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Abstract. GPU devices offer great performance when dealing with algorithms that require intense computational resources. A developer can
configure the L1 cache memory of the latest GPU Kepler architecture
with different cache size and cache set associativity, per Streaming Multiprocessors (SM). The performance of the computation intensive algorithms can be affected by these cache parameters. In this paper, we
evaluate the influence of the performance for all possible configurations
of L1 cache size and associativity, for dense matrix-matrix multiplication
algorithm for various problem sizes. The results show a small impact of
various L1 cache memory configurations for the overall performance of
the algorithm.
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1

Introduction

Today’s world of ”big data” requires computing resources and appropriate algorithms, which are capable to crunch massive quantities of data in a reasonable
time. The instructions upon the big data provide enormous I/O operations, creating a bottleneck in the memory controllers. The hardware designers introduced
the cache memory concept in order to reduce the gap between the computing
elements and the main memory [10]. The cache memory can provide significant
speedup for specific algorithms. If an algorithm reuses the data (cache intensive
algorithm), which can be stored in the cache memory, then the data access time
will be reduced. Another example is the data locality feature of an algorithm,
which also utilizes the cache memory efficiently and effectively.
Today’s multi-chip and multi-core CPUs, and many-core GPUs have a multilevel cache memory with different cache architectures and organizations, i.e.,
different cache parameters: cache size, cache replacement policy, cache levels,
cache-line size, cache inclusivity, cache associativity, etc. Cache memory can be
either shared among several cores, or dedicated per core. Modern multiprocessors (CPUs) have three cache levels (L1, L2 and L3), while GPUs have two cache
levels (L1 and L2). Both devices use set associative cache.
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GPUs achieve much greater performance than the CPUs, even though they
are in the same or in the neighboring price range. However, GPU devices achieve
the best efficiency for applications with regular data access patterns [22]. The
Nvidia’s Fermi (also supported in the latest Kepler architecture) introduced a
configurable L1 cache size (and automatically the set associativity), as well as the
cache line size. Different configurations of cache memory can have a great impact
on a cache intensive algorithm, both positive and negative. It also impacts on
the electricity cost since the cache set associativity impacts on GPU’s energy
consumption [5].
In this paper, we analyze the performance of a dense matrix-matrix multiplication executed on GPU using different L1 cache configurations in order to
determine the optimal configuration of GPU cache memory, which achieves the
best performance. We have set a hypothesis H1 that greater cache memory will
provide better performance, since greater matrices can be stored in L1 cache,
thus generating smaller number of cache misses. The focus is given on the regions
where the dense matrix-matrix multiplication provides performance drawbacks
due to cache associative and capacity problems [9].
The rest of the paper is organized as follows. In Section 2 we give overview of
related work in the area of the research problem. Section 3 briefly presents the
GPU memory architecture. A description of the methodology used in the experiments is presented in Section 4. The results of the experiments are elaborated
in Section 5. Finally, we conclude our work followed by our plans for future work
in Section 6.

2

Related work

Many authors analyzed and proposed techniques to improve the data access and
thus the overall performance of a cache intensive algorithm. Reactive mechanisms (selective displacement and feedback) [2] and way prediction [3] can improve set-associative cache access times. Ahamed and Magoules determined that
the performance of the matrix multiplication algorithm strongly depends of the
matrix elements storage pattern, when executed on GPU [4]. A mechanism to
avoid cache race and cache split is proposed by Likun and Dingfang [12], which
improves an algorithm’s speed on GPU. Tang et al. [21] modeled the cache
misses and optimized the cache locality on GPU. Volkov and Demmel [23] analyzed many operations on dense matrices and conducted detailed benchmarks
of the GPU memory system, kernel start-up costs, and arithmetic throughput.
Several papers addressed the impact of various cache parameters on cache
intensive algorithms. Anchev et al. [1] determined the optimal cache replacement
policy for dense matrix-matrix multiplication algorithm. Matrix multiplication
can suffer from cache set associativity for particular matrix size [9]. Williams et
al. [24] introduced padding of the first element of the second matrix to amortize the performance negative peaks due to cache set associativity. Hongil [25]
selected dynamically an optimized replacement policy for each cache set via
workload speculation mechanism to improve the cache performance.
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A comprehensive analysis about performance drawbacks of matrix-matrix
multiplication algorithm is conducted by Gusev and Ristov [9]. Using their theorems for CPUs, Djinevski et al. [6] proved experimentally the existence of performance drawbacks for particular matrix size for set associative cache in GPU
architectures. They have benchmarked the algorithm on a Kepler GPU configured with 32KB L1 cache size and 4 way set associativity. In this paper, we
extend the research and compare the performance of matrix-matrix multiplication algorithm while executed on GPU, which is configured with 16KB and
48KB L1 memory cache size.
Several authors determined performance drops of matrix-matrix multiplication on GPUs. Matsumoto et. al [13] determined huge performance drops of
DGEMM for matrix size that are in multiples of 1024 without deeper explanation.

3

Memory hierarchy of the GPU Architecture

GPU devices are quite popular when designing hardware infrastructure dedicated for intensive computational applications, which is based on the the high
performance/cost ratio. However, one should be careful when designing GPU
solutions, since many applications do not utilize advanced optimizations [11],
such as auto-vectorization, memory alignment, optimization at program design,
etc.
The GPU devices are characterized as SIMD parallel machines [8] with convenient memory hierarchy. There are two programming models for development of
application that utilize GPU resources: CUDA programming model [18], which is
proprietary for Nvidia Corporation and OpenCL [15], which is an open standard,
without royalty, hardware agnostic, and platform independent.
The many-core architecture of the GPU devices consists an array of Streaming Multiprocessors (SMs), each containing up to 192 Scalar Processors (SPs)
for the latest Kepler architecture [17]. Additionally, Single Instruction Multiple
Thread (SIMT) programming model [16] is supported in CUDA, where a single
instruction is executed by all threads only within one SM. However, threads from
different SMs execute instructions independently from each other.
The first level of memory hierarchy is a 64KB configurable memory by varying the L1 cache memory and shared memory. There are maximum 3 possible
configurations that can be obtained with the following sizes 16/32/48KB for
L1 and 48/32/16KB respectively for the shared memory. The other levels of
the memory hierarchy are the L2 cache memory and global memory. These are
off-chip memories with fixed sizes. However, the cache-line (cache block) size is
configurable. It can be either 64B or 128B, and as a parameter influences the
performance of the other memories.
Technical details from the manufacturer are very obscure when it comes to
cache associativity of the L1 and L2 cache memories on GPU devices. However, the research community developed few micro-benchmarks like [23, 19, 14]
which help towards understanding the memory hierarchy of GPU devices. To
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our knowledge, there are not any published analysis regarding the influence of
cache associativity on GPU performance.

4

Testing Methodology

In this section, we describe the used testing methodology. It is based on a series
of experiments realized in order to determine the performance negative peaks
due to cache set associativity problem.
4.1

Matrix Multiplication Algorithm

We use matrices with equal matrix size N · N for simplicity. The result product
matrix C = [cij ] is defined in (1) by multiplying matrices A = [aij ] and B = [bij ]
where i, j = 0, 1, . . . N − 1.
CN ·N = AN ·N · BN ·N ,

cij =

N
−1
X

aik · bkj

(1)

k=0

This research is focused both on the cache capacity and the cache associativity problems.
4.2

Testing Environment

The Ubuntu 12.04 LTS operating system runs on Intel i7-3770 CPU@3.40GHz,
32GB of Kingston RAM @ 1.60GHz and NVIDIA GeForce GTX 680 GPU. The
implementations of all of the experiments are compiled with the Nvidia’s nvcc
compiler from the CUDA 5.0 toolkit.
4.3

Experiments and Test Cases

Since we are testing the impact of the L1 cache size and associativity, the overall
performance of the dense matrix-matrix multiplication algorithm is conducted
per SM. Hence, we perform micro-benchmarking of the GPU architecture by
running one thread per only one active SM [7], enabling an environment where
the whole L1 cache is dedicated to the thread.
Additionally, we test the influence of the L1 cache size by conducting 3 experiments of the sequential dense matrix-matrix multiplication algorithm for
different configurations 16/32/48KB of the L1 cache memory size. Each experiment consists of test cases for problem sizes starting from 8 elements, up to
2058 elements. In the range (8 - 1034) all tests were performed with step of (1)
element, while for the range (1035 - 2054) the step was 4 elements. The second range were performed with higher step, in order to obtain the results in a
reasonable time.
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4.4

135

Test Data

To maintain more precise values, each test case is executed in 10 iterations
(excluding the first iteration). Then the execution time is calculated as average
of all 10 measured times and the speed as defined in (2), since the number of
operations is 2 · N 3 .
2 · N3
(M F lops)
(2)
V =
Tavg · 106
Denote by V16 the speed for configuration of L1 cache with 16KB, and by V32
and V48 the speed for configurations of L1 cache size of 32KB and 48KB respectively. Our target is comparison of the performances and thus we will analyze
relative speedup indicators for all pairs of configurations. Relation (3) presents
the relative speedup achieved by 32KB L1 cache over 16KB configuration, while
4) and (5) present the relative speedup achieved by 48KB L1 cache over 32KB
and 16KB L1 caches correspondingly.

5

S32R16 =

V32
V16

(3)

S48R32 =

V48
V32

(4)

S48R16 =

V48
V16

(5)

Results of the Experiments

This section presents the results obtained from the experiments described in the
testing methodology. Our goal is to observe the overall performance of the dense
matrix-matrix multiplication algorithm. In Figure 1 we present the measured
speeds for the three experiments.
We can conclude that all three experiments show comparable results, as presented in Figure 1. It means that the L1 cache size does not impact the performance a lot and the measured speed is different within a range of less than
1%.
Three regions are clearly observed depending on matrix size N , i.e., L1 , L2
and L3 [6]. The L1 region is defined as a region where both matrices can be stored
in the L1 cache and no (or a small number of) L1 cache misses are generated.
The L2 region is defined as a region where both matrices cannot be stored in
L1 cache, but can be stored in L2 cache completely. In this region, a lot of L1
cache misses are generated, while no (or a small number of) L2 cache misses
are generated. Finally, the L3 region is a region where both matrices cannot be
stored in L2 cache memory and a lot of L1 and L2 cache misses are generated.
The L1 region is specified with N ≤ 50 and the speed in this region increases
enormous when N increases. The speed continues to increases in the L2 region,
which is defined in the range 50 < N ≤ 350. We observe a phenomenon about
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Fig. 1: Measured speed for all experiments.

the speed in L1 and L2 regions. That is, the speed in the L2 region is greater
than the speed in the L1 region, despite the increased number of L1 cache misses
in the L2 region. Let’s explain this phenomenon. Each element of both matrices
is accessed N times; once from the main memory and N − 1 times from L2 cache
in both cases. Thus, increasing N , the average access time tends to L2 hit time
in L2 region, while it is in the range of main memory access time in L1 region.
Finally, the speed saturates in L3 region, which is defined in the range N > 350.
The speed in this region is smaller than the speed in the L2 region since the
number of cache both L1 and L2 cache misses increases.
The analysis shows a lot of performance drops, and especially huge for N =
1024, 1280, 1536, 1792 and 2048, that is, starting from N = 1024 on a step of
256. The appear due to associativity of both cache levels. We have provided a
lot of details about associativity problems in caches and conflict cache misses in
[20].
In addition, we provide more detailed analysis around N = 64, 128, 256, 512,
1024 and 2048 to find out the effect of associativity with different L1 cache
sizes. Figures 2, 3 and 4 present relative speed in neighborhood around analyzed
points, when 16KB L1 cache is considered as baseline, that is, it is presented
with a line with value of 1. The other two configurations are presented as relative
speed indicators S48R16 and S32R16 , correspondingly for confirmations of 48KB
L1 and 32 KB L1 cache.
Detailed analysis of relative speeds around points where associativity impact
is expected shows the following. The influence of conflict misses due to associativity is the smallest in the configuration with 48KB for all analyzed points,
while for N = 2048 the effect is the same.
Additionally, we evaluate the relative speedup indicator for different configurations. Figure 5 presents the S32R16 indicator and calculates how much the
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Fig. 2: Relative speed in the area around N = 64 (left), and N = 128 (right)
1.00012
L1 (16KB)
L1 (32KB)
L1 (48KB)

1.0001

1.01

1.00006

Relative speed

Relative speed

1.00008
1.00004
1.00002
1
0.99998

1.005

1

0.995

0.99996

L1 (16KB)
L1 (32KB)
L1 (48KB)

0.99994
0.99992
246 248 250 252 254 256 258 260 262 264 266
N

0.99
502 504 506 508 510 512 514 516 518 520 522
N
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1.015

1.0006
L1 (16KB)
L1 (32KB)
L1 (48KB)

1.0005
1.0004
Relative speed

Relative speed

1.01
1.005
1
0.995

1.0003
1.0002
1.0001
1
0.9999
0.9998

L1 (16KB)
L1 (32KB)
L1 (48KB)

0.9997
0.99
1014

1018

1022

1026
N

1030

1034

0.9996
2038

2042

2046

2050

2054

2058

N

Fig. 4: Relative speed in the area around N = 1024 (left), and N = 2048 (right)

performance of the 32KB L1 cache configuration is better over the 16KB configuration.
Figures 6 and 7 present how much he 48KB L1 cache is better over 16KB L1
cache and 32KB cache correspondingly, that is, they present overall behavior of
S48R16 and S48R32 indicators. We can observe that 48KB L1 configuration is even
slower for values up to N = 224 in comparison to the 32KB L1 configuration. The
best overall performance is obtained by the 32KB L1 configuration in comparison
to the other for the region up to N = 224.
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Fig. 5: Relative speedup 32R16 (comparing 32KB over 16KB L1 cache).
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Fig. 6: Relative speedup 48R16 (comparing 48KB over 16KB L1 cache).

The obtained results are discrepant for all experiments. There is no significant influence on the performance for any configuration. However, as we increase
the problem size N , the differences between the L1 configurations are decreasing, mainly due to huge number of cache capacity misses. This is especially
distinguished in Figure 4, where the differences are almost non existent.
The maximum measured relative performance difference was 1.069045%, and
the average relative performance difference among executions on different L1
configurations was 0.134699%.
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Fig. 7: Relative speedup 48R32 (comparing 48KB over 32KB L1 cache).

6

Conclusion and Future Work

We conducted several experiments and series of test cases for each experiment
to determine the optimal L1 cache configuration (cache size and associativity)
for cache intensive algorithm, i.e., dense matrix-matrix multiplication. Despite
the hypothesis that greater L1 cache memory will achieve better performance,
the results show that the relative speeds for 16KB and 48KB are very similar
and very close to the speed achieved by 32KB L1 configuration. We conclude
that the main factor for the algorithm performance is the L2 cache memory, and
the small L1 cache sizes which generate huge cache capacity misses.
However, despite the small L1 cache compared to L2, the speed in L2 region is
greater than the speeds in L1 region for all three L1 cache sizes. It is also greater
than the speed in L3 region. Another interesting result was speed differentiation
in the L3 region, i.e., in the several regions in the range of matrix size 350 ≤
N ≤ 650.
Since the speed is similar for each L1 cache size (and associativity) in all three
cache regions (L1 , L2 and L3 ), as well as in the critical matrix size where performance drawbacks appear due to cache set associativity, we propose L1 cache
memory to be configured with the cache size (and associativity) that spends less
power consumption.
We will continue with our research in order to determine the performance
drawbacks due to associativity for different L1 cache configurations, i.e., not only
the cache size, but cache line, as well. Another unexpected phenomenon in the
performance discrepancy for the points with step 4 that were observed in the L3
region will be also analyzed and modeled.
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