied
to support users in the task of code analysis and optimiza-
tion. In the specific research area of cache locality optimiza-
tion, a few analysis systems have been developed.

The Intel VTune Performance Analyzer [8] is regarded
as a useful tool for performance analysis. It provides several
views, like “Sampling” and “Call Graph”, to help program-
mers identify bottlenecks. For cache metrics it shows the
absolute number of cache misses with respect to the code
region allowing the user to detect functions and even code
lines that introduce most cache misses.

The Tuning and Analysis Utilities (TAU) [11] is a pro-
filing and tracing toolkit for performance analysis. It con-
sists of a visualization component providing graphical dis-
plays of analysis results. This allows the user to identify the
source of performance bottlenecks in the programs.

Vampir [3] is another well-known toolkit for perfor-
mance visualization. It was originally developed to show
the communication issues of MPI applications, but ex-
tended to depict the cache performance. It can show the
number of cache misses in a time-line view as well as in the
source code.

KCachegrind [14] is a visualization tool for presenting
the profile data gathered by a profiling tool based on the Val-
grind [5] framework for simulation. The focus of this tool
is on individual functions. As a result, it shows the function
call graph, the time needed for executing each function, and
the number of cache misses introduced by the functions.

Overall, existing tools hold the feature of helping the
programmers understand the overall cache performance and
further find the bottlenecks. However, they do not offer
hints about how to optimize the code. Our toolset compen-
sates for this with its comprehensive data acquisition system
and specific design of the visualization component.

3 Performance Tools for Cache Optimization

The developed toolset aims at efficiently supporting
the user in locality optimization with detailed information

discovery
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Figure 1. The infrastructure of the provided
tools and their connections for cache perfor-
mance analysis.

about the access feature, cache behavior, miss reason, and
optimization objects. The following tools are provided:

• A visualization tool that displays the performance data
in a user-understandable way.

• A profiling tool that deploys hardware counters to col-
lect information about global cache events like hit/miss
and memory reference.

• A pattern discovery system that detects repeated ad-
dress sequence and access stride.

• A pre-compiler that automatically inserts prefetching
instructions in the source program. The prefetching is
guided by the access pattern.

• A cache simulator that models the runtime cache ac-
tivities and analyzes the character of cache misses. It
delivers a cache operation histogram and an applica-
tion access histogram that allow the visualization tool
to present the access property and the miss reason.

• A program development kit that establishes a platform
for application design.

Figure 1 shows the infrastructure of the tool environ-
ment. Core of the toolset is the program development kit
that not only provides a platform for users to modify, build,
and run their applications, but also integrates all tools into
a single interface. From there, programmers can start the
code instrumentor, the data profiler, the simulator, and the
discovery system to acquire performance data. After that
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the visualization tool can be called to show the runtime ac-
tivities of both the cache and the application. In case of
high compulsory misses, the pre-compiler could be used to
perform prefeching.

The data profiler is developed to collect the cache per-
formance data using hardware counters. Actually, existing
counter interfaces such as PAPI [4] and pfmon [7] can be
used for this purpose, however, they only allow the pro-
grammers to find critical code regions but not data struc-
tures. Our profiler [12] shows the access hotspots in terms
of both the code and the variable.

The performance data acquired by the profiler show the
access bottlenecks. For tracking the cache miss reason,
however, more detailed information about the runtime cache
and application access behavior is needed. We gather such
information with a cache simulator. This component mod-
els the functionality of a complete cache hierarchy on a
shared memory multiprocessor system. It also contains
mechanisms for analyzing the feature of the cache misses,
tracing the cache event, performing data prefetching, and
detecting inefficiency of cache coherence protocols.

In addition, a pattern discovery system [13] is devel-
oped for detecting simple patterns like repeated access se-
quence and access stride. The former shows which memory
addresses are frequently accessed together, helping users
group them into a single cache block. The latter depicts
which element in a data array is the next access target. This
information is often used to guide the prefetching [2, 6].
However, it is a tedious work for the user to insert prefetch-
ing instructions in the source code, even with help of a vi-
sualization tool. Therefore, we developed a pre-compiler to
give the user an additional help: it automatically extends the
source program with prefetching.

Performance data from the pattern discovery system, the
data profiler, and the cache simulator are delivered, as de-
picted in Figure 1, to the visualization tool [10]. This com-
ponent is specifically designed to present the acquired per-
formance data in a way that bottlenecks, miss reason, and
optimization schemes can be observed. Some sample views
will be depicted in the following section together with the
presentation of the DWT runtime access behavior.

The program development kit provides a graphical inter-
face for code development. This interface contains mainly
two windows and a menu bar. The first window is a code ed-
itor where the users can modify, compile, and execute their
applications. The other window is a display area where the
execution time is visualized. This allows the user to com-
pare the performance of different runs. The menu bar in-
cludes items for user to start the tools and to specify the
parameters that control their behavior.

4 DWT Cache Performance Analysis

In this section, we demonstrate how the developed tools
can be applied to understand the cache performance and the
access behavior, to find the access hotspots and the cause
for that, and finally to conclude an appropriate optimization
scheme.

4.1 Discrete Wavelet Transform

The Discrete Wavelet Transform performs wavelet trans-
formation by sampling the wavelet discretely. In a DWT
algorithm, the wavelet representation of a discrete signal X
consisting of N samples can be computed by convolving X
with the low-pass and high-pass filters and down-sampling
the output signal by 2. This process decomposes the orig-
inal image into two sub-bands: the lower and the higher
band. The transform can be extended to multiple dimen-
sions by using separable filters.

A two-dimensional DWT is conducted by first perform-
ing an 1D DWT on each row (horizontal filtering) of the
image followed by an 1D DWT on each column (vertical
filtering). The most straightforward implementation of the
2D DWT is Row-Column Wavelet Transform (RCWT) [1].
First, it performs horizontal filtering and stores the interme-
diate coefficients in an output matrix. Then, it performs ver-
tical filtering with these intermediate coefficients and stores
the final results in the input matrix in the order expected by
the quantization step.

The main data structures in a DWT implementation are
the input and output image array. Figure 2 gives a code
segment in the vertical filtering procedure. This segment
produces the second half of the final results which is, as
mentioned, stored in the input image in image with N rows
and M columns. The processing follows a way that each
row is entirely computed before advancing to the next row.
The computation handles a summarization of seven multi-
plication operations.

4.2 The Results of the Visualization Tool

To examine the runtime cache performance of DWT, we
simulated its execution with the cache architecture of an ex-
isting Intel processor as a sample configuration. This pro-
cessor has a two level cache hierarchy with a 4-way L1
cache and an 8-way L2 cache. Both caches use a line size
of 64Bytes. We use a small image size of 64*64 to avoid
producing very large performance data and correspondingly
reduce the cache size for matching to the image size.

Overall Performance. Now we start the process of an-
alyzing and tuning the cache access behavior of the given
DWT implementation. The first step is to observe the over-
all runtime cache performance in order to know whether
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for (i=0, ii=4; ii<N-4; i++, ii +=2)
for(j=0; j<M; j++) {

in_image[i+ N/2][j] = ou_image[ii-4][j] * high[2] + ou_image[ii-3][j] * high[1]
+ ou_image[ii-2][j] * high[0] + ou_image[ii-1][j] * high[3]
+ ou_image[ii][j] * high[0] + ou_image[ii+1][j] * high[1]
+ ou_image[ii+2][j] * high[2];

}

Figure 2. The original implementation of a code segment in the vertical filtering.

an optimization is needed. The Performance Overview di-
agram of the visualization tool shows us: while 97% of the
accesses to the L2 cache is a cache hit, 70% of the L1 refer-
ences results in cache misses. Hence, we go a step further
to locate the bottlenecks with the L1 cache.

Access Hotspots. It is important for programmers to
know where the access hotspots lie because they are the
optimization targets. Associated with the source code,
hotspots are the critical data structures and their location
in the program.

Figure 3. Variable Miss Overview of the 2D
DWT implementation.

Figure 3 shows the Variable Miss Overview of the visual-
ization tool. We use this view to find the access bottlenecks.
The colored bars in the figure present the number of cache
misses with each variable in the program. Since few cache
misses have been observed with other variables, we only
include the input and output image in the visualization.

From left to right, each bar depicts the total miss, the
compulsory miss, the conflict miss, and the capacity miss.
It can be seen that both matrices introduce cache misses,
however, more than 80% of the misses is caused by access-
ing ou image.

Having the bottleneck found, we now need the code re-
gion where the hotspots arise and the optimization shall be

Figure 4. Variable Trace: the first 15 accesses
to the ou image array in the vertical filtering.

conducted. The 3D view of the visualization tool provides
such information. Using this view, we found that a signifi-
cant number of cache misses exist with the vertical filtering
(the left one), while the horizontal filtering shows only a
small number of misses. This leads to a conclusion: the
access to matrix ou image in the vertical filtering has to be
optimized.

Miss Reason. Cache miss is caused by several factors:
referencing a data block at the first time results in compul-
sory miss; mapping conflict introduces conflict miss; insuf-
ficient cache blocks cause capacity miss. Figure 3 has in-
dicated that mapping conflict is responsible for the cache
misses, however, for optimization programmers require the
knowledge about how the conflict is generated. The Vari-
able Trace and Cache Set views can be used to acquire this
knowledge.

The Variable Trace view aims at demonstrating the ac-
cess pattern of an array by showing the references to all
of its data blocks/elements. This allows the programmer
to find the reused data and the reuse feature. As depicted in
Figure 4, twenty fields are applied to depict the access trace.
Theses fields are filled from left to right, i.e. the first refer-
ence is initially illustrated in the first field and then moved
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to the next field after the second reference occurs. A display
field gives the information about the access type (indicated
by the color), name of the array (text in the upper line), the
number of the accessed data block (left number), and the
concrete array element (right number). The access type can
be a load operation, a replacement, or a cache hit.

Now we use the Variable Trace to detect the access pat-
tern of ou image. First, a reuse behavior can be seen be-
cause the same data block is repeatedly accessed, while the
references target on different array elements. For example,
the first access, presented in field 15, is performed on ele-
ment 0 in block 0 and the eighth, shown in field 8, addresses
on element one which is stored in the same block. However,
the color shows that the second access is a cache miss, indi-
cating that block 0 has been evicted from the cache before
the second access is issued. The same behavior can be seen
with all other data blocks.

Based on the Cache Set view we discovered how the con-
flicts were formed. Figure 5 depicts a sample view which
demonstrates the runtime activities of Set 1.

The four lines in the figure correspond to the four data
blocks in the cache set. Each line contains colored fields
that depict the cache operations and the content update. The
operations are combined with the color of the field, while
the content update is presented by the chronological order
of the fields with the left one replacing the right one. This
means, the most right non-empty fields are the very initial
value of each line in the cache set.

It can be seen that the presented cache set is first filled
with block 0, block 4, block 8, and block 12. Accord-
ing to the Variable Trace view in Figure 4, theses blocks
are reused. However, other required and reused blocks, i.e.
block 16, 20, and 24, are also mapped in the same cache set
and the access to them removes the previously used ones.
As a consequence, the second access to the same data block
is a miss and this access replaces another reused block.
Therefore, all accesses to the same data block is a cache
miss.

After examining the entire references to ou image, we
found the same behavior with all of its data blocks: they
are reused but the reuse does not bring cache hits due to
mapping conflict.

4.3 Code Optimization

The conflict miss with vertical filtering is caused by the
fact that reused data have mapping conflict. To eliminate
this conflict, we can either change the mapping behavior or
distribute the conflicting data into separate calculations.

For the former we add a buffer of one cache line
between the rows of array ou image. In this case, it
is defined as ou image[N ][M + LineSize] rather than
ou image[N ][M ]. This results in a different mapping of

Figure 5. The Cache Set view of Set 1 in L1.

its data blocks in the cache. Such technique is called ar-
ray padding. The other scheme is called loop fission, where
the computation is partitioned into several loops, each pro-
cessing a part of the whole task. The idea is to reduce the
amount of data needed for a single iteration so that required
data can be held in the cache for the next iterations. Figure
6 shows the optimized version of the sample code segment
in Figure 2.

In contrast to the original implementation, the optimized
code distributes the same computation into two single loops.
In this case, the data blocks in conflict are separated; hence
no eviction will occur at the runtime. However, the addi-
tional loop also introduces extra instructions. Therefore, the
padding scheme shall be better.

Besides conflict miss, DWT also depicts some compul-
sory and capacity misses. For the former, our pattern ana-
lyzer and pre-compiler take care of the prefetching task. For
the latter, an explicit code optimization is required.

Capacity miss usually occurs with hierarchical loops,
where data of the inner loop is reused by the iterations in
the outer loop. Our visualization tool has shown that DWT
is such an example. Actually, this feature is also depicted
by the program. Examining the code segment in Figure 2, it
can be seen that the neighbouring iterations of loop i share
a part of the data accessed within the same j iteration. How-
ever, if the cache is not sufficient for holding the complete
working set of the inner loop, the shared data must be re-
moved from the cache before the next outer loop iteration is
performed. According to the Variable Trace view, we found
that the capacity miss with DWT is formed in this way.

Loop tiling is the traditional scheme for tackling capacity
misses. With this approach, the inner loop is tailored to a
size that reused data are not removed. An additional loop is
inserted for maintaining the original work load.
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for (i=0, ii=4; ii<N-4; i++, ii +=2) {
for(j=0; j<M; j++) {

in_image[i+ N/2][j] = ou_image[ii-4][j] * high[2] + ou_image[ii-3][j] * high[1]
+ ou_image[ii-2][j] * high[0] + ou_image[ii-1][j] * high[3]

}
for(j=0; j<M; j++) {

in_image[i+ N/2][j] += ou_image[ii][j] * high[0] + ou_image[ii+1][j] * high[1]
+ ou_image[ii+2][j] * high[2];

}
}

Figure 6. Optimization with loop fission.

for (k=0; k<M; k+=blocksize)
for (i=0, ii=4; ii<N - 4; i++, ii +=2)

for(j=k; j<min(M, k+blocksize); j++) {
in_image[i+ N/2][j] = ou_image[ii-4][j] * high[2] + ou_image[ii-3][j] * high[1]

+ ou_image[ii-2][j] * high[0] + ou_image[ii-1][j] * high[3]
+ ou_image[ii][j] * high[0] + ou_image[ii+1][j] * high[1]
+ ou_image[ii+2][j] * high[2];

}

Figure 7. Optimization with loop tiling.

A key issue with this technique is the tiling size, i.e. the
maximal number of inner loop iterations which guarantees
that the cache does not remove reused blocks. It is clear
that this parameter can not be simply acquired by analyzing
the code. However, the visualization tool can provide this
information. First, programmers can use Variable Trace to
find the first data block reused in the outer loop. Relying
on the Cache Set view, they can further detect which block
replaces this reused one. For the case of a 2K L1 cache,
for example, we found that the first reused data block is
replaced while the loop variable j has a value of 32. This
means if the inner loop stops at this point and the outer loop
starts, the reused data would be maintained in the cache.
Hence, for this cache the tiling size is 32.

Actually, the tiling size can be calculated for other cache
sizes. This is also theoretically correct. For example, a 4K
cache has a double capacity as a 2K cache, can hold twice
as much data, and hence the inner loop is allowed to contain
twice as many iterations.

Figure 7 shows the optimized code segment with loop
tiling. In contrast to the original implementation, a loop
with index k is added to the code. This loop divides the
computation in the j loop into smaller blocks (noting the
change of loop condition with j). In this case, loop j pro-
cesses only blocksize elements rather than the whole
row.

5 Experimental Results

Based on the performance tools, we have found the cache
problems with DWT and applied padding, fission, and tiling

techniques to optimize the program. Optimization with
compulsory miss is conducted by the pre-compiler automat-
ically.

In order to observe the impact of individual techniques
without their interaction involved, we apply only a single
optimization scheme for an optimized version. In this case,
we achieved five variants of the same program: the orig-
inal implementation, the padding version, the fission ver-
sion, the tiling version, and the code with prefetching.

Actually, the optimization is based on a single run with
certain data size and cache configuration. For conflict miss
the resulted code is probably not optimal for other working
sets and cache organizations because the mapping behavior
changes. However, in order to examine the applicability of
this approach, we run the same optimized version on dif-
ferent machines and using various data size. For capacity
miss, since the tiling size can be calculated, the correspond-
ing variable in the program is adapted to the target archi-
tecture. The prefetching technique is independent of both
working load and cache configuration. Currently, prefetch-
ing is guided by access stride and access chains. The former
specifies the distance between accessed elements in an ar-
ray, while the latter is a group of accesses which often occur
together. It is clear that this kind of access pattern does not
rely on the data size or the cache organization.

The programs are run on four different machines: a Pen-
tium 3 with an L1 cache of 16K, 2-way, and 32B of cache
line, a Pentium 4 with an L1 of 8K, 4-way, and 64B of line
size, an AMD Opteron with an L1 of 64K, 2-way, and 64B
of cache line, and an Itanium II with an L1 of 16K, 4-way,
and 64B of line size. Figure 8 to 10 depicts the experimental
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results.
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Figure 8. Performance improvement achieved
by the padding technique.

Figure 8 shows the speedup of running the padding ver-
sion for tackling conflict miss. Here, speedup is calculated
by the execution time of the original implementation di-
vided by the execution time of the optimized version. It
can be seen that for image sizes of a power of two, a clear
speedup has been acquired. For other images the improve-
ment is not high. Using the toolset, we found that these im-
ages have no or less mapping conflict and as a consequence
the optimization is not required. Overall, this result indi-
cates that DWT has a regular access pattern and for such ap-
plications the optimization based on a single run also works
for other configurations.
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Figure 9. Performance improvement by using
loop fission.

As presented in Figure 9, similar result has been ob-
tained with the fission technique where images with a size
of a power of two shows better speedup. In contrast to the
padding scheme, however, slowdown can be seen with this
technique.

The slowdown comes from the additional instructions in-
troduced by the fission strategy. It is clear that running these
instructions causes a performance loss. If the gain by re-
duced memory access penalty can not compensate for this

loss, the optimization does not bring any speedup.
Figure 10 depicts the result with the tiling technique. It

is not surprising that the speedup is low because DWT does
not show much capacity misses. Similar to loop fission,
tiling also introduces additional instructions. Due to the
same reason, slowdown has been observed.
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Figure 10. Speedup with loop tiling.

The improvement in execution time is directly con-
tributed by the reduction of cache misses. Figure 11 de-
picts the statistics on total L1 misses delivered by our data
profiler.
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Figure 11. Statistics on L1 read miss with dif-
ferent image sizes.

For small image sizes up to 512, the picture can not
clearly show the actual behavior because the number of
misses is low. Hence, we observe the points with large im-
ages, for example, the last two of size 3000 and 4096. For
the first case, the tiling scheme reduces cache misses sig-
nificantly. Since conflict miss is not critical with this im-
age size, the other schemes reduce the cache misses only
slightly. For an image size of 4096, both mapping con-
flict and capacity problem exist. Therefore, padding and
fission considerably decrease the miss number, while the
tiling strategy also works well. This better cache behavior
directly contributes to the reduction in execution time.

Finally, we take a look at the prefetching result. As DWT
does not show much compulsory misses, we only achieved
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Figure 12. Improvement with prefetching.

a slight performance improvement on some machines due
to the prefetching overhead. Here, we choose the two best
cases for demonstration.

Figure 12 depicts the improvement in execution time of
the prefetching version against the original implementation.
First, several peak points can be seen with both curves.
They are actually the results with image sizes of a power
of two. This can be explained by the fact that more cache
misses occur with theses cases due to mapping conflict and
as a result more misses can be eliminated with optimization.
Overall, we achieved the best improvement of 18% with an
image size of 4096.

6 Conclusions

In this paper, we demonstrate how to apply performance
tools to optimize the cache access behavior of a Discrete
Wavelet Transform implementation. Based on the presented
cache problems and the cause for them we perform opti-
mizations using different techniques. These schemes and
the related parameters are concluded from the observed run-
time cache and application access pattern, hence are effi-
cient and concrete. The experimental results show improve-
ment in overall performance with all kind of optimizations.
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