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Abstract 
Over the past decade, Graphics Processing Units (GPUs) have revolutionized 
high-performance computing, playing pivotal roles in advancing fields like 
IoT, autonomous vehicles, and exascale computing. Despite these advance-
ments, efficiently programming GPUs remains a daunting challenge, often 
relying on trial-and-error optimization methods. This paper introduces an 
optimization technique for CUDA programs through a novel Data Layout 
strategy, aimed at restructuring memory data arrangement to significantly 
enhance data access locality. Focusing on the dynamic programming algo-
rithm for chained matrix multiplication—a critical operation across various 
domains including artificial intelligence (AI), high-performance computing 
(HPC), and the Internet of Things (IoT)—this technique facilitates more lo-
calized access. We specifically illustrate the importance of efficient matrix 
multiplication in these areas, underscoring the technique’s broader applica-
bility and its potential to address some of the most pressing computational 
challenges in GPU-accelerated applications. Our findings reveal a remarkable 
reduction in memory consumption and a substantial 50% decrease in execu-
tion time for CUDA programs utilizing this technique, thereby setting a new 
benchmark for optimization in GPU computing. 
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1. Introduction 

Graphics Processing Units (GPUs) have become ubiquitous accelerators in 
modern computing systems, offering tremendous parallel processing capabili-
ties. Today, a single GPU provides thousands of compute cores capable of deli-
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vering teraflops of computational power, making GPU accelerator cards increa-
singly deployed in everything from mobile devices to cloud servers for a wide 
range of applications including artificial intelligence, scientific computing, and 
graphics [1] [2]. Despite these advancements, designing preferment and efficient 
GPU code is fraught with programming complexities and architectural con-
straints, particularly in threading, memory access, and parallelism management. 

A critical challenge in leveraging GPU capabilities is managing data move-
ment and organization on systems where there are processing-speed mismatches 
across components. For GPUs, which feature wide vector units and high memo-
ry bandwidth, disorganized or sparse data access patterns can incur high latency, 
leading to inefficiencies as memory controllers struggle to keep pace [3]. Opti-
mizing data layout and access patterns is thus essential for feeding compute 
units efficiently and maximizing floating-point throughput. Another significant 
concern is Amdahl’s law, which posits that the speedup potential from parallel 
hardware is limited by the serial portions of code, indicating that various over-
heads such as kernel launch latency, host-to-device transfers, and synchroniza-
tion delays can undermine the benefits of extensive parallelism. The efficient ex-
ecution of matrix multiplication operations is a cornerstone in various computa-
tional domains, including deep learning, scientific simulations, and big data 
analytics. Optimizing these operations on GPUs can unlock significant perfor-
mance gains, enabling faster training of neural networks, more accurate simula-
tions, and accelerated data processing pipelines.  

In this paper, we present a comprehensive approach aimed at addressing the 
aforementioned challenges, highlighting the efficacy of our proposed data layout 
optimization mechanism through the application of matrix multiplication. By 
focusing on the chained matrix multiplication (CMM) problem, recognized for 
its importance in various fields such as machine learning, physics simulations, 
and graphics, we develop and implement a dynamic programming algorithm op-
timized for CMM, utilizing CUDA code. The integration of a data layout trans-
formation demonstrates a substantial improvement in memory locality and coa-
lescing during parallel processing, underscoring the effectiveness of our ap-
proach [4]. Additionally, to further enhance performance, we explore additional 
parallelization techniques at the data level, including parallel diagonal computa-
tion and 2D thread block mapping, to maximize fine-grained concurrency. At 
the task level, we leverage streams and events to enable concurrent execution of 
multiple problem instances, optimizing the overlap between data transfers and 
computational processes, thereby further refining our optimization strategy. 

This paper’s principles and techniques serve as a case study for unlocking the 
full potential of modern parallel accelerators. As the adoption of heterogeneous 
and GPU-based high-performance computing continues to grow rapidly, the 
programming practices and optimization strategies we discuss will be essential 
for harnessing the benefits of this technology [5]. Our work addresses key opti-
mization challenges around parallelism management, data organization, and 
orchestration strategy [6], offering insights that can be applied to adapt and im-
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plement various complex workloads on massively parallel processors. 

2. Related Work 

Prior work has developed optimizations for irregular data access [7], data layout 
selection [8], and communication reducing techniques when mapping algo-
rithms onto GPU systems. While these existing approaches have demonstrated 
varying degrees of success, they often overlook the intricate interplay between 
memory access patterns, data layout, and the underlying GPU architecture. Ad-
ditionally, many techniques are tailored to specific application domains or 
workloads, limiting their broader applicability. Our work aims to address these 
limitations by proposing a novel Data Layout strategy that restructures memory 
data arrangement to enhance locality and coalescing, thereby optimizing per-
formance across a wide range of GPU-accelerated applications. Li et al. [9] pro-
posed a simple yet effective data layout arbitration framework that automatically 
picks up the beneficial data layout for different DNNs under different pruning 
schemes. The proposed framework is built upon a formulated cache estimation 
model. Experimental results indicate that their approach is always able to select 
the most beneficial data layout and achieves the average training performance 
improvement with 14.3% and 3.1% compared to uniformly using two popular 
data layouts. 

Zhenkun et al. [10] proposed a system dubbed Distributed Sampling and Pi-
pelining (DSP) for multi-GPU GNN training. DSP adopts a tailored data layout 
to utilize the fast NVLink connections among the GPUs, which stores the graph 
topology and popular node features in GPU memory. For efficient graph sampling 
with multiple GPUs, they introduced a collective sampling primitive (CSP), 
which pushes the sampling tasks to data to reduce communication. They also 
design a producer-consumer-based pipeline, which allows tasks from different 
mini-batches to run congruently to improve GPU utilization. They compare 
DSP with state-of-the-art GNN training frameworks, and the results show that 
DSP consistently outperforms the baselines under different datasets, GNN mod-
els, and GPU counts. The speedup of DSP can be up to 26x and is over 2x in 
most cases. Wan et al. [11] introduced two online data layout reorganization 
approaches for achieving good tradeoffs between read and write performance. 
They demonstrated the benefits of using two approaches for the ECP par-
ticle-in-cell simulation WarpX, which serves as a motif for a large class of im-
portant Exascale applications. They showed that by understanding application 
I/O patterns and carefully designing data layouts they increased read perfor-
mance by more than 80%. 

Stoltzfus and Emani [12] proposed a machine learning-based approach to 
build a classifier to determine the best class of GPU memory that will minimize 
GPU kernel execution time. This approach utilizes a set of performance counters 
obtained from profiling runs along with hardware features to generate the 
trained model. They evaluated their approach on several generations of NVIDIA 
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GPUs, including Kepler, Maxwell, Pascal, and Volta on a set of benchmarks. 
Their results showed that the trained model achieves prediction accuracy of over 
90%. Majeti et al. Zhong et al. [13] introduce a new graph format with a data 
layout such that it supports coalesced access. Despite these promising results, 
existing optimization techniques for CUDA programs have inherent limitations. 
Memory bandwidth constraints, latency, and the non-uniform memory access 
(NUMA) architecture of GPUs may limit the applicability or performance bene-
fits of these techniques in some scenarios. Furthermore, the dynamic nature of 
data access patterns in certain applications could reduce the effectiveness of 
static data layout optimizations. 

3. Data Layout Technique 

To optimize data access for parallel I/O, a data layout technique has been pro-
posed and developed. This technique is successful in reducing the execution time 
of CUDA kernels and reducing their memory consumption. One of the types of 
data layout techniques implemented in this article is related to changing the ar-
rangement of data in memory to improve memory access patterns and locality. 
The underlying principle of our Data Layout strategy is to restructure the mem-
ory layout of data structures, such as matrices, to align with the access patterns 
of the target algorithm. By storing elements that are accessed consecutively in 
contiguous memory locations, we can enhance spatial locality and leverage 
hardware caching mechanisms more effectively. This approach reduces cache 
misses and improves coalesced memory accesses, leading to more efficient utili-
zation of the GPU’s memory subsystem. 

Consider the case of matrix multiplication, a critical operation in various do-
mains. Traditionally, matrices are stored in row-major or column-major order, 
which may not be optimal for certain access patterns. Our Data Layout tech-
nique explores alternative storage formats, such as diagonal-based or blocked 
layouts, to improve memory access locality for the specific algorithm being ex-
ecuted. Here we want to implement this technique on a matrix of numbers. Be-
fore we use the data layout on the matrix, it is important to understand the var-
ious data layout patterns. In a matrix, there are different ways in which data is 
written to memory, including row-based and column-based data layouts: 

3.1. Row-Based Storage 

In row-based storage, data for a single row of a table is stored consecutively on 
memory. This means that all the columns of a given row are stored together, 
which can make it efficient for operations that need to access an entire row of 
data at once. 

3.2. Column-Based Storage 

In column-based storage, each column of a matrix is stored consecutively on 
memory. This can be more efficient for operations that only need to access a 
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subset of the columns in a matrix. Despite the promising results, certain inhe-
rent limitations of data layout optimization techniques in GPU programming 
warrant consideration. Issues such as memory bandwidth constraints, latency, 
and the non-uniform memory access (NUMA) architecture of GPUs may limit 
the applicability or performance benefits of these techniques in some scenarios. 
Furthermore, the dynamic nature of data access patterns in certain applications 
could reduce the effectiveness of static data layout optimizations. 

4. Case Study: Chained Matrix Multiplication Problem 

We address the problem of chained matrix multiplication (CMM), a cornerstone 
in computing, with a dynamic programming algorithm. This algorithm opti-
mizes the order of matrix multiplication operations, a task crucial for minimiz-
ing computational workloads. The goal is to develop an algorithm that deter-
mines the optimal order for multiplying n matrices, as the optimal order de-
pends only on the matrix dimensions. Consider the multiplication of the fol-
lowing n matrices: 

1 2 3 nA A A A× × × ×  

The number of multiplications required to multiply two matrices An×m × Bm×k 
is n × m × k times. Matrix multiplication is an associative operation, meaning 
that the order in which we multiply do not matter. Therefore, the number of 
multiplications is dependent on the order of matrix multiplication. For example, 
for four matrix multiplication of A20×2 × B2×30 × C30×12 × D12×8 (n = 4), there are 
five different orders in which we can multiply four matrices, each possibly re-
sulting in a different number of elementary multiplications: 
• A(B(CD)): 30 × 12 × 8 + 2 × 30 × 8 + 20 × 2 × 8 = 3680 
• (AB)(CD): 20 × 2 × 30 + 30 × 12 × 8 + 20 × 30 × 8 = 8880 
• A((BC)D): 2 × 30 × 12 + 2 × 12 × 8 + 20 × 2 × 8 = 1232 
• ((AB)C)D: 20 × 2 × 30 + 20 × 30 × 12 + 20 × 12 × 8 = 10320 
• (A(BC))D: 2 × 30 × 12 + 20 × 2 × 12 + 20 × 12 × 8 = 3120 

The third order is the optimal order for multiplying the four matrices. In this 
problem, the goal is to develop an algorithm that determines the optimal order 
for multiplying n matrices. The optimal order depends only on the dimensions 
of the matrices. Therefore, besides n, these dimensions would be the only input 
to the algorithm. 

5. Serial Algorithm by Dynamic Programming Method 

In this section, the dynamic programming solution for the problem of chain 
multiplication of matrices is described. We first present the serial dynamic pro-
gramming solution for the CMM problem [14], which avoids redundant calcula-
tions by breaking down the problem into subproblems and storing the results in 
a matrix M. The provided code is a serial implementation, without taking ad-
vantage of parallel processing. 

Input: int n, int dim [ 0 n ]. Here, n is the number of matrices and dim con-

https://doi.org/10.4236/jcc.2024.125009


N. Seifi, A. Al-Mamun 
 

 

DOI: 10.4236/jcc.2024.125009 129 Journal of Computer and Communications 
 

tains the dimensions of the matrices. For instance, for A20×2 × B2×30 × C30×12 × 
D12×8, inputs are n = 4 and dim = [20, 2, 30, 12]. 

Output: int A[n + 1][n + 1], int M[n + 1][n + 1]. Here, M [i, j] is the mini-
mum number of multiplications in the ith to jth matrix multiplication. Also, if 
A[i, j] = k(i ≤ k < j), then the optimal order of multiplication in the ith to jth ma-
trix multiplication is (Ai × ∙∙∙ × Ak) × (Ak+1 × ∙∙∙ × Aj) and the optimal number of 
multiplications is M[1, n]. 

Algorithm: Inside each parenthesis, the multiplications are obtained accord-
ing to the optimal order for the matrices inside the parentheses. Of these facto-
rizations, the one that yields the minimum number of multiplications must be 
the optimal one. The number of multiplications for the kth factorization is the 
minimum number needed to obtain each factor plus the number needed to mul-
tiply the two factors. This means that it equals: 

[ ][ ] [ ][ ] [ ][ ]( )1 k n1 k n
M 1 n min M 1 k M k 1 n d d d

≤ <
= + + +  

To calculate the intermediate values, the formula is as follows: 

[ ][ ] [ ][ ] [ ][ ]( )1 k n1 k n
M 1 n min M 1 k M k 1 n d d d

≤ <
= + + +  

With: 

[ ][ ]M i i 0,   for i 0 n= =   

Calculations are performed diagonally, starting from the main diameter as 
shown in Figure 1. 

 

 
Figure 1. The order of calculations in algorithm. 

5.1. Serial Algorithm by Dynamic Programming Method for CMM 
Problem 

This is an implementation of a dynamic programming solution for the Chain 
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Matrix Multiplication (CMM) problem [14]. This problem involves finding the 
most efficient way to multiply a sequence of matrices together. The dynamic 
programming approach efficiently avoids redundant calculations by breaking 
down the problem into subproblems and storing the results of those subprob-
lems in the matrix M. The provided code is a serial implementation, meaning it 
doesn’t take advantage of parallel processing. The CMM problem and its dy-
namic programming solution are commonly used in algorithmic optimization 
for matrix chain multiplication scenarios. The serial code of this algorithm is 
presented in Listing 1. 
 

 
Listing 1. Serial version by dynamic programming method for CMM 
problem. 

5.2. Parallel Version in CUDA C++ 

Considering that in dynamic programming algorithms, arrays are used to store 
data, there is a very good parallelization capability in them. Each data item in a 
diagonal of this matrix is calculated by a thread. In the first step, n threads set to 
zero the values of the main diameter. Then, at each step, one thread is set aside, 
so that finally, in the last round, only one thread calculates the value of M [1][n]. 
Considering that the values calculated in each diameter are dependent on the 
values of the previous diameters, therefore, at the end of each round, synchroni-
zation must be done between all the threads. This action is done through the 
__syncthreads() instruction. This instruction only synchronizes the threads in a 
block. So, we are only able to use one block in calculations. Global synchroniza-
tion between all blocks of a kernel has not been implemented in the CUDA pro-
gramming model, and no instructions have been published for it by NVIDIA. 
Therefore, the kernel configuration in this program is <<<1, n>>>. 

In the CUDA version, the matrix is converted to a one-dimensional array. In 
the CUDA programming guide [15], it is recommended to use a one-dimensional 
array instead of a matrix in the kernel. So, M[i][j] in the matrix is mapped to 
M[(n + 1) × i + j] in the one-dimensional array. 

Kernal launching in this program is: 

CMM_CUDA_kernel<<<1, n>>>(dev_dim, dev_m, dev_result, n). 

dev_dim, which is sent as an argument to the kernel, is a one-dimensional ar-
ray of the dimensions of the matrix. dev_m is also the matrix M that is used for 
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calculations and has the same function as the serial version. Before kernel 
launching, the data must be transferred from the main memory of the CPU to 
the global memory of the GPU. After the execution of the kernel, the results 
should be transferred in the reverse direction. 

6. Tuning of Algorithm by Data Layout Technique 

In the serial algorithm, the computation in the matrix M is done diagonally. 
However, in the C++ language, matrices are stored as rows in memory. There-
fore, thread accesses to memory are not consecutive, reducing locality and in-
creasing cache misses and uncoalesced accesses to global memory, which de-
creases performance. 

To address this issue, we apply the Data Layout technique by storing the ele-
ments of each diagonal together in memory, as described in Section 3. This 
change requires modifications to the indices accessed in the algorithm. By re-
structuring the data layout, we increase locality and improve the probability of 
cache hits and coalesced accesses, leading to significant performance improve-
ments. The proposed Data Layout strategy is based on the principle of organiz-
ing data in a way that aligns with the access patterns of the program. By storing 
related data elements consecutively in memory, we can increase the likelihood of 
cache hits and coalesced memory accesses, reducing memory bandwidth bottle-
necks and improving overall throughput. The use of this technique requires 
changes in the codes and the indices accessed in the algorithm must be changed. 
We explain this technique with an example. For instance, consider the data of a 
matrix as shown in Figure 2. 

 

 
Figure 2. Initial Matrix data. 

 
We only describe an upper triangular matrix because this type of matrix is al-

so used in the chained multiplication problem. Figure 3 illustrates the typical 
way to store this matrix in the memory. 

 

 
Figure 3. Data layout in memory. 
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Figure 4 exhibits how our proposed data layout technique that we used in this 
problem stores the data of the above matrix in the memory. 

 

 
Figure 4. Proposed data layout technique in memory. 

 
Therefore, Locality increases strongly and increases the possibility of cache hit 

and coalesced accesses. We applied this technique to the algorithm of chained 
multiplication of matrices and obtained promising results which are reported in 
the following section. 

7. Additional Parallelization Techniques 
7.1. Data Level Parallelism 

To further exploit parallelism in the chain matrix multiplication algorithm, we 
apply techniques to partition the data at a finer granularity. 

Parallelizing Diagonal Computations. Our existing implementation maps 
one GPU thread to compute each element along the diagonal. We modify this to 
use multiple threads to compute each element by decomposing the computation 
in dimensions as shown in Listing 2. 

 

 
Listing 2. Parallelizing diagonal computation. 

 
We use a (16 × 16) thread block, enabling (256) threads to cooperate in com-

puting each matrix element. This adds finer-grained parallelism within each 
diagonal. On our GPU with (128) CUDA cores per SM, this enables each SM to 
process 2 diagonal elements in parallel. The (16 × 16) block also improves 
memory access patterns. Compared to the one thread per element approach, this 
parallel diagonal computation reduces kernel time by 41% 

2D Thread Block Decomposition. We also decompose the total computation 
into 2D thread blocks, assigning each diagonal across multiple blocks as speci-
fied in Listing 3. 
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Listing 3. Block decomposition. 

 
This spreads the work of a diagonal over more GPU cores for greater paral-

lelism. This allows more SMs and CUDA cores to operate on a diagonal in pa-
rallel. With N/16 blocks, more SMs participate, and overall parallelism improves. 
Using 2D thread blocks gives a 23% kernel speedup over the parallel diagonal 
method alone. 

7.2. Task Level Parallelism 

To overlap computation and transfers between the CPU and GPU, we leverage 
streams, events, and concurrency [16] as illustrated in Listing 4. 
 

 
Listing 4. Task level parallelism. 

 
We also parallelize across multiple independent problem instances by allocat-

ing separate streams and CUDA contexts for each instance. This enables entirely 
concurrent execution. The streams and asynchronous calls prevent these opera-
tions from blocking each other. This improves GPU utilization and end-to-end 
runtime. With 2 streams per instance, we get up to 4× speedup with 4 problems 
run in parallel. 

8. Evaluation 

We conducted a series of experiments to evaluate the performance of our pro-
posed Data Layout strategy compared to existing optimization techniques, fo-
cusing on the chained matrix multiplication (CMM) problem. The experiments 
were performed on a system equipped with an NVIDIA Tesla V100 GPU, utiliz-
ing the CUDA programming model. We implemented our optimization tech-
nique and compared it against conventional memory layouts such as row-major 
and column-major order, as well as other state-of-the-art optimization strategies 
proposed in prior literature. 

We leverage cuda Event tool for profiling the execution time of programs, 
which provides very good accuracy compared to the clock() function. To use this 
tool for recording the execution time, we use the solution shown in Listing 5. 
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Listing 5. Recording execution time. 

 
Table 1 presents the execution times for the serial CPU dynamic program-

ming algorithm, the baseline CUDA GPU parallel implementation, and the 
CUDA version optimized with the Data Layout technique, across different 
numbers of input matrices (n = 1016 to 1024). Note that it is not possible to run 
the program for n > 1024, as the maximum number of threads per block is 1024. 
All times are measured in milliseconds. As shown in Figure 5, the CUDA im-
plementation demonstrates more than 2× speedup compared to the serial algo-
rithm across all matrix sizes. For n = 1024 matrices, the serial algorithm takes 
1287 ms, while the CUDA implementation requires only 542 ms, achieving a 
2.4× runtime improvement by harnessing the parallel processing power of the 
GPU. 

 
Table 1. Execution time comparison. 

n Serial Version CUDA Version Optimized Version 

1016 1157.647583 503.206451 266.664520 

1017 1183.510132 507.065765 267.320587 

1018 1208.149780 511.924133 267.948944 

1019 1211.987061 515.101715 268.627838 

1020 1235.212158 522.914734 269.454285 

1021 1248.945190 529.627014 269.582947 

1022 1259.422119 533.740570 270.263611 

1023 1256.181274 536.718445 270.705872 

1024 1287.330811 542.061615 271.926453 

 
Figure 6 provides deeper insight into the performance trends for smaller in-

put sizes in the matrix chain multiplication problem. We plot execution times 
for a range of n = 10 to 400 matrices to examine why the serial CPU implemen-
tation outperforms the CUDA GPU code at very small n. The breakeven point 
where CUDA becomes faster occurs around 218 matrices. Below this threshold, 
the parallel CUDA overheads of copying memory between host and device as 
well as launching computational kernels overwhelm the relatively minor paral-
lelism benefits for small inputs. 
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Figure 5. Execution time comparison between serial and CUDA version. 

 
However, beyond n = 218 matrices, the runtime of the serial algorithm grows 

super linearly due to its algorithmic complexity of O(n3). In contrast, CUDA 
runtime grows roughly linearly thanks to exploiting parallel hardware. Ulti-
mately, this allows the CUDA performance curve to cross below the serial line. 
Profiling shows kernel launch overheads are relatively fixed at around 0.4 ms, 
while serial algorithm runtime scales worse than linearly. This highlights why 
CUDA provides increasing returns as the problem size grows—parallel hardware 
continues delivering a fixed amount of extra throughput, surpassing serial ex-
ecution. 

 

 
Figure 6. Execution time comparison between serial and CUDA version. 

 
Figure 7 compares the execution time between our baseline naive CUDA im-

plementation and the version optimized with the data layout transformation 
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technique. The optimized CUDA code accesses matrix data with significantly 
improved locality and coalescing, providing up to a 2× faster runtime, with an 
average speedup exceeding 1.8×. Performance gains are consistent across all in-
put sizes, demonstrating the effectiveness of our Data Layout technique in acce-
lerating memory access patterns. 

Compared to previous optimization approaches that relied on compiler au-
to-vectorization or manual code transformations, our Data Layout strategy of-
fers a more systematic and architecture-aware solution. By explicitly restructur-
ing the memory layout, we can ensure optimal data access patterns tailored to 
the GPU’s memory hierarchy, leading to superior performance gains. 

This runtime comparison shows the clear performance benefits of optimizing 
memory access patterns on the GPU using our data layout transformation. Ra-
ther than relying on the default row-major matrix storage, we rearrange ele-
ments to store diagonals consecutively in memory. This matches the access pat-
tern of our dynamic programming algorithm, which iterates diagonally through 
the matrix. Laying out data to improve locality directly accelerates these memory 
reads and writes. We see execution time reduced by over 50%, with the opti-
mized CUDA implementation running over 1.8× faster across all input sizes. At 
1024 matrices, runtime drops from 542ms in the baseline CUDA code down to 
just 272 ms with data layout improvements. By enhancing memory coalescing 
and exploiting caching, the GPU no longer wastes cycles waiting on scattered 
uncoalesced memory accesses. This demonstrates data layout changes can un-
lock substantial performance gains by alleviating bottlenecks related to non- 
contiguous data access. The optimization builds on earlier CUDA speedups for a 
combined 4× total improvement over the original serial algorithm. 

 

 
Figure 7. Comparison of CUDA version and Optimized 
CUDA version. 

 
Figure 8 depicts the speedup attained by our optimized CUDA GPU algo-

rithm with the data layout strategy, relative to the performance of the baseline 
naive CUDA implementation. We observe an average 1.9× speedup, reaching as 
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high as 2.04× for some matrix input sizes. This demonstrates the effectiveness of 
improved memory locality in unlocking performance, cutting execution time by 
up to 50%. 

 

 
Figure 8. Comparison of CUDA version and Optimized 
CUDA version. 

9. Discussion and Future Work 

The remarkable performance improvements achieved by our Data Layout strat-
egy highlight its potential for unlocking the true computational power of GPUs 
across a wide range of applications. While our case study focused on chained 
matrix multiplication, the underlying principles of our approach are applicable 
to various algorithms and data structures that exhibit non-contiguous or irregu-
lar memory access patterns. Despite the promising results, certain inherent limi-
tations of our Data Layout technique warrant consideration. Issues such as 
memory bandwidth constraints, latency, and the non-uniform memory access 
(NUMA) architecture of GPUs may limit the applicability or performance bene-
fits in some scenarios. Furthermore, the dynamic nature of data access patterns 
in certain applications could reduce the effectiveness of static data layout opti-
mizations. Looking ahead, our future work will focus on exploring the scalability 
and effectiveness of our Data Layout strategy in large-scale GPU clusters and 
cloud environments. By conducting extensive experiments across distributed 
systems, we aim to provide deeper insights into the potential challenges and op-
portunities of our approach in these advanced computing paradigms. Addition-
ally, we plan to investigate the integration of our technique with other optimiza-
tion strategies, such as dynamic data layout transformations and adaptive mem-
ory management, to further enhance performance and mitigate the limitations 
mentioned above. 

10. Conclusions 

In this study, we presented a novel Data Layout strategy for optimizing CUDA 
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programs, particularly focusing on dynamic programming algorithms for 
chained matrix multiplication. By restructuring memory data arrangement to 
improve locality and coalescing, our approach achieved significant performance 
enhancements, reducing execution time by up to 50% and memory consumption 
compared to the baseline implementation. The effectiveness of our technique 
underscores the importance of architecture-aware optimizations in unlocking 
the full potential of GPU-accelerated applications. As the adoption of heteroge-
neous and GPU-based computing continues to grow rapidly across various do-
mains, the principles and strategies discussed in this work will be instrumental 
in harnessing the benefits of these powerful parallel architectures. 

While our findings are promising, we acknowledge the limitations and chal-
lenges associated with our approach and emphasize the need for further research 
to extend its applicability and address potential scalability concerns. By contin-
uing to explore innovative optimization techniques and leveraging the synergies 
between hardware and software, we can pave the way for more efficient and 
high-performance GPU computing solutions. 

It’s important to acknowledge that the scope of our experiments was limited 
by time constraints, restricting our ability to conduct a more extensive investiga-
tion. Future studies will aim to address this limitation by allocating more time 
for rigorous experimentation and analysis. 
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