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Abstract

Graphics processing units (GPUs) are highly efficient devices for high-performance com-

puting (HPC) and are widely adopted to construct heterogeneous (i.e., CPU-GPU) super-

computers. However, the small GPU memory capacity necessitates the use of out-of-core

computation to process excess data, involving the time-consuming CPU-GPU data transfer

prone to limit the overall performance.

In this thesis, for two out-of-core GPU applications, we propose data-centric computing

techniques to address the problem that the CPU-GPU data transfer limits the overall perfor-

mance. The first application is a branch-and-bound (B&B) method to solve the 0-1 knapsack

problem, which is a widely used combinatorial optimizer. The second application is stencil

computation that occurs in various scientific fields. The proposed techniques significantly

reduce the CPU-GPU data transfer, improving the performance of the studied applications.

Moreover, the two applications have very different runtime characteristics. Most notably,

the B&B 0-1 knapsack solver changes memory footprint at runtime, whereas the stencil

computation uses a fixed amount of memory at runtime. Despite the difference between

applications, the proposed techniques follow the same mindset of data-centric computing:

making as much use as possible of the data residing on the GPU and reducing as much as

possible of the CPU-GPU data transfer.

The proposed data-centric computing techniques are in detail explained in three parts of

the thesis. In the first part, an out-of-core B&B method to solve large 0-1 knapsack problems

on a GPU is proposed. Given a large problem that produces many subproblems, the proposed

method dynamically swaps subproblems to CPU memory. Because such a CPU-centric sub-

problem management scheme increases CPU-GPU data transfer, we adopt three data-centric

techniques to eliminate this side effect, including (1) an out-of-order search (O3S) technique

that reduces the data transfer overhead by adaptively transferring subproblems between the

CPU and GPU, (2) a GPU stream compaction technique that reduces the sparseness of

arrays to be transferred, and (3) an explicitly-managed pipelining technique that hides the

data transfer overhead by overlapping data transfer with GPU B&B operations. Experimen-

tal results demonstrate that the out-of-core solver with proposed techniques stored 41× as
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many subproblems as a previous in-core solver that manages subproblems in GPU memory,

solving approximately twice as many problem instances on the GPU. In addition, compared

to a previous breadth-first search (BFS) technique, the proposed O3S technique achieved an

average speedup of 7.5×.

In the second part, we extend a stencil framework to address data transfer problems.

We propose two data-centric computing techniques: (1) a direct-mapping technique that

eliminates host (i.e., CPU) buffers, which intermediate between the original data and de-

vice buffers, and (2) a region-sharing technique that significantly reduces CPU-GPU data

transfer by allowing contiguous data chunks to share common regions on the GPU. The

extended framework was applied to an acoustic wave propagator, automatically extending

the length of the original serial code 2.3-fold to generate the out-of-core code. Experimental

results reveal that the generated code ran 41.0×, 22.1×, and 3.6× as fast as implementations

based on Open Multi-Processing (OpenMP), Unified Memory, and the previous framework,

respectively. The generated code also demonstrates usefulness with small datasets that fit

in the device capacity, running 1.3× as fast as an in-core implementation.

In the third part, we propose a data-centric technique that further accelerates out-of-

core GPU stencil computation with on-the-fly GPU compression, introducing a novel data

compression scheme that solves the data dependency between contiguous decomposed data

chunks. We also modify a widely used GPU compression library to support pipelining that

overlaps data transfer with GPU computation. Experimental results show that the stencil

code with the proposed technique achieved a speedup of 1.13× with a tolerable fidelity loss,

compared with a code that involves no compression.

Our work demonstrates that data transfer should be weighed more than computation in

optimizing large GPU codes. The two studied applications show that the proposed data-

centric computing techniques effectively improve overall performance and thus emphasize

the importance of data-centric computing techniques to present and future large-scale GPU

applications.

iv



Acknowledgements

Foremost, I would like to express my deepest gratitude to my supervisor, Professor Fumihiko

Ino, for his continuous support of my Ph.D. research and daily life during my years. His

valuable and insightful guidance has helped me in fulfilling the requirements for graduation

including this thesis.

Besides my supervisor, I would like to thank the rest of my thesis committee: Profes-

sor Katsuro Inoue and Professor Toshimitsu Masuzawa for their insightful comments and

encouragement.

I am deeply grateful to Associate Professor Masao Okita and Assistant Professor Koki

Masui for discussions with them, for their many valuable and thoughtful comments, and for

their encouragement.

I would like to thank my collaborators: Dr. Albert Farres, Dr. Mauricio Hanzich (af-

filiated with the Barcelona Supercomputing Center), and Dr. Jie Mei (affiliated with the

Department of Computer Science & Brain and Mind Institute, Western University). Dr.

Albert Farres and Dr. Mauricio Hanzich offered me an internship to collaborate with their

research group and gave me a lot of motivating research ideas and guided me through the

difficulties during the research. Dr. Jie Mei gave me ideas for interdisciplinary research.

I would like to express my sincerest gratitude to Humanware Innovation Program at

Osaka University, Student Researcher Program offered by Daikin Industries, Inc., and the

Graduate School of Information Science and Technology at Osaka University, which succes-

sively provided me with financial support.

Finally, I am deeply indebted to members of the Ino laboratory, for their daily support

and useful comments.

v





Contents

1 Introduction 1

1.1 Overview of HPC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Overview of GPU . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 Architectural Difference between CPU and GPU . . . . . . . . . . . . 3

1.2.2 GPU Computing Model . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Heterogeneous and Data-Centric Computing Techniques . . . . . . . . . . . 6

1.4 Contributions of This Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2 GPU-based Branch-and-BoundMethod to Solve Large 0-1 Knapsack Prob-
lems with Data-centric Strategies 9

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.3 Parallelized B&B Approach to Solve Knapsack Problem . . . . . . . . . . . . 15

2.3.1 B&B Approach Basics . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.3.2 Parallel Programming with CUDA . . . . . . . . . . . . . . . . . . . 17

2.4 Base Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.4.1 CPU-Centric Subproblem Management . . . . . . . . . . . . . . . . . 17

2.4.2 GPU-Based Stream Compaction Strategy . . . . . . . . . . . . . . . 19

2.5 Proposed Data-Centric Computing Strategies . . . . . . . . . . . . . . . . . 20

2.5.1 O3S Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.5.2 Explicitly-Managed Pipelining Strategy . . . . . . . . . . . . . . . . . 21

2.5.3 CUB-Based Stream Compaction . . . . . . . . . . . . . . . . . . . . . 24

2.5.4 CPU Threading Design . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.6.1 Robustness against Increased Problem Size . . . . . . . . . . . . . . . 28

2.6.2 Evaluation of GPU-Based Stream Compaction Strategy . . . . . . . . 29

2.6.3 Evaluation of O3S Strategy . . . . . . . . . . . . . . . . . . . . . . . 30

2.6.4 Evaluation of Data-Centric Strategy on Different Machines . . . . . . 31

2.6.5 Comparison of Thrust and CUB Libraries . . . . . . . . . . . . . . . 34

vii



2.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3 A Data-Centric Directive-Based Framework to Accelerate Out-of-Core
Stencil Computation on a GPU 37

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.3 Acoustic Wave Propagator: Target Stencil Computation . . . . . . . . . . . 41

3.4 PACC-Based Out-of-Core Stencil Computation . . . . . . . . . . . . . . . . 43

3.4.1 PACC Directives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.4.2 Rule-Based Translator . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.4.3 Data Decomposition and Temporal Blocking . . . . . . . . . . . . . . 45

3.4.4 Pipeline Execution . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.5 Data-Centric Computing Schemes . . . . . . . . . . . . . . . . . . . . . . . . 47

3.5.1 Direct-Mapping Scheme . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.5.2 Region-Sharing Scheme . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.6.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.6.2 Comparison with OpenMP, Unified Memory,

and Intermediate-Copying Based Implementations . . . . . . . . . . . 54

3.6.3 Detailed Analyses of Data-Centric Computing Schemes . . . . . . . . 56

3.6.4 Comparison with In-Core Implementation . . . . . . . . . . . . . . . 57

3.6.5 Comparison with Result-Reusing Scheme . . . . . . . . . . . . . . . . 59

3.6.6 Evaluation of Programming Effort Benefits . . . . . . . . . . . . . . . 59

3.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4 Accelerating Out-of-Core GPU Stencil Computation with On-the-Fly Com-
pression 61

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

4.2 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

4.3 Out-of-Core Stencil Computation . . . . . . . . . . . . . . . . . . . . . . . . 64

4.4 On-the-Fly Compression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.5 Proposed Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.5.1 Separate Compression . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.5.2 Pipelining cuZFP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.6.1 Evaluation of Performance Benefit . . . . . . . . . . . . . . . . . . . . 69

4.6.2 Evaluation of Fidelity Loss . . . . . . . . . . . . . . . . . . . . . . . . 69

viii



4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5 Conclusions 73

5.1 Summary of This Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

ix





List of Figures

1.1 Performance of outstanding supercomputers at the beginning of each decade

from 1960. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 A simplified view of the architecture of an NVIDIA Tesla V100 GPU. . . . . 3

1.3 A simplified view of heterogeneous architecture, inspired by the architecture of

Summit [40, 79]. Note that the bandwidth significantly varies in the hierarchy

of memory. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1 B&B search tree . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Improvement of accelerators dwarfs that of inter-connects . . . . . . . . . . . 11

2.3 Array-based subproblem management scheme . . . . . . . . . . . . . . . . . 12

2.4 CPU-centric subproblem management . . . . . . . . . . . . . . . . . . . . . . 18

2.5 Separated stream compaction scheme . . . . . . . . . . . . . . . . . . . . . . 19

2.6 Evaluation of multi-threading CPU mode . . . . . . . . . . . . . . . . . . . . 25

2.7 Comparison of robustness against problem size . . . . . . . . . . . . . . . . . 27

2.8 Comparison and breakdown of execution time for small instances . . . . . . 29

2.9 Comparison and breakdown of execution time for large instances . . . . . . . 32

2.10 Efficiency of finding the best lower bound . . . . . . . . . . . . . . . . . . . . 32

2.11 Speedup of data-centric strategy . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.12 Comparing Thrust and CUB libraries . . . . . . . . . . . . . . . . . . . . . . 34

3.1 3D acoustic wave propagation described as 25-point stencil computation. . . 41

3.2 Sample code with PACC directives for five-point stencil computation, i.e.,

finite difference solver for Laplace’s equation. . . . . . . . . . . . . . . . . . . 42

3.3 A simplified description showing how PACC-generated code utilizes OpenACC

directives, OpenACC APIs and CUDA APIs. . . . . . . . . . . . . . . . . . . 43

xi



3.4 Data decomposition using 1.5D block scheme. The original data are decom-

posed into chunks along the main axis. Note that halo regions are required to

be attached to each chunk for temporal blocking. In this figure, k and h de-

note the number of temporal blocking time steps and the size of halo regions,

respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

3.5 Asynchronous CUDA streams used to overlap data transfer with kernel exe-

cution. S0, S1, and S2 are streams used for the i-th, (i+ 1)-th, and (i+ 2)-th

chunks, respectively. Bars marked as “HtoD,” “DtoH,” and “Kernel” rep-

resent CPU-to-GPU data transfer, GPU-to-CPU data transfer, and kernel

execution, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

3.6 intermediate-copying scheme [54]. CPU buffers are used as “transfer stations”

between original data and GPU buffers. . . . . . . . . . . . . . . . . . . . . . 47

3.7 Direct-mapping scheme implemented with data mapping APIs provided by

OpenACC. This scheme eliminates data copying between the original data

and CPU buffers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.8 Regions shared by two contiguous chunks (a) Ci and (b) Ci+1, H
top
i+1∪Hbottom

i .

H top
i+1 denotes the top halo regions of Ci+1, whereas H

bottom
i denotes the bottom

halo regions of Ci. Note that the original data are decomposed along the Z

axis, and each chunk therefore has top and bottom halo regions. Chunks and

halo regions are outlined in red, whereas common regions are colored yellow. 51

3.9 Comparison of the acoustic wave propagation code generated by the extended

PACC framework (Direct-mapping + Region-sharing) with other implemen-

tations on a Tesla V100 GPU in terms of performance. . . . . . . . . . . . . 54

3.10 Comparison of the Himeno benchmark code generated by the extended PACC

framework (Direct-mapping + Region-sharing) with other implementations on

a Tesla V100 GPU in terms of performance. . . . . . . . . . . . . . . . . . . 54

3.11 Comparison of the breakdown of the execution time of three versions of out-of-

core code, implemented with intermediate-copying [54], direct mapping, and

both direct mapping and region sharing, respectively. Bars of different colors

denote the time consumed by different operations. “N/A” denotes that no

time consumption for that operation. Direct-mapping based code eliminated

data copying between the original data and CPU buffers, and thus ran 2.7×
as fast as intermediate-copying based code; moreover, region-sharing achieved

a further 1.4× speedup because it eliminated all halo transfer. . . . . . . . . 55

3.12 Analysis of the performance of PACC-generated code to process data that fit

in the GPU memory. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

xii



3.13 Comparison between region-sharing and result-reusing [36] schemes in terms

of performance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.1 Five-point stencil computation: (a) updating each element based on the four

neighboring elements, and (b) transferring each decomposed chunk with the

halo data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.2 The contiguous chunks can share common regions on the GPU. By exploiting

this characteristic, we can avoid transferring the amount of data equivalent

to that of the halo areas. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4.3 Single-precision floating-point format. . . . . . . . . . . . . . . . . . . . . . . 65

4.4 Separate compression approach to solve data dependency between contigu-

ous chunks. In this approach, the remainder and the common region are

compressed separately for each chunk. As shown in (a), the i-th compressed

remainder and common region are decompressed on the GPU for computa-

tion; and in (b), after computation, the remainder and common region are

compressed and transferred back to CPU to update the i-th remainder and

(i− 1)-th common region, respectively. . . . . . . . . . . . . . . . . . . . . . 67

4.5 Modified cuZFP that supports pipelining. Three CUDA streams are used to

perform operations, overlapping CPU-GPU data transfer (i.e., “HtoD” and

“DtoH”) with GPU kernels including compression (i.e., encoding, “Enc”),

decompression (i.e., decoding, “Dec”), and computation (i.e., region sharing

and computation kernel, “S&K”). . . . . . . . . . . . . . . . . . . . . . . . . 68

4.6 Execution time of the three stencil codes to run 64 time steps. . . . . . . . . 69

4.7 Change in fidelity loss from 64 to 384 time steps. . . . . . . . . . . . . . . . 70

xiii





List of Tables

1.1 Comparison of contemporary high-performance CPU and GPU. Note that

“SP” and “DP” represent “single-precision” and “double-precision,” respec-

tively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2.1 Comparison of O3S and BFS strategies . . . . . . . . . . . . . . . . . . . . . 20

2.2 Comparison of experimental methods to be evaluated. . . . . . . . . . . . . . 26

2.3 Experimental datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.4 Testbed specifications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.5 Profiling results of the compute- and data-centric strategies when solving the

instance of n = 700. The huge improvement of memory access through-

put on Machine 1 (Tesla V100) necessitates the data-centric strategy. BET,

TT1, TT2, TRT, PT1, and PT2 denote (1) average bounding execution time

per iteration, (2) average CPU-to-GPU transfer time per iteration, (3) av-

erage GPU-to-CPU transfer time per iteration, (4) average texture cache

read throughput, (5) average CPU-to-GPU PCIe throughput, and (6) average

GPU-to-CPU PCIe throughput, respectively. . . . . . . . . . . . . . . . . . . 34

3.1 Testbed: a latest NVIDIA GPU. . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2 Two datasets for acoustic wave propagator. . . . . . . . . . . . . . . . . . . . 53

3.3 Dataset for Himeno benchmark. . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.4 Comparison between source lines of code (SLOC) of PACC-generated out-of-

core code (429 lines) and that of serial code (185 lines). . . . . . . . . . . . . 58

3.5 Details of generated out-of-core code. “Changed” and “Unchanged” denote

lines that are changed and not changed, respectively, compared with serial code. 58

4.1 Testbed for experiments. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.1 Candidate combinatorial-optimization applications to use proposed out-of-

core data-centric techniques. . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

0



Chapter 1

Introduction

In this chapter, we first brief the history of high-performance computing (HPC). We then

describe the recent heterogeneous computing architecture with graphics processing units

(GPUs) and the bottleneck for accelerating applications on this architecture. Finally, we

summarize the contributions of this thesis.

1.1 Overview of HPC

HPC, with many synonyms such as supercomputing and massively parallel computing, is

one of the most important research fields in computer science. HPC machines, exemplified

by supercomputers, excel in handling a wide range of data- and compute-intensive tasks

in various fields such as physical simulations, climate science, molecular modeling, and so

forth. The key to HPC machines’ success is a large number of floating-point operations per

second (FLOPS), which must be secured by both HPC hardware and software. In addition

to hardware components such as massive compute units, high-bandwidth memory, and high-

throughput networks, software factors such as well-optimized parallel codes and efficient

system software to manage resources and tasks are inevitable to yield a high FLOPS.

UNIVAC LARC, built in 1960, is considered among the first supercomputers. Released

in 1972, ILLIAC IV was the first true massively parallel computer. Figure 1.1 shows the

outstanding supercomputers at the early days of each decade from 1960 to today, demon-

strating the performance of supercomputers is increasing exponentially over time [101, 102].

Japan and the United States are two leading players in the arms race of supercomputing,

with China as the strongest challenger known for its Sunway TaihuLight [22].

Entering the era of exascale computing (1018 FLOPS a.k.a 1 ExaFLOPS), GPU, as

the very representative of accelerators, is gaining momentum for the great capability of

massively parallel computing, compared to a CPU. Besides the traditional homogeneous

architecture that only utilizes CPUs, the heterogeneous architecture becomes a promising
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Figure 1.1: Performance of outstanding supercomputers at the beginning of each decade from 1960.

Table 1.1: Comparison of contemporary high-performance CPU and GPU. Note that “SP” and “DP”
represent “single-precision” and “double-precision,” respectively.

IBM POWER9 NVIDIA Tesla V100
CPU GPU

Release date 2017 2017
Number of compute cores 22 5120
Peak performance (SP/DP, TFLOPS) 1.1/0.5 15.7/7.9
Memory bandwidth (GB/s) 170 900

option that uses both CPUs and GPUs to construct supercomputers. In recent years, CPU-

GPU supercomputers keep leading the TOP500 supercomputer ranking. For instance, the

CPU-GPU supercomputer Summit [79] had been the fastest in the list from June 2018 to

November 2019. Currently, the CPU-GPU supercomputers Summit and Sierra [40] rank the

second and third in the list, respectively. Table 1.1 compares the CPU and its counterpart

GPU used in the Summit and Sierra supercomputers. With respect to FLOPS per unit, a

GPU is beyond 10× as good as a CPU, which reduces the necessary number of compute

units to construct a supercomputer by a factor of ten. Moreover, a GPU is very power-

efficient compared to a CPU. Summarily, the CPU-GPU architecture is an excellent solution

for supercomputing in terms of reducing constructing and running costs.
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Figure 1.2: A simplified view of the architecture of an NVIDIA Tesla V100 GPU.

1.2 Overview of GPU

NVIDIA and AMD are the two leading vendors for commodity GPUs, meeting various

demands from desktops to data centers. In this work, we focus on NVIDIA GPUs and

their programming frameworks, namely, Compute Unified Device Architecture (CUDA) [65]

and Open Accelerators (OpenACC) [70]. The reason is that NVIDIA GPUs yield the best

performance per unit and thus lead both the accelerator market and the field of accelerator-

based parallel computing. Nevertheless, the methods proposed in the thesis are vendor-

agnostic.

1.2.1 Architectural Difference between CPU and GPU

The main reason for a CPU and a GPU to be different in architecture is that they are designed

for different purposes. CPUs prefer tasks that are narrow and deep, while GPUs, on the

other hand, prefer tasks that are wide and shallow [8]. In the architecture sense, a modern

CPU is composed of a small number (less than 100) of powerful Arithmetic Logic Unit
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(ALU) cores, lots of cache memory, one huge control module that can handle a few software

threads at a time. The powerful CPU cores are equipped with complex circuits for functions

like instruction reordering, branch prediction, out-of-order execution, paging, and caching.

Therefore, CPUs can handle versatile tasks with low latency but limited concurrency. In

contrast, a GPU has a great number (several thousand) of small compute cores with small

control modules and small cache (available per core). Moreover, the GPU memory has an

extremely high bandwidth compared to the CPU memory. GPUs thus excel in concurrently

processing massive vectorizable data.

An NVIDIA GPU has a hierarchical architecture. Figure 1.2 describes the architecture

of a Tesla V100 GPU [62], that is, compute (i.e., CUDA) cores are grouped into an array of

streaming multiprocessors (SMs). In addition to the CUDA cores, each SM is equipped with

special function units (SFUs), tensor cores, warp schedulers, dispatch units, and so forth. The

CUDA cores are in charge of processing 32-bit integer, single- and double-precision floating-

point operations. SFUs are in charge of special arithmetic operations like reciprocation. A

tensor core, first proposed in NVIDIA’s Volta architecture, is a novel unit to boost the process

of training large artificial neural networks (ANNs) by enabling batched fused multiply-add

(FMA) operations on small matrices [27]. Moreover, the NVIDIA GPUs pack every 32

threads into the smallest execution unit called warp and the warp schedulers and dispatch

units schedule and dispatch warps to CUDA cores to execute.

1.2.2 GPU Computing Model

In terms of the computing model, the main difference between CPU and GPU is the gran-

ularity of parallelism. Processing the same amount of data, a GPU can exploit much more

fine-grained data parallelism, a.k.a. single-instruction multiple-data (SIMD), than a CPU

can because a GPU has hundreds of thousands of concurrent threads at runtime while a

CPU has at most several hundred. Moreover, the constraint of the SIMD computing model

adopted by CPUs is that CPUs use vector instructions (e.g., AVX for Intel CPUs) that

require contiguously loading and storing data. NVIDIA proposed single instruction multiple

threads (SIMT) model that relaxes the constraint of SIMD. The SIMT model allows threads

in a warp to take different execution paths and thus enables thread-level parallel code for

independent, scalar threads [65]. In this section, we use the V100 GPU (Figure 1.2) to

explain the GPU computing model in detail.

First, GPU computing deals with a hierarchical memory system. Massive data parallelism

is enabled by an array of SMs. Within each SM, there are registers and a combined L1 data

cache and share memory. The 64K 32-bit register files provide the lowest access latency

to compute cores. The combined L1 data cache and shared memory is a 128 KB memory
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block that is configurable. For instance, if a program utilizes 32 KB shared memory, then

96 KB L1 cache is available for load/store operations. L1 cache is analogous to that of a

CPU, preventing threads in an SM from accessing GPU memory. Shared memory is high-

bandwidth and low-latency memory without cache misses, allowing threads in an SM to

share data efficiently. To use shared memory requires writing code to explicitly manage the

shared memory, which increases the programming effort. Outside of the SMs, there is L2

cache, the most outer on-chip memory, which works with the memory controller to handle

memory requests to exploit data locality. In addition to the aforementioned on-chip memory,

GPU has the off-chip DRAM, a.k.a GPU memory or GPU memory. Compared to the on-chip

memory, the GPU memory has a relatively large capacity. For example, the V100 GPU has

two configurations of the capacity of GPU memory, 16 GB or 32 GB. Despite the relatively

large capacity, the GPU memory is much slower than the on-chip memory.

Secondly, GPU computing deals with a hierarchy of threads. When a parallel program

runs on a GPU, thread blocks are cyclically assigned to SMs until all blocks finish execution.

A block is a group of threads, which is a programmable execution unit to execute a com-

pute kernel. Blocks must be mutually independent, that is, without any data dependency.

Moreover, there is a max number of threads in a block, because an SM can only provide a

finite amount of resources such as registers and shared memory. A block assigned to an SM

is further scheduled and dispatched in warps as introduced in Section 1.2.1. Threads in a

warp share the same instruction at each clock cycle and are processed in parallel in the SM.

Moreover, to hide the high latency of access to GPU memory, a favorable approach is to

assign multiple blocks to an SM, which overlaps access to GPU memory with computation

for different warps.

Finally, although the SIMT model allows threads in a warp to store and load data in

a non-contiguous manner, such an operation must be carefully used because it may violate

the principle of memory coalescing and thus degrades the performance. Precisely, every

successive 128 bytes memory, which is equal to the size of an L1 cache line, can be accessed

by a warp in a single transaction on an NVIDIA GPU [61]. The length of the accessed

memory space is called a stride. If the memory access requests from a warp have a stride

larger than 128 bytes, the requests will be severed into multiple transactions. Other factors

such as shared memory bank conflicts and overuse of diverging threads in a warp also impair

the performance of parallel codes and should therefore be avoided in programming practices.
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Figure 1.3: A simplified view of heterogeneous architecture, inspired by the architecture of Summit [40, 79].
Note that the bandwidth significantly varies in the hierarchy of memory.

1.3 Heterogeneous and Data-Centric Computing Tech-

niques

Many state-of-the-art supercomputers such as Summit and Sierra [40] adopt a heterogeneous

(i.e., CPU-GPU) architecture that has relatively few but fat nodes, compared to supercom-

puters with a homogeneous (i.e., CPU-only) architecture like Sunway TaihuLight [22]. A fat

node has multiple CPUs and GPUs and thus outperforms a CPU-only node. Additionally,

having few nodes is critical to the overall performance of a supercomputer because the inter-

node data transfer is time-consuming. Figure 1.3 gives a simplified view of a supercomputer

based on fat nodes. As you can see, such a heterogeneous architecture has various band-

widths between its components. Data transfers between nodes and between the CPU and

GPU are extremely time-consuming compared to access from GPU compute cores to the

GPU memory. According to a comprehensive survey, rapidly increased data volumes chal-

lenge the research and applications of exascale computing due to a growing gap between the

computing power of processors and data bandwidth [28]. Therefore, a data-centric mindset

is heavily relied on to create programs for heterogeneous architectures.

The data-centric computing concept merges innovative hardware and software to ex-

tract as much value as possible from existing and new data sources [100], emphasizing that

computation should be performed where data resides especially for places where massively

parallel computing is available [88, 109]. On this ground, we can consider a GPU as hardware
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conforming to the data-centric computing concept, because a GPU utilizes high bandwidth

memory and massive compute cores to apply massively parallel computing to the data resid-

ing on its memory. However, the capacity of GPU memory is relatively small (several tens

of GBs). In the era of exascale computing, HPC data comes in petabytes (106 GB a.k.a PB)

that dwarf the capacity of GPU memory. Such data cannot fit in the GPU memory and is

thus called excess data.

To handle excess data, we need an out-of-core approach that decomposes the data into

smaller chunks and then streams the chunks to and from the GPU to process. Such an

approach relaxes the capacity limitation of GPU memory, but incurs more data transfer

between the CPU and GPU, limiting the overall performance of the program.

In this work, we propose data-centric computing techniques for out-of-core GPU appli-

cations that mitigate the side effect involved by CPU-GPU data transfer. The techniques

make as much use as possible of the on-GPU data, reduce as a large amount as possible of

the CPU-GPU data transfer, and hide as much as possible the CPU-GPU data transfer time.

Moreover, although we focus on reducing the data transfer between the CPU and GPU, the

techniques are also applicable for reducing the inter-node data transfer.

1.4 Contributions of This Thesis

The contributions of this thesis are divided into three parts:

In the first part, we study a GPU-based solver for large instances of a combinatorial-

optimization problem that generate excess data at runtime. We identify the CPU-GPU data

transfer bottleneck in executing this out-of-core GPU application and thus propose three

data-centric computing techniques that significantly mitigate the side effect involved by the

data transfer.

In the second part, we investigate another important class of large-scale scientific applica-

tions, i.e., stencil computation. We find the data transfer bottleneck of the out-of-core GPU

stencil codes generated by a previous framework [54]. Therefore, we propose two data-centric

computing techniques to extend the framework that eliminates data copy on the CPU and

reduces the CPU-GPU data transfer.

In the third part, as a complement to the second part, we propose one more data-centric

technique that integrates on-the-fly GPU compression into the process of large GPU stencil

computation, shrinking the data itself and thus reducing the amount of CPU-GPU data

transfer. This technique contributes to a further performance improvement with a tolerable

fidelity loss in the output.
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Chapter 2

GPU-based Branch-and-Bound
Method to Solve Large 0-1 Knapsack
Problems with Data-centric Strategies

2.1 Introduction

The 0-1 knapsack problem [49], which is a combinatorial-optimization problem, occurs in a

wide range of fields such as manufacturing, logistics, and bioinformatics [4, 71, 73]. Given

n (≥ 1) items, each having profit and weight, the problem is to find a combination of items

whose total weight does not exceed capacity c and total profit is maximized:

maximize
n∑

i=1

pixi, subject to
n∑

i=1

wixi ≤ c, i ∈ {1, 2, . . . , n},

where pi and wi are the profit and weight of the i-th item, respectively, and xi ∈ {0, 1} is a

binary decision variable that determines if the i-th item will be included (xi=1 if included;

otherwise, xi=0). There are several approaches to the 0-1 knapsack problem. Among those,

greedy [107] and genetic [30] algorithms are used to obtain feasible solutions whereas dy-

namic programming (DP) [3] and branch-and-bound (B&B) [43] approaches are for exact

solutions. The DP approach was the first exact algorithm to solve 0-1 knapsack problem.

The key idea of DP approach is to break down the original problem into a collection of

simpler subproblems, solve each of those subproblems just once, and store the intermediate

results using a table. The table size is subject to the capacity of knapsack and the number

of items, and thus a high memory requirement is frequently cited as the main drawback of

dynamic programming. On the other hand, the B&B approach is the most common way

to effectively find the exact solutions for non-deterministic polynomial-time hard (NP-hard)

combinatorial-optimization problems such as knapsack problems. An iterative B&B scheme

(Figure 2.1) updates the upper and lower bounds at each iteration to reduce the search
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Figure 2.1: B&B search tree; root P0 is the original problem, node Pi is the i-th subproblem, and X
represents pruned subproblems (i.e., passive subproblems).

space. Each iteration comprises branching, bounding, and pruning operations. The branch-

ing operation decomposes a problem into multiple small subproblems. Then, the bounding

operation computes the lower and upper bounds for each subproblem. Finally, the pruning

operation discards unpromising (passive) subproblems whose upper bounds are less than the

best solution found so far. The remaining promising (active) subproblems proceed to the

next iteration and the process is repeated. B&B approaches can successfully solve knap-

sack problems by exploiting data parallelism using various parallel machines such as SIMD

machines [44], cluster systems [17], computational grids [23, 93], and GPUs [7, 42, 69]. In

addition to graphics applications, GPUs [47] are powerful accelerator devices for compute-

and memory-intensive applications [33, 55, 106]. However, typically, GPU memory capacity,

e.g., 16 GB, is relatively small compared to that of CPU memory. Consequently, previous

GPU-based solvers [7, 42] failed to handle large problems that consume GPU memory rapidly

when splitting a large problem into subproblems (e.g., a branching operation). Compared

to these in-core methods [7, 42], we believe that out-of-core methods to solve the large 0-1

knapsack problems have not been studied sufficiently. In fact, excess data, (i.e., beyond

memory capacity), is a major challenge for developing HPC applications. Many data-rich

studies have adopted out-of-core approaches to relax memory capacity constraints [46, 53].

However, CPU-GPU data transfer overhead can become an implementation bottleneck, and

thus, must be handled carefully. Furthermore, as stated in the literature [81], computa-

tion cost is improving at much higher rate than data movement cost; thus, we must shift

from compute-centric to data-centric models. For example, to evolve the GPU-based im-

plementations on the most recent architecture, CUDA [63] provides data-centric techniques,

e.g., pipelining [91] to overlap CPU-GPU data transfer and GPU-based computation. How-

ever, as shown in Figure 2.2, GPU memory bandwidth improves “at much higher rate” [81]

than PCIe bandwidth, broadening the gap between GPU memory bandwidth and PCIe

bandwidth. Consequently, it becomes increasingly difficult to hide CPU-GPU data transfer

overhead by overlapping data transfer with GPU computation. A possible solution is to use
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Figure 2.2: Gap between GPU memory bandwidth and PCIe bandwidth over time. For Tesla GPUs, the
ratio of GPU memory bandwidth to PCIe bandwidth has increased by a factor of three within ten years.

the NVIDIA NVLink interconnect technology [62] rather than PCIe interconnect. NVLink

provides interconnection between GPUs and between a CPU and GPU, and is considered

5–12 times as fast as PCIe relative to data transfer speed. However, it requires both specific

NVLink-enabled CPU chipsets and GPUs, therefore, we consider that a software solution is

preferable to a hardware solution.

In this paper, we propose an extension of our previous out-of-core method [84], such

that it can hide data-transfer overhead when running on a latest GPU (Tesla V100 PCIe

version). The proposed extension concentrates on using data-centric computing techniques

(i.e., “strategies,” used to distinguish Chapter 2 from Chapters 3 and 4), including intro-

ducing a data-centric search strategy, to evolve the previous method on the state-of-the-art

machines. Compared to an aforementioned in-core method [42], the proposed out-of-core

method relaxes the problem size limitation (i.e., maximum number of subproblems) from the

capacity of GPU memory to that of CPU memory. To solve a large problem, the proposed

method buffers subproblem data in CPU memory rather than GPU memory. However, such

a CPU-centric subproblem management scheme increases CPU-GPU data transfer, which

reduces GPU performance. Our main contribution over the in-core method [42] can be sum-

marized as three data-centric strategies that eliminate the side effect incurred by CPU-GPU

data transfer.

(1) O3S strategy. This strategy traverses the B&B search tree with less CPU-GPU data

transfer. For each iteration of GPU B&B operations, an adaptive number of subprob-

lems are transferred between the CPU and GPU according to GPU buffer usage. This
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Figure 2.3: Array-based subproblem management scheme. Pruned subproblems (i.e., passive; X) make
the array sparse as the depth of the search tree increases. Note that the branching, bounding, and pruning
operations are performed on the GPU.

strategy can reduce the amount of data transfer significantly compared to our previous

out-of-core method [84], which transfers all subproblems in a GPU buffer to apply a

breadth-first search (BFS) strategy.

(2) Explicitly-managed pipelining strategy. Using this strategy hides data transfer over-

head by overlapping data transfer with GPU-based B&B operations. We adopt this

strategy instead of useful memory models such as unified and mapped memory [63]

techniques. Although the latter techniques are useful for facilitating GPU program-

ming, they cannot hide data transfer overhead in our case, which will be discussed in

Section 2.5.2.

(3) GPU-based stream compaction strategy. This strategy converts sparse arrays into

dense arrays to reduce the amount of data to transfer and achieve full utilization of

massively parallel GPU cores. Here, we employ an input-output separated scheme that

is more efficient than an input-output unified scheme [84]. In brief, the unified scheme

introduces an overhead due to mapping the needed and unneeded elements in the input

array to perform in-place movement.

The extended part of the proposed method over the base method [84] includes (1) the O3S

strategy that helps hide data-transfer overhead when running on a latest GPU, (2) the

explicitly-managed pipelining strategy designed in comparison with useful memory models,

(3) the GPU-based stream compaction strategy improved further with the CUB library [67].

The remainder of this paper is organized as follows. Related work is discussed in Sec-

tion 2.2. Parallelized GPU-based B&B methods are summarized in Section 2.3. The base [84]

and proposed methods are described in Sections 2.4 and 2.5, respectively, and experimental

results are given in Section 2.6. Conclusion and suggestions for future work are given in

Section 2.7.
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2.2 Related Work

Boukedjar et al. [7] presented a B&B approach that solves the 0-1 knapsack problem on a

GPU. Their method manages subproblems in GPU memory with arrays representing sub-

problems, where a subproblem has several attributes, such as the upper and lower bounds

of profit and the currently obtained profit and weight. They prepare an array for each

attribute; however, those arrays may become sparse after B&B operations are performed

(Figure 2.3) because elements representing passive subproblems are not considered in sub-

sequent operations. This sparseness wastes GPU memory and negatively affects reference

locality. Therefore, they integrate a CPU-based compaction strategy to reduce sparseness.

The basic idea of their compaction strategy is to exchange passive and active elements using

a quicksort-wise scheme such that all active subproblems are stored continuously at the front

of the array, which is a CPU-based sequential operation; thus, their method transfers all at-

tributes from GPU to CPU memory each time compaction proceeds. Therefore, CPU-GPU

data transfer remains a performance bottleneck.

To reduce CPU-GPU data transfer, Lalami et al. [42] extended the aforementioned

work [7] by restricting transferred data to a single attribute, i.e., label data (label array),

where a label indicates whether an element is active (label=1) or passive (label=0). They fo-

cused on the data access pattern required for compaction (i.e., any attribute array generates

the same pattern as those generated by other attribute arrays). As such, they compute the

pattern on the CPU according to the label data and reuse that information to perform stream

compaction for each attribute array on the GPU. This extension successfully improves the

performance by a factor of two compared to the baseline method [7]. However, data are still

transferred between the GPU and CPU each time stream compaction proceeds. Note that

their method can solve large problems if subproblems are managed in CPU memory.

Shen et al. [84] presented a GPU-accelerated B&B approach to solve 0-1 knapsack prob-

lems that adopts a BFS strategy to traverse the B&B search tree. The BFS strategy treats

all subproblems at the same depth of the search tree more fairly than other search strategies,

e.g., a depth-first search strategy; however, the order of subproblems relative to their depths

in the search tree must be maintained. Consequently, for each iteration, the BFS strategy

must first transfer all the subproblems stored in a GPU buffer (i.e., intermediate results ob-

tained in the previous iteration) to CPU memory, and then transfer a series of subproblems,

whose amount is one-half the size of the GPU buffer, from CPU memory. Here the negative

effect of increasing data transfer was not noticeable because the gap between GPU memory

bandwidth and PCIe bandwidth was tolerable in their testbed (i.e., GTX Titan X and PCIe

3.0 ×16), which means that the GPU computation time was sufficiently long to completely
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hide the CPU-GPU data transfer overhead. However, as explained in Section 2.1, the gap

between GPU memory bandwidth and PCIe bandwidth has increased. For example, on a

state-of-the-art GPU such as a PCIe Tesla V100, data transfer overhead becomes greater

than GPU computation time. Consequently, performance is reduced significantly because

the BFS strategy [84] cannot hide data transfer overhead. Therefore, Shen et al. [85] then

extended [84] with three data-centric strategies to cope with such a data-transfer bottleneck.

Carneiro et al. [11] presented a GPU-accelerated B&B approach that uses a hybrid BFS

and depth-first search (DFS) scheme to solve the symmetric traveling salesman problem.

Their method initially performs BFS on the CPU to generate multiple initial subproblems

to be examined in parallel. Then, their method switches to DFS to process B&B operations

on the GPU. The behavior of our proposed O3S strategy is similar to their hybrid search

strategy in that we use BFS to process subproblems if data do not need to be transferred

between the CPU and GPU; otherwise, we ignore the BFS order, aiming at minimizing the

CPU-GPU data (i.e., subproblems) transfer.

Silva et al. [89] presented a memory-aware load balancing strategy on a parallel B&B

application. They attempted to solve the set partitioning problem on a cluster system. To

obtain a feasible solution quickly, such that they can proceed to search the optimal solutions,

they make each compute node process the DFS. In contrast, we propose an O3S strategy that

produces a sufficient number of subproblems for the GPU to process and ensures sufficient

GPU memory to store intermediate results temporarily.

Wan et al. [98] presented an efficient cooperative CPU-GPU computing method to solve

the subset-sum problem. They implemented a parallel two-list algorithm that divides a set

of n numbers into two smaller subsets and computes all possible subset-sums for these two

subsets. During the subset-sum generating phase, they store all intermediate results that

require O(2n/2) space in GPU memory. As a result, the problem size is limited by GPU

memory capacity. Our proposed method relaxes this limitation because we use the CPU

memory to buffer intermediate results (i.e., subproblems), which increase gradually; and

results can be deleted if they are unpromising.

Quan et al. [72] presented a design and evaluation of a parallel neighbor algorithm for the

disjunctively constrained knapsack problem. They proposed a parallel multi-neighborhood

search method that simulates a teamwork that can find more feasible solutions gradually in

the given timesteps. Note that our proposed method attempts to find optimal rather than

feasible solutions.

Zavala-Dı́az et al. [108] proposed a method that used multi-core CPU nodes to search

partial B&B trees in parallel. Each partial B&B tree is part of the entire B&B search tree,

i.e., a subproblem. BFS was used in their method because they use only CPUs for compu-
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tation, suffering from no CPU-GPU data transfer. Nevertheless, GPU acceleration with our

proposed O3S strategy can be integrated into their method to obtain further speedups.

Chen et al. [13] proposed BGPQ: an efficient GPU-based priority queue, exploiting both

task and data parallelism. They found BGPQ outperformed the priority queues implemented

by previous studies in solving 0-1 knapsack and A-star search problems. For solving a

0-1 knapsack problem, they used BGPQ to buffer subproblems on a GPU. Subproblems

with higher values are sorted in the front of the queue and thus are searched earlier than

subproblems with lower values. Nevertheless, using both CPU and GPU memory to manage

subproblems was yet considered, and therefore our proposed out-of-core data management

with O3S strategy can be beneficial for their method with respect to handling large problems

that generate massive subproblems exceeding the capacity of GPU memory.

Ezugwu et al. [19] explored meta-heuristics in solving 0-1 knapsack problems. They

found that both B&B and DP were the most effective approaches, whereas randomness-based

approaches such as genetic algorithm and simulated annealing had major limitations: a trade-

off between the quality of solution and search time and difficulty in ensuring to find the exact

solution. In our work, we propose a GPU B&B approach to solve large 0-1 knapsack problems

that involves data transfer between the CPU and GPU. An O3S strategy is thus proposed to

search the subproblems while significantly reducing the CPU-GPU data transfer that limits

the overall performance. Selection procedures that determine which subproblems are to be

searched first are not considered in both baseline and proposed approaches because selection

procedures are irrelevant to reducing the CPU-GPU data transfer per B&B iteration.

2.3 Parallelized B&B Approach to Solve Knapsack Prob-

lem

The B&B approach constructs a search tree that is rooted to the original problem in a way of

dynamically splitting the promising nodes (i.e., subproblems) and deleting the unpromising

nodes. Because the co-existing subproblems are mutually independent, we can process them

in parallel. In this study, we implement the parallelized B&B approach with CUDA [63], an

efficient parallel programming model for NVIDIA GPU chipsets.

2.3.1 B&B Approach Basics

In the B&B approach, the branching operation divides a single n-variable (i.e., item) problem

into two (n-1)-variable subproblems. These two subproblems represent two cases for decision

relative to the i-th item, where 1 ≤ i ≤ n. For an n-item knapsack problem, from the first to
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last items, we iteratively divide a single problem into two subproblems using an O3S strategy

which is discussed in Section 2.5.1.

The bounding operation reduces the search space by determining whether it is possible

to obtain an optimal solution for each subproblem. Here, the bounding operation computes

the upper and lower bounds for all subproblems. A subproblem whose upper bound is less

than the current lower bound is passive and must be deleted from the search space. In brief,

the lower bound of a subproblem is obtained by picking items in a greedy manner, whereas

the upper bound is obtained using the product of the reminder capacity and the greatest

profit/weight ratio of remaining items. The current lower bound is the greatest lower bound

found currently, which is updated per B&B iteration at runtime. Here, we assume that

items are sorted according to decreasing profit per weight. This assumption facilitates the

following lower bound computation. Let k be the index of the current item to be examined

for decision and let Iv be the set of items picked for a subproblem, i.e., a vertex v in the

search tree. The weight Wv and profit Pv of vertex v can then be computed as follows:

Wv =
∑

i∈Iv wi, (2.1)

Pv =
∑

i∈Iv pi. (2.2)

A vertex v can be described as a tuple (Wv, Pv, Uv, Lv, Sv), where Uv and Lv represent the

upper and lower bounds of the vertex, respectively, and Sv is the slack variable [42] for the

vertex such that
Sv−1∑
i=k+1

wi ≤ c−Wv <
Sv∑

i=k+1

wi. (2.3)

In other words, slack variable Sv is determined by picking all items after the k-th item as

long as the knapsack can include them. Using the slack variable, the residual capacity r of

the knapsack is given as follows:

r = c−Wv −
Sv−1∑
i=k+1

wi. (2.4)

Lower bound Lv can be obtained by picking the abovementioned items (i.e., from k+1 to

Sv-1) and others in a greedy manner as follows:

Lv = Pv +
Sv−1∑
i=k+1

pi +
n∑

i=Sv

pixi, (2.5)

where xi = 1 if wi ≤ r −
∑i−1

j=Sv+1wjxj. On the other hand, relative to an upper bound Uv,

we adopt the Dantzig bound [14], which is expressed as follows:

Uv = Pv +
Sv−1∑
i=k+1

pi + ⌊rPSv/WSv⌋ . (2.6)
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2.3.2 Parallel Programming with CUDA

NVIDIA’s CUDA [63] is the most prevalent parallel computing platform and application pro-

gramming interface model for developing GPU-accelerated applications. The CUDA parallel

programming model is designed for programmers familiar with standard programming lan-

guages such as C. At the core of model there are three key abstractions - a hierarchy of thread

groups, shared memories, and barrier synchronization which are exposed to the programmer

to define how to parallelize his job. These abstractions provide fine-grained data parallelism

and thread parallelism, nested within coarse-grained data parallelism and task parallelism.

They guide the programmer to partition the problem into coarse subproblems that can be

solved independently in parallel by blocks of threads, and each subproblem into finer pieces

that can be solved cooperatively in parallel by all threads within the block.

In more detail, CUDA C extends standard C by allowing the programmers to define C

functions, called kernels, that, when called, are executed N times in parallel by N different

CUDA threads, as opposed to only once like regular C functions. In our case, we defined three

kernels to perform B&B operations: branch kernel divides each subproblem into two smaller

subproblems; bound kernel computes the upper and lower bound for each subproblems;

and compact kernel prunes unpromising subproblems by overwriting them with promising

subproblems.

2.4 Base Method

Our base method [84] employs a CPU-centric subproblem management scheme that exploits

the large capacity of CPU memory to relax the problem size limitation. Moreover, we

integrated a GPU-based stream compaction strategy into the method to reduce the sparsity

of data before transferring it between the CPU and GPU.

2.4.1 CPU-Centric Subproblem Management

To realize efficient CPU-centric subproblem management, the data structure that stores

subproblems must satisfy two requirements.

(1) The data structure must be accessed randomly by a GPU thread in O(1) time.

(2) The data structure must store subproblems continuously without fragmentation to

improve the efficiency of direct memory access (DMA) required for CPU-GPU data

transfer.
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Indhead

Indtail

Indcheck

PtrA

PtrB

BufferA for data transfer

BufferB for B&B operations

GPUCPU

Figure 2.4: Overview of CPU-centric subproblem management. Double buffering is used to overlap data
transfer with GPU computation.

To satisfy requirement (1), we select arrays as a buffer that stores subproblems for both

CPU memory and GPU memory. To satisfy requirement (2), we organize the CPU buffer in

a circular manner with three indices that instruct to read and write data (i.e., subproblems)

continuously.

As shown in Figure 2.4, Indhead denotes the index of the first subproblem in the buffer

(i.e., array), Indtail denotes the index behind the index of the last subproblem in the buffer,

and Indcheck denotes the index of the first finished subproblem in the buffer. During execu-

tion, the proposed method transfers a series of subproblems that begin with the subproblems

referenced by Indhead from CPU memory to GPU memory in order to process the GPU-

based B&B operations. On the other hand, when predicting whether GPU memory will be

exhausted after the next branching operation (i.e., doubling the number of subproblems),

the proposed method transfers the subproblems from GPU memory to CPU memory and

stores them from the position referenced by Indtail. Each time a data transfer operation

proceeds, the proposed method updates Indhead or Indtail (according to the operation type)

by an increment equal to the amount of transferred subproblems. The proposed method uses

Indcheck to determine if the termination condition is satisfied, which is explained later in this

section. Moreover, the circular manner means that if we reach the last position in the array

while transferring data, we return to the first position in the array. However, in this case,

we must call the data transfer function again because the baseline address has changed.

These transfer and computation jobs proceed iteratively until all subproblems are fin-

ished, meaning that a decision of the last item, (i.e., xn), is performed for each subproblem.

Furthermore, for each iteration, if some of the subproblems transferred from the GPU to

CPU has not finished, the proposed method makes Indcheck equal to Indtail. Otherwise,

Indcheck keeps its current value. If Indcheck is equal to Indhead, the proposed method de-

termines that the termination condition has been satisfied, (i.e., the B&B search tree has

been searched completely). The proposed method then outputs the information (weight,

profit, etc.) of all subproblems left in the CPU buffer as solutions to the knapsack problem

18



Step (1)
Labeling

Step (2)
Computing
Prefix Sums

Step (3)
Packing

P0 P1 P2 Q0 Q1 P3 P4 Q2 P5 Q3Input Array

Array of Labels 1 1 1 0 0 1 1 0 1 0

Array of Prefix Sums 1 2 3 3 3 4 5 5 6 6

Output Array P0 P1 P2 P3 P4 P5

Figure 2.5: Overview of the separated stream compaction scheme. Pi refers to an active subproblem, and
Qi refers to a passive subproblem. In step (1), we associate active and passive subproblems with 1 and 0,
respectively. In step (2), we apply the computation of prefix sums to the array of labels to obtain the array
of prefix sums that indicates where to move the active subproblems (i.e., the data access pattern). In step
(3), we contiguously pack active subproblems into the output array according to the array of prefix sums.

(Figure 2.4).

In addition, the proposed method chooses between two execution modes dynamically

according to the total number of subproblems managed by both the CPU and GPU. If the

circular buffer lacks a sufficient number of subproblems to fully exploit the massive paral-

lelism of the GPU, we only use the CPU to process the branching, bounding, and pruning

operations (otherwise, the GPU is used). In addition to this parallelism consideration, chang-

ing to CPU mode also helps determine whether the termination condition has been satisfied

by processing subproblems sequentially. Relative to the timing of changing execution modes,

we experimentally determined 24, 576 as the threshold number (i.e., the minimum number of

subproblems required by the GPU execution mode) by comparing the sequential execution

time to the CPU-GPU communication time.

2.4.2 GPU-Based Stream Compaction Strategy

To avoid extra CPU-GPU data (i.e., label array) transfer when computing the data access

pattern required for compaction, we adopt a stream compaction strategy that proceeds

entirely on the GPU. This stream compaction strategy computes the destinations required

to move subproblems on the GPU rather than the CPU. As discussed in Section 2.1, we

compared two stream compaction variations, a separated scheme and a unified scheme, and

we found that the separated scheme is more efficient relative to execution time. Details about

the unified scheme can be found in the literature [84]. The separated stream compaction is

a filtering process and requires the input array (i.e., the array to be compacted) is separated

from the output array. The elements that meet the requirements are selected from the input

array and then packed into the output array. Generally, the compaction process is performed

in three steps (Figure 2.5): (1) preparation of the array of labels, (2) computation of prefix

sums, and (3) the packing procedure.
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Table 2.1: Comparison of O3S and BFS [84] strategies in the most data transfer demanding case (i.e., no
subproblems are pruned). For simplicity, we assume the GPU buffer begins with four subproblems and can
store eight subproblems, and that the CPU buffer has sufficient subproblems to refill the GPU buffer. Note
that DtoH and HtoD denote GPU-to-CPU (device-to-host) and CPU-to-GPU, respectively.

BFS O3S
Buffer Transfer Transfer Buffer Transfer Transfer
usage amount function usage amount function
(sub- (sub- call (sub- (sub- call

Operation problems) problems) (times) problems) problems) (times)
B&B 8 0 0 8 0 0
Pruning 8 0 0 8 0 0
DtoH transfer 0 8 1 4 4 1
HtoD transfer 4 4 1 4 0 0

2.5 Proposed Data-Centric Computing Strategies

We extend the aforementioned base method on the latest GPUs to deal with the broadening

gap between the GPU memory bandwidth and PCIe bandwidth, which is a performance

bottleneck of a GPU application. We eliminate the bottleneck by proposing three data-

centric strategies: (1) an out-of-order search (O3S) strategy which reduces the amount of

data transfer per iteration compared to the previous BFS strategy [84], (2) an explicitly-

managed pipelining strategy which exposes the details of overlapping data transfer and GPU

computation, and (3) a GPU-based stream compaction strategy improved further with the

CUB [67] library. We also give some preliminary experimental results to conclude that

single-threaded CPU computation is sufficient for maximizing the performance of our GPU-

accelerated solver.

2.5.1 O3S Strategy

As explained in Section 2.2, the previous BFS strategy must maintain the order of sub-

problems relative to their depth in the search tree, which increases CPU-GPU data transfer

sharply. As a result, the BFS strategy becomes ineffective because the cost of data transfer

via PCIe buses becomes increasingly intolerable over time. In fact, during execution, all

subproblems that exist simultaneously are independent; even if they are at different depths

in the search tree. Therefore, there is no inherent requirement to maintain the order of

the subproblems. Given this, we propose an O3S strategy to traverse the search tree that

processes the subproblems regardless of order.

Algorithm 1 describes the behavior of the proposed O3S strategy. For each iteration

of GPU B&B operations, the O3S strategy transfers an adaptive number of subproblems
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between the CPU and GPU according to GPU buffer usage. In other words, if the number

of subproblems in the GPU buffer is greater than one-half the size of the GPU buffer, the

proposed strategy transfers an amount of subproblems back to CPU memory. If the number

of subproblems in the GPU buffer is less than one-half the size of the GPU buffer, the

proposed strategy transfers an amount of subproblems from the CPU memory. Otherwise,

the proposed strategy continues to process the subproblem currently stored in the GPU

buffer without transferring data. By adopting this O3S strategy, we reduce the amount

of transferred data by two-thirds and data transfer function calls by one-half, even for the

worst case, which the greatest number of data transfers (Table 2.1). Note that both O3S

and BFS strategies transfer subproblems that are stored contiguously in the CPU and GPU

buffers, instead of selecting specific subproblems to transfer. After pruning operation, the

GPU buffers will be compacted to avoid transferring any unpromising subproblem.

In addition to reducing the amount of data transfer per iteration, the proposed O3S

strategy improves robustness against a rapidly increasing number of subproblems because

the behavior of this strategy lies between that of BFS strategy and DFS strategies, i.e., the

proposed O3S strategy tends to finish searching some sub-trees of the entire search tree,

which, to some extent, suppresses a quickly increasing number of subproblems.

However, a potential downside is that the proposed O3S strategy is less fair than the BFS

strategy, i.e., the BFS strategy finds the lower bound for each entire depth it has traversed

before it proceeds to the next depth. In contrast, the proposed O3S strategy may dig deeper

while delaying processing some highly promising subproblems that have good lower bounds,

which impairs the efficiency of pruning unpromising subproblems.

2.5.2 Explicitly-Managed Pipelining Strategy

CUDA provides several solutions to deal with large data that exceeds the capacity of GPU

memory: (1) explicitly-managed memory, (2) mapped memory, and (3) unified memory.

Among these solutions, we decided to deploy the first solution (i.e., explicitly-managed mem-

ory) to hide the CPU-GPU data transfer overhead. That is, we realize a double buffering

strategy that overlaps the CPU-GPU data transfer with GPU-based B&B operations using

two CUDA streams. Here, a CUDA stream is a sequence of operations that execute in issue-

order on the GPU [91]. The data transfer proceeds on a stream using bufferA, and the

GPU-based B&B operations proceed on another stream using bufferB. When operations

on both streams are complete, the strategy exchanges the references (i.e., PtrA and PtrB in

Figure 2.4) to bufferA and bufferB, and proceeds to the next iteration of this overlapped

transfer and computation procedure until finishing processing all subproblems remaining in

the circular buffer. However, prior to the next iteration, the strategy must synchronize both
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Algorithm 1: O3S strategy

Input: (1) scpu, CPU buffer size, (2) sgpu, GPU buffer size, (3) threshold, minimum
number of subproblems required for GPU execution mode

Output: bufcpu, CPU buffer that manages subproblems and thus contains the
results finally

1 Allocate memory for bufcpu and bufgpu (GPU buffer that contains intermediate
results)

2 Add the original problem to bufcpu
3 ncpu ⇐ 1; ngpu ⇐ 0
4 indhead ⇐ 0; indtail ⇐ 1; indcheck ⇐ 1
5 while indhead ̸= indcheck do
6 if ncpu + ngpu < threshold then
7 Transfer ngpu subproblems from bufgpu to bufcpu
8 Update indend, indcheck, ncpu, and ngpu

9 Process the subproblems in bufcpu on the CPU
10 Update indend, indcheck, and ncpu

11 else if ncpu + ngpu ≥ threshold then
12 if ngpu > sgpu/2 then
13 if All the subproblems in the GPU buffer finished then
14 amount ⇐ ngpu

15 if amount+ ncpu > scpu then
16 Exit due to the CPU buffer being exhausted

17 else
18 Transfer amount subproblems from bufgpu to bufcpu
19 Update indend, indcheck, ncpu, and ngpu

20 else
21 amount ⇐ ngpu − sgpu/2
22 if amount+ ncpu > scpu then
23 Exit due to the CPU buffer being exhausted

24 else
25 Transfer amount subproblems from bufgpu to bufcpu
26 Update indend, ncpu, and ngpu

27 else if ngpu < sgpu/2 then
28 amount ⇐ min(sgpu − ngpu, ncpu)
29 Transfer amount subproblems from bufcpu to bufgpu
30 Update indhead, ncpu, and ngpu

31 if ngpu ̸= 0 then
32 Process the subproblems in bufgpu on the GPU Update ngpu
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streams to ensure that the current iteration has finished. Note that we perform synchroniza-

tion to prevent both streams from transferring data simultaneously; otherwise, the circular

buffer may become inconsistent. Moreover, to handle large data, we use cudaMallocHost()

and cudaMalloc() to allocate pinned memory for the CPU and GPU buffers, respectively.

We adopt the aforementioned double buffering to overlap CPU-GPU data transfer with GPU

computation. In this strategy, we can determine the timing for transferring data between

the CPU and GPU because we explicitly judge if the number of subproblems will exceed the

size of GPU buffer; thus, we can overlap data transfer with GPU computation.

As for the second solution (i.e., mapped memory), this capability allows CUDA pro-

grammers to share page-locked CPU memory between CPU and GPU. With this capability,

there is no need to allocate any GPU memory and explicitly copy data between GPU and

CPU memory [63]. Accordingly, users can easily process large data whose size is beyond

the capacity of GPU memory. However, owing to the lack of data copy function calls, data

transfer cannot be explicitly overlapped with kernel execution.

Similar to mapped memory, unified memory facilitates programming tasks for dealing

with large data on the GPU. Unified memory provides a common address space that can be

accessed from hosts and devices with a coherent manner. Recent GPU architectures such as

Pascal and Volta can allocate more memory than the physical size of GPU memory. However,

the physical location of data is invisible to a program, which avoids explicit overlapping of

data transfer and kernel execution. To deal with this data locality issue, CUDA provides

useful APIs such as cudaMemPrefetchAsync() which allow users to prefetch pageable memory

to the GPU. However, if we use a buffer allocated with unified memory, we cannot determine

which part of the buffer is on the GPU and which part is on the CPU. Thus, we cannot

know when to call the data transfer API.

Finally, dynamic parallelism [63] is also useful for reducing the amount of data transfer

between CPU and GPU. This capability allows GPU threads (instead of CPU threads)

to launch a kernel at runtime, and thus, reducing the need to transfer execution control

and data between CPU and GPU. Dynamic parallelism is useful to implement a parallel

recursive algorithm. Our algorithm can also be implemented with dynamic parallelism, but

we avoid using this implementation strategy because recursive algorithms easily exhaust

computational resources such as register files and shared memory. In a recursive algorithm,

parent threads will not complete before child threads, so that resources are rapidly wasted

as the recursion goes deeper. To make the matters worse, we have to reduce the sparseness

of array data to maximize GPU acceleration. Therefore, we adopt a synchronous approach

that launch a kernel from the CPU.
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2.5.3 CUB-Based Stream Compaction

We compare the Thrust [35] with CUB [67] library to find a better way to implement the

GPU-based stream compaction strategy. Both the Thrust and CUB libraries provide GPU-

accelerated max reduce function and inclusive scan function. Max reduce function is used

to find the optimum in the GPU buffer, and inclusive scan function is used to compute

prefix sums of the label array. Moreover, both libraries provide similar device-wide prim-

itives for CUDA. However, they target different abstraction layers for parallel computing.

The Thrust abstractions are agnostic of any particular parallel framework (CUDA, TBB,

OpenMP, sequential CPU, etc). While the Thrust library has a backend for CUDA devices,

its interface is more abstract than that of the CUDA-specific CUB library. As such, Thrust

interface avoids explicitly exposing CUDA-specific details (e.g., cudaStream t parameters).

On the other hand, the CUB library is specific to CUDA C++ and its interface accommo-

dates CUDA-specific features explicitly. For example, CUB uses shuffle instructions with

predicate to realize prefix sum computation, whereas Thrust uses shuffle instructions with-

out predicate. Moreover, CUB exposes more details of execution to its users; thus, the

users have more freedom to tune their programs implemented with CUB. An example is to

perform prefix sum computation. CUB allows its users to designate a temporary storage

in the GPU memory for holding the intermediate results (i.e., partial sums). In contrast,

Thrust hides this detail by allocating the temporary storage for the users. The cost of this

memory allocation operation is tolerable, if a user calls the function only once. However, in

our case, we have several thousand iterations when solving a large knapsack problem and

each iteration requires to perform prefix sum computation. Therefore, we can allocate the

temporary storage at the beginning of execution, and then pass its pointer to the prefix sum

computation function provided by CUB. By doing so, we can avoid allocating the tempo-

rary memory for several thousand times. However, along with more freedom to control the

execution, users also have more responsibility to the proper behaviors of program. In the

prefix sum example, if the user designates a temporary storage whose size is insufficient, the

function provided by CUB will return incorrect results. In our case, we can determine a

sufficient size by referring to the size of the GPU buffer and that of the CUDA block.

2.5.4 CPU Threading Design

As we described in Section 2.4.1, we set the threshold for switching CPU/GPU execution

modes by comparing the sequential execution time to the CPU-GPU communication time.

However, because the CPU has multiple cores, we may be able to improve the performance

of program by adopting CPU multi-threading techniques. Therefore, we have performed a
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Figure 2.6: Speedup of multi-threading CPUmode over single-threading CPUmode. No significant speedup
was achieved by multi-threading CPU mode.

preliminary experiment to determine whether we should implement CPU multi-threading

techniques in our method.

In detail, we use OpenMP [96] 4.0 to implement CPU multi-threading. We use the

single-threading CPU mode program as the baseline. As for the multi-threading version,

we change the values of two variables, i.e., the number of threads and threshold number of

subproblems, to generate multiple variations. We compare the single-threading with multi-

threading programs by solving problems of items ranged from 600 to 1000. Figure 2.6 shows

the results of solving the problem of 700 items. The results demonstrate that CPU multi-

threading is unnecessary in our case. Neither the speedup nor degradation is significant if we

apply CPU multi-threading to CPU execution mode with different threshold numbers. The

main reason for the similar performance of the CPU single-threading and multi-threading

programs is clear. The CPU mode execution time is a small proportion (less than 5%

on average) of the total execution time when solving a large problem that incurs CPU-

GPU data transfer for many times. Even we process hundreds of thousands subproblems in

parallel on the CPU, the amount of work still pales compared to tens of millions subproblems

processed in parallel on the GPU. Nevertheless, there is a lesser reason. A sufficient number

of subproblems is needed for CPU multi-threading; otherwise, the cost of generating and

controlling multiple threads overweighs the advantage of parallel execution. Even we set a

sufficient number as a CPU mode threshold, we cannot ensure the number of subproblems to

be near this threshold number, because the CPU execution mode is triggered whenever the

number of subproblems is smaller than the threshold number. In contrast, GPU execution

mode is triggered only if the number of subproblems is greater than the threshold number,
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Table 2.2: Comparison of experimental methods to be evaluated.

In-core [42] Previous [84] Extended
Data management scheme In-core Out-of-core Out-of-core
Search strategy BFS BFS O3S
Explicitly-managed pipelining × ⃝ ⃝
Stream compaction strategy CPU-based GPU-based, Thrust [35] GPU-based, CUB [67]

Table 2.3: Experimental datasets.

Parameter Value
pi: profit of the i-th item wi + 1000 + random(−20, 20)
wi: weight of the i-th item random(1, 10000)

c: knapsack capacity
n∑

i=1

wi ∗ 100/1001

which ensures that GPU always has sufficient number of subproblems to process.

2.6 Experimental Results

We conducted an experiment to evaluate the extended method in terms of problem size and

execution time. Here, we used Lalami’s in-core method [42] and our previous method [84]

as baseline methods. Table 2.2 shows what techniques the extended and baseline methods

comprise. All methods were compiled with the same optimization options. Moreover, for

the large problems that the in-core method [42] failed to solve, we compared the extended

method to our previous method [84] in terms of execution time and efficiency of finding

the optimum to evaluate the performance of the O3S strategy. Furthermore, we analyzed

the suitability of the extended method for machines with different ratios of GPU memory

bandwidth to PCIe bandwidth. Finally, we compared the Thrust and CUB libraries in terms

of execution time, aiming at improving the stream compaction strategy.

We used a suite of benchmarking datasets [50, 51] shown in Table 2.3. Here, we used

strongly correlated instances with up to 1000 items, where the weight of each item primarily

determines its profit. Such instances can be parallelized efficiently because of the enormous

combinations of items that may be an optimal solution; therefore, such instances represent

the most difficult problems. Note that we generated 20 unique instances for each value of n.

Table 2.4 shows the specifications of the experimental machines, which ran Ubuntu 16.04

with CUDA 9.0 [63]. The version of the Thrust library was 1.8.3. and that of the CUB

library was 1.7.0. Moreover, for all experiments, we allocated an array of 20 GB for the

CPU circular buffer, and we allocated 2 GB of GPU memory for the GPU buffer. In other

words, for the in-core method, we allocated a single 2 GB buffer, and, for the previous and

26



Table 2.4: Testbed specifications. Ratio of GPU memory bandwidth to PCIe bandwidth of Machine 1 is
56 and that of Machine 2 is 21.

Machine 1 Machine 2
CPU Intel Xeon Silver 4110 Intel Xeon E5-2660 v3
CPU memory capacity 512 GB 64 GB
GPU Tesla V100 PCIe (Volta) GeForce GTX Titan X (Maxwell)
GPU memory capacity 16 GB 12 GB
GPU driver version 390.30 375.39
PCIe gen3 ×16 gen3 ×16
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methods.
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extended methods, we allocated two 1 GB buffers (double buffering).

2.6.1 Robustness against Increased Problem Size

We prepared 10 classes of instances, varying from 100 to 1000 items, and we generated 20

different instances for each class. Figure 2.7 shows that the extended method solved the

greatest number of instances, thereby demonstrating that the O3S strategy is more robust

than the BFS strategy [84]. This robustness occurred because the O3S strategy tended to

finish searching some sub-trees before finishing the entire search tree, which reduced the ten-

dency of splitting subproblems to some extent. For example, in the instance class with 400

items, the extended method solved two more instances than the previous method, denoted

by Inst13 and Inst15. Here, we analyze Inst13 because it produced more subproblems than

Inst15. The previous method terminated after the total number of subproblems reached

815, 970, 178. On the other hand, at the same number of iterations, the extended method

reached only 99, 413, 303 subproblems in total, which suggests that the extended method re-

duced the tendency of splitting subproblems by a factor of eight. Furthermore, the extended

method reached at most 204, 725, 088 throughout execution when solving Inst13, which is

one-fourth the number of subproblems reached when the previous method terminated. Note

that the extended method suppresses subproblem splitting only by changing the search order

(i.e., adopting the O3S strategy), and in no case does the extended method omit a subprob-

lem that should be searched. According to the results, robustness achieved by the extended

method is noticeable, especially for properly large instances (i.e., 400 to 800 items). How-

ever, there was no significant difference for instances with greater than 800 items because

the rapidly increasing number of subproblems exhausted CPU memory capacity. Although

the number of solvable instances of proposed O3S-based method increased compared to that

of previous BFS-based method, such an increase is not significant because the O3S strategy

does not sharply improve the efficiency in avoiding CPU memory exhaustion compared to

the BFS strategy. Note that the main contribution of the proposed O3S strategy is reducing

the execution time by significantly reducing the amount of CPU-GPU data transfer.

In summary, the extended method buffered 41× as many subproblems as the in-core

method. For the solved instances, the extended method successfully stored 689, 337, 946 sub-

problems at a time during execution, whereas the in-core method at most stored 16, 783, 230

subproblems at a time. As a result, the extended method solved approximately twice as

many instances as the in-core method.

28



100 200 300 400 500 600 700 800 900 1000

I P E I P E I P E I P E I P E I P E I P E I P E I P E I P E 

n: Number of items

0

1

2

3

4

5

E
xe

c
u

ti
o

n
 t

im
e

 (
s)

6

B&B computation and stream 
compaction on the CPU 
(CPU mode)

B&B computation
on the GPU (GPU mode)

Stream compaction 
on the GPU  (GPU mode)

Figure 2.8: Comparison and breakdown of execution time for small instances. “I,” “P,” and “E” refer
to the in-core [42], previous [84], and extended methods, respectively. The proposed stream compaction
strategy outperformed the previous stream compaction strategy [42].

2.6.2 Evaluation of GPU-Based Stream Compaction Strategy

We compared the proposed stream compaction strategy to that of the in-core method [42]

in terms of execution time (Figure 2.8). For each instance class, we selected a representative

instance whose execution time was closest to the mean value of the execution time of all

solved instances. Note that we ignored instances whose maximum number of subproblems

stored at a time during execution was less than the threshold required for the GPU execution

mode. Such instances avoided evoking GPU kernels; thus, they were useless for measuring

the performance of the GPU-based B&B and stream compaction operations. Moreover, in

this experiment, we used the CUB library to implement the prefix sum computation for the

stream compaction strategy.

According to the results, both the extended and previous [84] methods achieved higher

performance because the proposed stream compaction strategy was processed completely in

parallel on the GPU . In contrast, as discussed in Section 2.2, the previous stream compaction

strategy computed data access pattern sequentially on the CPU, and it must transfer the

label array between the CPU and GPU. Therefore, the proposed GPU-based stream com-

paction strategy ran 9.9× faster on average than the previous strategy, obtaining an average

speedup of 3.1× relative to total execution time. Note that because both in-core and out-of-

core methods use CPU and GPU, the power consumption is determined by execution time.

On this ground, the proposed out-of-core method is better than the in-core method in terms
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of power efficiency.

Moreover, those instances can be solved by the previous in-core method; therefore, many

of them (e.g., n=400, 900, and 1000) produced only a few subproblems, which avoided

swapping subproblems between the CPU and GPU. For such small instances, the previous

and extended methods preformed equally. On the other hand, for n=500, which produced a

sufficient number of subproblems to trigger CPU-GPU data transfer, the extended method

was 4.5× as fast as the previous method because the former method required only 13% of

the GPU computation time of the latter method. We attribute this speedup to the O3S

strategy because it significantly reduced the CPU-GPU data transfer overhead per iteration,

which we discuss in Section 2.6.3.

Execution time appeared to be subject to a normal distribution against the number of

items rather than a linear correlation. It is surprising that execution time required to solve

a mid-sized problem (e.g., n=500) was greater than that for a large problem (e.g., n=900).

However, this can be explained by survivorship bias. Regardless of pruning, the 900-item

instances inherently produced more subproblems (2900) than the 500-item instances (2500).

As such, the 900-item instances were prone to reaching a huge number of subproblems at a

much earlier stage than the 500-item instances, due to the exponential correlation of item

and subproblem numbers. As a result, many time-consuming 500-item instances survived

(i.e., solved); however, no time-consuming 900-item instances survived. In other words, the

survived 900-item instances are not large instances in fact. Because they failed to keep

producing many subproblems exceeding the threshold number for GPU mode throughout

the execution. Note that there is evidence for this deduction. For 900-item instances, CPU

mode execution time represented a large proportion (62% for the extended method) of total

execution time. Efficient pruning suppressed a large number of subproblems that exceed the

GPU mode threshold, thereby proving that such instances were not time-consuming.

Moreover,

2.6.3 Evaluation of O3S Strategy

For large instances that the in-core method [42] failed to solve, we compared the extended

method to the previous method [84] in terms of execution time and efficiency of finding the

optimum. We selected a representative instance for each class as described in Section 2.6.2.

Figure 2.9 shows a breakdown of the execution time of the representative instances. Ac-

cording to the results, compared to the previous method, the extended method achieved

a speedup of 11.7× (n=400) at most and 7.5× on average. This speedup was exclusively

attributed to the O3S strategy because both the extended and previous methods imple-

mented the same stream compaction strategy; therefore, no improvement came from that
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part. The O3S strategy reduced the CPU-GPU data transfer per iteration significantly such

that the data transfer overhead could be hidden by the overlapping GPU computation time.

In contrast, the BFS strategy suffered from an unhideable data transfer overhead due to a

huge amount of data transfer per iteration. Consequently, the GPU computation (which was

overlapped with the CPU-GPU data transfer) of the extended method achieved a speedup of

23.5× at most (12.2× on average) compared to that of the previous method. For example,

when solving the instance with 400 items, the GPU B&B computation time of the extended

method was only 5% of that of the previous method.

Figure 2.10 shows how many B&B iterations were required for the BFS strategy (i.e.,

the previous method) and the O3S strategy (i.e., the extended method) to find the optimum

and finish searching the B&B tree. As can be seen, the BFS strategy outperformed the

O3S strategy because the BFS strategy can find the solution with a smaller number of

iterations than the O3S strategy. Compared to the O3S strategy, the BFS strategy reduced

the number of iterations by 4% on average and 7% at most (n=500) required to search the

B&B tree completely, because the BFS strategy could find the optimum at an earlier stage

than the O3S strategy. For example, when solving the instance with 400 items, the BFS

strategy required one-eighth the number of iterations to find the optimum compared to the

O3S strategy. However, because we used strongly correlated (i.e., hardest) instances, it was

impossible to make an assertion at an early stage even if the optimum had already been

found. Therefore, this merit of the BFS strategy barely made a significant contribution

(i.e., a 7% reduction of total iterations at most), which was completely negligible compared

to the reduction of data transfer per iteration achieved by the O3S strategy. Moreover, to

compare the amount of work more precisely, we analyze the number of subproblems that

have been processed when the programs terminated (Figure 2.10). According to the results,

the difference of workload between the two strategies is trivial. As such, the difference of

workload has little influence on the difference of performance between the two strategies.

For example, the instances where the difference of workload is most observable are n = 400

and n = 600. However, in n = 400, the BFS strategy processed 52.81 billion subproblems

while the O3S strategy processed 53.96 billion subproblems, where the difference is 2.1%;

in n = 600, the BFS strategy processed 25.80 billion subproblems while the O3S strategy

processed 25.60 billion subproblems, where the difference is merely 0.7%. On the other hand,

the average speedup achieved by the O3S strategy is 750%, which dwarfs either 2.1% or 0.7%.

2.6.4 Evaluation of Data-Centric Strategy on Different Machines

We referenced a discussion about compute-centric and data-centric models in Section 2.1,

and Section 2.6.3 demonstrated the necessity of shifting from a compute-centric (i.e., BFS)
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strategy to a data-centric (i.e., O3S) strategy. However, it is difficult to conclude that a

data-centric strategy is a one-size-fits-all solution. Therefore, we evaluated the data-centric

strategy on Machine 1 (Tesla V100) and Machine 2 (GeForce GTX Titan X; testbed of the

previous method [84]) in terms of execution time. Figure 2.11 shows different speedup values

obtained by the extended method when solving instances with 600 to 1000 items on these

two machines. Although speedup ranged from four to 8.8× was achieved by the data-centric

strategy on Machine 1, there was no significant difference between the performance of the

two strategies on Machine 2. As shown in Figure 2.2, the ratio of GPU memory bandwidth

to PCIe bandwidth of Machine 2 is 21, whereas that of Machine 1 is 56, suggesting that

Machine 2 did not have such huge difference between GPU memory and PCIe bandwidths

as Machine 1. Therefore, the increased computation cost (i.e., more subproblems to be

searched) in the data-centric strategy offset the reduced data transfer overhead.

Table 2.5 shows the profiling results of the two strategies when processing the instance of

n = 700, which we use to verify our theoretical explanation for the aforementioned observa-

tions. Note that we use the bounding kernel to represent the GPU computation because it

is the heaviest part (approximately 90%) of GPU B&B computation. The bounding kernel

computes the upper and lower bounds based on two constant arrays (i.e., profits and weights

of all the items). Because the two arrays are constant, they are preloaded in the read-only

texture cache of each streaming multiprocesser (SM). Therefore, the read throughput of

texture cache dominates the performance of the bounding kernel. As can be seen, the pro-

filing results demonstrate that the huge improvement of memory access throughput and the

constant, relatively low throughput of PCIe bus on the latest GPU make the data-centric

strategy mandatory. On Machine 2 (GeForce Titan X), the texture read throughput is ap-
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Table 2.5: Profiling results of the compute- and data-centric strategies when solving the instance of n = 700.
The huge improvement of memory access throughput on Machine 1 (Tesla V100) necessitates the data-centric
strategy. BET, TT1, TT2, TRT, PT1, and PT2 denote (1) average bounding execution time per iteration,
(2) average CPU-to-GPU transfer time per iteration, (3) average GPU-to-CPU transfer time per iteration,
(4) average texture cache read throughput, (5) average CPU-to-GPU PCIe throughput, and (6) average
GPU-to-CPU PCIe throughput, respectively.

Compute-centric strategy (BFS) Data-centric strategy (O3S)
BET TT1 TT2 TRT PT1 PT2 BET TT1 TT2 TRT PT1 PT2

Machine (ms) (ms) (ms) (GB/s) (GB/s) (GB/s) (ms) (ms) (ms) (GB/s) (GB/s) (GB/s)
Titan X 44.96 2.75 1.63 287.61 12.13 12.96 40.6 0.02 0.01 282.92 8.92 10.10
V100 2.32 2.72 1.62 5096.50 12.27 13.12 2.08 0.02 0.01 5073.60 8.78 10.71
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Figure 2.12: Comparison and breakdown of execution time of the Thrust and CUB libraries. “T” and “C”
refer to the implementations with the Thrust and CUB libraries, respectively.

proximately 300 GBs, which makes the bounding kernel execution time long enough (more

than 40 ms) to hide the CPU-GPU data transfer time no matter it is either 2 ms (compute-

centric) or 0.02 ms (data-centric). However, on Machine 1 (Tesla V100), the texture read

throughput is approximately 5100 GBs. Thus, the bounding kernel execution time is merely

one twentieth of that on Machine 2. Therefore, the data transfer time cannot be hidden on

Machine 1 if we still adopt the previous compute-centric strategy (BFS), due to the same

PCIe throughput on both machines.

2.6.5 Comparison of Thrust and CUB Libraries

In the previous method [84], we used the Thrust library to realize the prefix sum computation

required for the stream compaction strategy. Aiming at improving the stream compaction

strategy, we compared the Thrust and CUB libraries in terms of execution time (Figure 2.12).
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The results show that the stream compaction strategy realized using the CUB library

was twice faster than that realized using the Thrust library, achieving an average speedup

of 1.2× relative to total execution time. As mentioned earlier, the CUB library (1) has

low-level and CUDA-specific optimizations and (2) allows us to improve our program by

controlling the details of execution. Therefore, we achieved this speedup by implementing

the GPU-based stream compaction with CUB.

2.7 Conclusion

In this paper, we have presented a GPU-accelerated, out-of-core B&B method for solving

large 0-1 knapsack problems with adaptive CPU-GPU data transfer. The maximum problem

size depends on the capacity of CPU memory rather than GPU memory. To realize this

relaxation, the proposed method buffers promising subproblems in CPU memory rather than

GPU memory. Because such a CPU-centric management scheme can suffer increased amount

of data transfer between the CPU and GPU, the proposed method minimizes the number

of subproblems to be transferred per iteration using an O3S strategy, condenses sparse data

using a GPU-based stream compaction strategy, and hides data transfer overhead using an

explicitly-managed pipelining strategy that overlaps data transfer with GPU-based B&B

operations.

In our experiments, we found that the extended out-of-core method stored 41× as many

subproblems at a time, solving approximately twice as many problems as a previous in-core

method. In addition, for large instance classes, the extended out-of-core method also solved

more instances than a previous out-of-core method because the O3S strategy suppressed

subproblem splitting. We also found that our GPU-based stream compaction strategy was

9.9× as fast as a previous CPU-based stream compaction strategy. Furthermore, we found

that the O3S strategy was 12.2× as fast as the previous BFS strategy on a Tesla V100

GPU, achieving a 7.5× speedup relative to total execution time, which paves the way to

study solving the large 0-1 knapsack problem on the latest workstation GPUs with PCIe

interconnects.

Additionally, we focused on strongly correlated 0-1 knapsack problems because such

problems can generate massive subproblems to mandate out-of-core GPU computation. The

number of solvable problems decreases with the increase of problem size, i.e., number of

items. We avoided considering other cases such as weakly correlated problems because

effective pruning would prevent generating enough subproblems to trigger GPU computation.

However, the relationship between number of solvable problems and number of items for

various kinds of knapsack problems is worth being studied, which remains future work.
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In the future, we also plan to investigate more efficient upper bounds to improve efficiency

of pruning subproblems and generalize the data-centric scheme to solve other problems on the

GPU. Last but not least, we plan to combine the proposed O3S strategy with sophisticated

subproblem-selection heuristics to further reduce the search time.
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Chapter 3

A Data-Centric Directive-Based
Framework to Accelerate Out-of-Core
Stencil Computation on a GPU

3.1 Introduction

Stencil computation is one of the most important classes in scientific computing with a key

principle of iteratively updating an input array by applying a fixed calculation pattern (i.e.,

stencil) to all the elements of the array. Stencil applications appear in a wide range of fields,

including geophysics simulations [20, 80], computational electromagnetics [1], and image

processing [31, 92]. Because computation time and memory consumption grow linearly

with the size of input arrays, parallel implementations of stencil computation are of great

importance [15]. Currently, the GPU is considered to be the most efficient architecture for

parallel stencil code [78]. Armed with thousands of cores and 5–10 times as high memory

bandwidth as CPUs, GPUs provide powerful solutions for both compute- and memory-

intensive scientific problems [34, 55, 68, 85]. However, there are two main challenges in

implementing GPU-accelerated stencil code: limited capacity of device (i.e., GPU) memory

and considerable programming effort to implement GPU-accelerated code.

At several tens of GBs, the capacity of GPU memory is relatively small. Out-of-core

methods are thus a straightforward option to process excess data. Although multi-node

solutions are also used to handle large data, they are complex due to the need to reconcile

intra- and inter-node programming models, such as Message Passing Interface (MPI) [24] and

OpenMP [96]. Out-of-core methods decompose large data into smaller chunks such that each

chunk fits in the GPU memory. As a result, out-of-core methods involve frequently moving

data between the host (i.e., CPU) and device (i.e., GPU). Therefore, the programmer must

deliberately organize data transfer to and from the GPU; otherwise, the performance of
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parallel code is limited by data transfer.

Significant programming effort is required for the GPU-based parallelization of serial

code, and the programming effort further increases if out-of-core computation needs to be

implemented to handle excess data. Typically, CUDA [64] is used as a parallel programming

framework for NVIDIA GPUs. To develop efficient CUDA programs, programmers must

possess an in-depth knowledge of GPU-specific optimization techniques that adapt serial

code and data structures to the highly parallel device [46]. To reduce the programming ef-

fort to develop GPU-based out-of-core code, directive-based programming frameworks such

as OpenACC [70] have emerged as alternatives to CUDA. OpenACC provides users with

a collection of compiler directives that can be simply inserted into the serial code. Such

directives instruct the OpenACC compiler to automatically offload parallelizable workloads

from the host to a parallel accelerator, such as a GPU. OpenACC is therefore gaining popu-

larity among researchers because it helps port various scientific codes [5, 32, 83, 97, 105] to

GPUs with less programming effort than low-level programming paradigms such as CUDA

and OpenCL [41] do. However, due to the small GPU memory capacity, the simplicity of

OpenACC (i.e., sharing of identical code and data structures between the CPU and GPU)

can be problematic. For example, assume that we use a 100 GB array in a CPU-based code.

If we naively insert OpenACC directives into this code, the OpenACC compiler will fail to

prepare an array of the same size on the GPU due to GPU memory exhaustion.

Out-of-core computation is necessary to solve the aforementioned memory exhaustion

problems. Miki et al. [54] proposed the pipelined accelerator (PACC), a directive-based

framework that automatically generates out-of-core OpenACC code for large stencil applica-

tions. PACC decomposes large data into smaller chunks, overlaps data transfer with kernel

execution, and performs temporal blocking to process on-GPU data for multiple times. How-

ever, the generated code failed to exploit the computational capabilities of state-of-the-art

GPUs because the data transfer limits the performance, especially when the generated code

was high-order stencil computation in which the calculation of an element relies on a wide

neighboring area. Although the latest Tesla V100 GPUs have notably improved memory

bandwidth (900 GB/s), CPU-GPU data transfer consumes significantly more time than ker-

nel execution due to relatively slow interconnects (e.g., bandwidth of 16 GB/s for PCIe 3.0)

and thus limits the performance. Moreover, the gap between GPU memory bandwidth and

PCIe bandwidth widens over time [85]; therefore, we must focus more on reducing data

transfer than improving computation. Thus, new data-centric computing techniques are

needed to evolve the PACC framework on the latest GPUs.

In this paper, we extend the PACC framework [54] with two data-centric computing

techniques (i.e., “schemes,” used to distinguish Chapter 3 from Chapters 2 and 4) to alleviate
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the performance limitation imposed by heavy data transfer.

The first is a direct-mapping scheme that eliminates CPU buffers [54] used to transfer

decomposed data between the CPU and GPU. The second is a region-sharing scheme that

significantly reduces CPU-GPU data transfer by further reusing on-GPU data. The exper-

imental results demonstrate that even a relatively small dataset that fits in GPU memory

benefits from the region-sharing scheme. This reveals the efficacy of region-sharing scheme

regardless of the data size, as long as the data parallelism is sufficient for GPU acceleration.

The main contributions of this paper are as follows:

1. Extension of the PACC framework with two data-centric computing schemes that

benefit large and high-order stencil applications.

2. Parallelization of a geophysics simulator [80]—a real world application—with the ex-

tended PACC framework.

The remainder of this paper is organized as follows. Section 3.2 introduces work related

to GPU acceleration of out-of-core stencil computation, whereas Section 3.3 presents de-

tails of stencil computation with a real-world application—a geophysics simulator that was

parallelized in this study. Section 3.4 introduces the PACC framework [54] that generates

OpenACC-based out-of-core stencil code, whereas Section 3.5 elaborates on work that ex-

tends the PACC framework with data-centric computing schemes. Section 3.6 provides the

experimental results, whereas Section 3.7 concludes the paper and provides suggestions for

future work.

3.2 Related Work

Sourouri et al. [90] proposed a compiler framework for three-dimensional (3D) stencil com-

putation on GPU clusters. They provided directives and a source-to-source translator and

thus reduced programming effort by automatically generating out-of-core stencil code from

serial code. However, techniques to reuse on-GPU data, such as temporal blocking, were not

implemented.

Miki et al. [54] proposed PACC, an extension of OpenACC for out-of-core stencil com-

putation on a GPU. The PACC framework automatically generates out-of-core code that

decomposes the original data into chunks, each of which fits in the GPU memory. In addi-

tion, the generated code implements temporal blocking to reuse on-GPU data and performs

pipeline execution to overlap data transfer with kernel execution. However, an intermediate-

copying scheme is used in the generated code in which chunks are first copied to CPU buffers

and then transferred to the GPU. Furthermore, the generated code transfers extra data (i.e.,
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halo regions) to the GPU to perform temporal blocking. Therefore, the performance of the

generated code degrades when the code handles high-order stencil computations and/or runs

on the latest GPU due to the heavy data transfer cost. To address the data transfer prob-

lem, we integrated two data-centric computing schemes into the PACC framework. First, we

adopted OpenACC APIs to map regions of the original data to the GPU buffers, avoiding

data copying between the original data and CPU buffers. Secondly, we designed a region-

sharing scheme for contiguous chunks to share common regions, thus significantly reducing

the amount of data transfer between the CPU and GPU.

Jin et al. [36] proposed a multi-level optimization method for stencil computation on

the domain that is bigger than memory capacity of GPU. In their method, they reused the

intermediate computation results to eliminate redundant data (i.e., halo) transfers. Such a

result-reusing scheme involves storing and restoring the intermediate results on the GPU for

every two time steps, incurring more invocations for memory copy APIs than our region-

sharing scheme. In our region-sharing scheme, one subdomain only needs to copy the over-

lapped regions for the consequent subdomain, before temporal blocking computations. The

novelty of our work is that the region-sharing scheme is more succinct than the result-sharing

scheme. That is, the region-sharing scheme has (1) fewer source lines and (2) simpler con-

trol that involves fewer invocations for CUDA APIs to copy data on the GPU. Although

the region-sharing scheme is more succinct than the result-sharing scheme, the two schemes

have almost the same performance because they have the same effect in reducing CPU-GPU

data transfer that limits the performance. However, we must admit that compared to the

region-sharing scheme, the result-reusing scheme reduces the size of GPU buffers by half the

size of halo regions, because it can reuse the previous intermediate computation results in a

shifting manner. The result-reusing scheme can also eliminate the redundant computations.

Shimokawabe et al. [87] proposed a stencil framework to realize large-scale computations

beyond GPU memory capacity on GPU supercomputers. For excess data, the framework

decomposes the entire domain stored in the CPU memory into subdomains and then trans-

fers the subdomains to the GPU for computation. However, this method transfers each

subdomain with all halos required for temporal blocking to the GPU. Therefore, the cost of

the data transfer can be high, especially for high-order stencil code. In contrast, our method

allows a subdomain to share common regions with contiguous subdomains to reduce the

amount of data transfer.

Reguly et al. [74] presented a cache-blocking tiling technique that efficiently processes

large-scale stencil code. Their implementations are based on OPS [56, 75, 76]—a domain

specific language (DSL) that requires implementing stencil code based on its syntax. Instead,

the PACC framework requires no modification aside from the insertion of directives into serial
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1 //c0 = -205.0f/72.0f, c1 = 8.0f/5.0f,

2 //c2 = -1.0f/5.0f, c3 = 8.0f/315.0f,

3 //c4 = -1.0f/560.0f;

4 //p3, p2, and p1 are the pressures at time t+1, t,

5 //and t-1, respectively

6 p3[z][y][x] = (1/dx2 + 1/dy2 + 1/dz2) * c0 * p[z][y][x];

7 p3[z][y][x] += 1/dx2 * (c4 * (p2[z][y][x+4] + p2[z][y][x-4]) + c3 * (p2[z][y][x+3] + p2[z][y][x-3])

8 + c2 * (p2[z][y][x+2] + p2[z][y][x-2]) + c1 * (p2[z][y][x+1] + p2[z][y][x-1]));

9 p3[z][y][x] += 1/dy2 * (c4 * (p2[z][y+4][x] + p2[z][y-4][x]) + c3 * (p2[z][y+3][x] + p2[z][y-3][x])

10 + c2 * (p2[z][y+2][x] + p2[z][y-2][x]) + c1 * (p2[z][y+1][x] + p2[z][y-1][x]));

11 p3[z][y][x] += 1/dz2 * (c4 * (p2[z+4][y][x] + p2[z-4][y][x]) + c3 * (p2[z+3][y][x] + p2[z-3][y][x])

12 + c2 * (p2[z+2][y][x] + p2[z-2][y][x]) + c1 * (p2[z+1][y][x] + p2[z-1][y][x]));

13 p3[z][y][x] = v[z][y][x] * v[z][y][x] * dt2 * p3[z][y][x] + 2 * p2[z][y][x] - p1[z][y][x];

Figure 3.1: 3D acoustic wave propagation described as 25-point stencil computation.

stencil code, thus reducing programming effort.

Hou et al. [29] proposed a framework to automatically generate stencil codes to access

buffered data in the cached systems of GPUs. In their work, 2.5D block was adopted to

decompose the original data; however, temporal blocking was not utilized for data reuse. In

contrast, we adopted a 1.5D block scheme to decompose the original large data into blocks,

fixing the sizes of blocks along the X and Y axes and varying only the size along the Z

axis. We adopted the 1.5D block scheme for the convenience to apply temporal blocking

because the scheme avoids discontinuous data intervened by halo regions along X and Y

axes. Discontinuous data involve multiple invocations of CPU-GPU data transfer when the

proposed region-sharing scheme is used to reduce transfers of halo regions.

Endo [18] proposed a recursive temporal blocking algorithm. Given multiple hierarchies

of memory, he applied temporal blocking with variable block sizes. Data transfer and kernel

execution did not overlap.

3.3 Acoustic Wave Propagator: Target Stencil Com-

putation

In this section, we use the acoustic wave propagator [80] as an example of a reputed

stencil application that is widely used for geophysics exploration in the petroleum industry.

Acoustic wave propagation is governed by the following equation:

1

V 2

∂2p

∂t2
= ∇2p, (3.1)

where p(x, y, z, t) is the acoustic pressure at time t and the mesh specified by Cartesian coor-

dination (x, y, z); V (x, y, z) is the propagation speed, whereas ∇2 is the Laplacian operator.

For our 3D application, ∇2p can be replaced by the sum of the second-order partial
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1 #pragma pacc init

2
3 #pragma pacc pipeline targetinout(p1) targetin(p2) size([0:y][0:x]) halo([1:1][1:1]) async

4 for(int t=0;t<total_time steps;t++){

5 #pragma pacc loop dim(2)

6 for(int j=0;j<y;j++){

7 #pragma pacc loop dim(1)

8 for(int i=0;i<x;i++){

9 p2[j][i] = 0.25 * (p1[j][i+1] + p1[j][i-1] + p1[j+1][i] + p1[j-1][i]);

10 }

11 }

12 //swap p1 and p2

13 #pragma pacc loop dim(2)

14 for(int j=0;j<y;j++){

15 #pragma pacc loop dim(1)

16 for(int i=0;i<x;i++){

17 p1[j][i] = p2[j][i];

18 }

19 }

20 }

Figure 3.2: Sample code with PACC directives for five-point stencil computation, i.e., finite difference
solver for Laplace’s equation.

derivatives of p in each dimension. Therefore, we have

1

V 2

∂2p

∂t2
=

∂2p

∂x2
+

∂2p

∂y2
+

∂2p

∂z2
. (3.2)

For the partial derivatives, we use a second-order central finite difference approximation [21]

for time and an eighth-order approximation for space. We thus have

1

V 2

∂2p

∂t2
≈

1

V 2

p(x, y, z, t+ 1)− 2p(x, y, z, t) + p(x, y, z, t− 1)

dt2
.

(3.3)

With respect to the spatial terms on the right-hand side of (3.2), take the first term for

instance, we have

∂2p

∂x2
≈ X

dx2
, (3.4)

where

X =− 1

560
(p(x+ 4, y, z, t) + p(x− 4, y, z, t))

+
8

315
(p(x+ 3, y, z, t) + p(x− 3, y, z, t))

− 1

5
(p(x+ 2, y, z, t) + p(x− 2, y, z, t))

+
8

5
(p(x+ 1, y, z, t) + p(x− 1, y, z, t))

− 205

72
p(x, y, z, t).

(3.5)
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1 allocate CPU datasets using cudaHostAlloc(h_p,h_sz*sizeof(float))

2 //p is pointer to original data, h_sz is size of data

3 allocate GPU buffers using d_buf[0-2]=acc_malloc(b_sz*sizeof(float))

4 //d_buf[0-2] are pointers to GPU buffers and b_sz is size of a GPU buffer

5 while number of remnant time steps is greater than zero

6 reduce remnant time steps by temporal blocking time steps

7 for each chunk

8 map chunk to GPU buffer using acc_data_map(&h_p[ofs],d_buf[current],b_sz*sizeof(float))

9 //ofs is offset from start of current chunk to start of original data

10 #pragma data update device(h_p[ofs+r_sz:b_sz-r_sz])

11 //r_sz is size of common regions

12 copy common regions for next chunk

13 using cudaMemcpyAsync(d_buf[current],d_buf[next]+ofs_b,r_sz*sizeof(float))

14 //ofs_b is offset from start of GPU buffer to start of common regions

15 for temporal blocking time steps

16 #pragma acc kernels present(h_p[ofs:b_sz])

17 parallel loops for stencil kernels

18 #pragma data update host(h_p[ofs+r_sz/2:b_sz-r_sz])

19 unmap data with acc_data_unmap(&h_p[ofs])

Figure 3.3: A simplified description showing how PACC-generated code utilizes OpenACC directives,
OpenACC APIs and CUDA APIs.

The same procedure is then applied to the other two terms. In this way, we can discretize 3.1;

that is, we can describe it in the form of a 25-point stencil computation (Figure 3.1) in which

calculation of an element relies on 24 surrounding elements (i.e., halo regions).

3.4 PACC-Based Out-of-Core Stencil Computation

As explained in Section 3.1, to process excess data, naively inserting OpenACC directives

into serial stencil code leads to GPU memory exhaustion. To avoid such failures, out-of-core

stencil computation requires modifying the original code. A minimum modification includes

data decomposition and CPU-GPU data transfer. In addition, techniques such as temporal

blocking must be implemented to improve performance. To reduce the programming effort

caused by these code modifications, the PACC framework [54] provides users with OpenACC-

like directives to insert into their source code to specify the stencil computation regions that

process excess data. The PACC framework then automatically translates the source code

with PACC-directives to out-of-core OpenACC-based code. In this section, we describe how

the framework realizes out-of-core stencil computation redin detail.

3.4.1 PACC Directives

The PACC framework provides OpenACC-like directives (i.e., init, pipeline, and loop con-

structs) to describe an out-of-core stencil code. Figure 3.2 presents an example of code

with PACC directives for four-point stencil computation. Data decomposition and tempo-
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ral blocking are not manually implemented but are automatically generated by the PACC

framework. Brief descriptions for PACC directives are follows:

• The init construct (Line 1). This construct preserves variables used for out-of-core

stencil computation such as the number of time steps for temporal blocking.

• The pipeline construct (Line 3). This construct is located directly before the outer loop

which confines all iterations of the stencil computation. The targetin and targetinout

clauses define read-only and read/write datasets. The size clause defines the size of

datasets (i.e., range in each dimension) specified by the start index and length. The

halo clause defines the size of halo regions in each dimension.

• The loop construct (Lines 5, 7, 13, and 15). This construct is located directly before

each loop inside the kernel. The dim clause indicates the level of the loop inside the

kernel. We decompose data at the top-level loop.

3.4.2 Rule-Based Translator

The PACC framework provides a translator that automatically generates out-of-core Ope-

nACC code from a serial code implemented with PACC directives, based on rewriting rules.

The translator was implemented with pure Python to achieve high usability by avoiding any

package dependency issue. Code segments that perform data decomposition and temporal

blocking are added by the translator. The translator functions as follows.

• Parses variables from the pipeline construct (e.g., the names of arrays and the size of

halo regions).

• Adds variables and methods used to perform out-of-core computation (e.g., a method

that maps data regions in the CPU memory to the GPU buffers).

• Replaces the init construct with code that initializes variables used to perform out-of-

core computation (e.g., memory allocation for the GPU buffers).

• Adds an outer loop to the code block confined by the pipeline construct to control the

chunk-wise out-of-core process.

• Rewrites all kernels in the code block confined by the pipeline construct (i.e., for each

kernel, modifies the loop constructs and translates the data indices to process chunks

rather than all of the data).

Figure 3.3 describes how the generated code is implemented with OpenACC directives,

OpenACC APIs, and CUDA APIs.
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with halo regions

Chunk 0
Chunk 1
Chunk 2
Chunk 3
Chunk 4

Chunk 1

Decomposition

Halo size = kxh
Chunk size = b
Halo size = kxh

Figure 3.4: Data decomposition using 1.5D block scheme. The original data are decomposed into chunks
along the main axis. Note that halo regions are required to be attached to each chunk for temporal blocking.
In this figure, k and h denote the number of temporal blocking time steps and the size of halo regions,
respectively.

3.4.3 Data Decomposition and Temporal Blocking

Because the OpenACC compiler prepares identical variables for both the host and the device,

a large host array can cause runtime failures due to GPU memory exhaustion. Therefore, the

PACC framework decomposes excess data into smaller chunks and move the chunks between

the CPU and GPU for out-of-core computation. To the best of our knowledge, there are two

explicit ways and an implicit way to perform the chunk-wise process:

1. intermediate-copying. In the previous PACC framework, Miki et al. [54] prepared CPU

buffers. Therefore, chunks are copied from the original data to the CPU buffers and

then transferred to the GPU buffers with the update device directive. Once computa-

tion on a chunk completes, the chunk is transferred back to the CPU buffers with the

update host directive.

2. Direct-mapping. In this study, we extend the PACC framework with a direct-mapping

scheme. This scheme directly maps a chunk from the original data to the GPU buffers

with OpenACC map APIs. In this way, data copying between the original data and

CPU buffers is eliminated.

3. Unified Memory [16]. This scheme relies on the CUDA runtime to stream data to and

from the device, avoiding GPU memory exhaustion. However, this scheme has two

disadvantages that significantly impair the performance of out-of-core code. First, the

scheme is unaware of the application-specific optimizations, such as temporal blocking.

Secondly, the scheme results in low CPU-GPU bandwidths due to a complex page fault

handling mechanism if prefetching hints are not explicitly specified [60].

In most cases, stencil code is time-evolving, which signifies that all of the data must

be calculated for multiple time steps; therefore, temporal blocking must be implemented to

reduce the amount of CPU-GPU data transfer. As mentioned in Section 3.2, we decompose
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S 0
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Figure 3.5: Asynchronous CUDA streams used to overlap data transfer with kernel execution. S0, S1,
and S2 are streams used for the i-th, (i + 1)-th, and (i + 2)-th chunks, respectively. Bars marked as
“HtoD,” “DtoH,” and “Kernel” represent CPU-to-GPU data transfer, GPU-to-CPU data transfer, and
kernel execution, respectively.

the original data using a 1.5D block scheme for the convenience to implement temporal

blocking. Note that 2D and 3D decomposition schemes are not considered for two reasons.

First, although 2D and 3D decomposition schemes can reduce the size of chunks and thus

reduce the data transfer, on the other hand, the amount of data that can be reused on the

GPU is also reduced, which is unfavorable. Secondly, 2D and 3D decomposition schemes

make a chunk non-contiguous in the memory, impairing the efficiency in transferring the

chunks between the CPU and GPU. Precisely, either multiple invocations of data-transfer

API or buffers used to combine non-contiguous data before transfer is needed for each chunk

because the chunk consists of multiple non-contiguous data segments. For high usability,

the previous PACC framework implemented temporal blocking with a succinct overlapped

tiling scheme. This scheme simply wraps each chunk with halo regions (Figure 3.4) and

thus avoids analyzing data dependencies across multiple arrays, which must be performed

if temporal blocking is implemented using wavefront [52, 57, 75, 103], trapezoidal [25], and

diamond [6] tiling schemes.

However, halo transfer increases linearly with the number of time steps to update a chunk

on the GPU. For high-order stencil code that has a large halo area, transferring extra data

can be incredibly time consuming. To address this problem, we improved the performance

of the overlapped tiling scheme with a data reuse scheme that significantly reduces CPU-to-

GPU (HtoD) data transfer, which is described in greater detail in Section 3.5.2.

3.4.4 Pipeline Execution

At runtime, the process of a chunk has three stages: (1) HtoD transfer, (2) kernel execution,

and (3) GPU-to-CPU (DtoH) transfer. The previous PACC framework [54] thus adopted a

three-stage pipeline to process three chunks in parallel with asynchronous CUDA streams.

For each chunk, the framework submits operations to the corresponding stream (Figure 3.5).

In this way. data transfer is overlapped with kernel execution.
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Figure 3.6: intermediate-copying scheme [54]. CPU buffers are used as “transfer stations” between original
data and GPU buffers.
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Figure 3.7: Direct-mapping scheme implemented with data mapping APIs provided by OpenACC. This
scheme eliminates data copying between the original data and CPU buffers.

3.5 Data-Centric Computing Schemes

As mentioned in Section 3.4.3, data transfer limits the performance of high-order stencil code

generated by the PACC framework [54], because a large amount of halo data is transferred

between the CPU and GPU at runtime. This limitation is more noticeable on new GPUs

due to a widened gap between GPU memory bandwidth and PCIe bandwidth [85].

To alleviate this limitation, we extend PACC with two data-centric computing schemes—

direct-mapping and region-sharing—that notably reduce the amount of data transfer. The

direct-mapping scheme maps and transfers regions of the original data to the GPU buffers,

avoiding data copying between the original data and CPU buffers. Furthermore, the region-

sharing scheme evolves the overlapped tiling scheme used by the previous PACC framework

by eliminating all halo transfer between the CPU and GPU.
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3.5.1 Direct-Mapping Scheme

The previous PACC framework uses an intermediate-copying scheme that prepares CPU

buffers that mediate between the original data and GPU buffers (Figure 3.6). In con-

trast, the proposed direct-mapping scheme uses OpenACC APIs (i.e., acc data map and

acc data unmap) to map regions of the original data to the GPU buffers (Figure 3.7). The

mapped data regions are then transferred between the CPU and GPU with OpenACC di-

rectives (i.e., data update device and data update host). Thus, the direct-mapping scheme

avoids data copying between the original data and CPU buffers.

Nevertheless, we take advantage of page-locked (pinned) memory for high speed of data

transfer between CPU and GPU. Similar to the CUDA implementations [2, 48, 99], the

direct-mapping uses pinned memory by allocating the CPU datasets with CUDA API, but

it differs from [2, 48, 99] in using OpenACC APIs to map host data to GPU buffers (Fig-

ure 3.3). Moreover, because the generated code deploys OpenACC directives, we compiled

the generated code with the PGI compiler option to enable pinned memory. Without the

appropriate option, the direct-mapping uses pageable memory. Note also that the direct-

mapping scheme consumes more pinned memory than the intermediate-copying scheme does.

In the intermediate-copying scheme, only three CPU buffers, each with a size of a chunk and

corresponding halo regions, need to be allocated with pinned memory. However, in the

direct-mapping scheme, all of the original data must be allocated with pinned memory. This

drawback thus requires dynamically allocating pinned memory if the size of the original data

is beyond the CPU memory capacity.

3.5.2 Region-Sharing Scheme

The previous PACC framework performs temporal blocking with the overlapped tiling scheme

to avoid analyzing data dependencies across multiple arrays. However, as we mentioned in

Section 3.4.3, the overlapped tiling scheme requires attaching extra data (i.e., halos) to each

chunk. The extra data transfer increases with the number of time steps of temporal blocking

and is time-consuming for high-order stencil code due to large halo areas. We therefore

propose a region-sharing scheme to eliminate the extra data transfer, which constitutes a

large proportion of the HtoD data transfer.

The region-sharing scheme takes advantage of the fact that two contiguous chunks share

common regions (Figure 3.8). We assume that a stencil has equal sizes of halo regions in up

and down directions, which is the most common case in stencil computation. As a result,

the region-sharing scheme can copy the common regions of a chunk that has arrived on the

GPU to the GPU buffers that would store the next chunk. The scheme then only needs
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Algorithm 2: Performing out-of-core stencil computation for T time steps using
the region-sharing scheme. Note that we assume that the sizes of top halo H top

i and
bottom halo Hbottom

i for any chunk Ci are equal. For simplicity, we avoid special
descriptions for uneven top and bottom halo regions such as that of the first chunk.

Input: (1)
n−1∪
i=0

Ci: original data, which is decomposed into n chunks, (2)S0, S1, S2:

CUDA streams to perform HtoD data transfer and common regions copying
for three chunks, (3)S3, S4, S5: CUDA streams to perform kernel execution
and DtoH data transfer for three chunks, (4) T and K: number of total
time steps and number of time steps for temporal blocking, respectively.

Output:
n∪

i=0

Ci: data that has been updated for T time steps.

1 while T > 0 do
2 k ⇐ min(T,K)
3 T ⇐ T − k
4 i ⇐ 0
5 while i < n do
6 sid ⇐ i (mod 3) // id of first stream for current chunk

7 prev ⇐ sid− 1 // id of first stream for previous chunk

8 if prev ̸= −1 then
9 transfer Ci−1 to CPU using Sprev+3 // transfer updated previous chunk to

CPU

10 if i = 0 then
// for first chunk, transfer it with upper and lower halo regions

11 transfer H top
i ∪ Ci ∪Hbottom

i to GPU using Ssid

12 else
// for each of other chunks, transfer remnant of it with lower halo

regions

13 transfer (Ci ∪Hbottom
i −Hbottom

i−1 ) to GPU using Ssid

14 if prev ̸= −1 then
15 wait for Sprev to complete copying common regions

16 if i ̸= n− 1 then
// if current chunk is not last one, copy common regions to next chunk

17 copy H top
i+1 ∪Hbottom

i for Ci+1 on GPU using Ssid

18 wait for Ssid to complete HtoD data transfer
19 while k > 0 do
20 process Ci on GPU using Ssid+3

21 k ⇐ k − 1

22 i ⇐ i+ 1

to transfer the remnant of the next chunk with corresponding halo regions. Note that the
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Algorithm 3: Performing out-of-core stencil computation for T time steps using
the result-reusing scheme [36].

Input: (1)
n−1∪
i=0

Ci: original data, which is decomposed into n chunks, (2)S0, S1, S2:

CUDA streams to perform HtoD and DtoH data transfers for three chunks,
(3)S3, S4, S5: CUDA streams to perform reading and writing intermediate
results and kernel execution for three chunks, (4) T and K: number of total
time steps and number of time steps for temporal blocking, respectively.

Output:
n∪

i=0

Ci: data that has been updated for T time steps.

1 while T > 0 do
2 k ⇐ min(T,K)
3 T ⇐ T − k
4 i ⇐ 0
5 while i < n do
6 sid ⇐ i (mod 3) // id of first stream for current chunk

7 prev ⇐ sid− 1 // id of first stream for previous chunk

8 if prev ̸= −1 then
// transfer updated previous chunk to CPU

9 transfer Ci−1 to CPU using Sprev

10 if i = 0 then
// for first chunk, transfer it with upper and lower halo regions

11 transfer H top
i ∪ Ci ∪Hbottom

i to GPU using Ssid

12 else
// for each of other chunks, transfer remnant of it with lower halo

regions

13 transfer (Ci ∪Hbottom
i −Hbottom

i−1 ) to GPU using Ssid

14 wait for Ssid to complete HtoD data transfer
15 if prev ̸= −1 then
16 wait for Sprev+3 to complete writing intermediate results

17 while k > 0 do
18 if i ̸= 0andk (mod 2) = 0 then
19 read the on-GPU intermediate results of the common regions

computed by Ci−1

20 write the intermediate results of the common regions on GPU for Ci+1

21 process Ci on GPU using Ssid+3

22 k ⇐ k − 1

23 i ⇐ i+ 1

size of the remnant equals that of a chunk without halo regions; thus, the scheme effectively

eliminates all halo transfer between the CPU and GPU.
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Figure 3.8: Regions shared by two contiguous chunks (a) Ci and (b) Ci+1, H
top
i+1 ∪Hbottom

i . Htop
i+1 denotes

the top halo regions of Ci+1, whereas H
bottom
i denotes the bottom halo regions of Ci. Note that the original

data are decomposed along the Z axis, and each chunk therefore has top and bottom halo regions. Chunks
and halo regions are outlined in red, whereas common regions are colored yellow.

Theoretically, the more halo regions are used, the more benefit can be drawn from the

region-sharing scheme. That is, more time can be saved that would otherwise be consumed

by data transfer. However, in practice, more halo regions require larger GPU buffers; thus,

the region-sharing scheme is also subject to limitations of GPU memory capacity.

The region-sharing scheme requires (1) copying common regions between chunks on the

GPU and (2) maintaining an inter-chunk execution order (i.e., computation on a chunk

must wait for the previous chunk to complete copying common regions). To fulfill the first

requirement, we use cudaMemcpyAsync to perform data copying on the GPU. To fulfill the

second requirement, we control the pipeline execution in smaller granularity than that used

in the previous PACC framework.

Algorithm 2 provides the details of out-of-core stencil computation using the region-

sharing scheme. We assume that upper and lower halo regions have the same size. Six

streams are used for three chunks. Specifically, we use two streams to perform operations

for a chunk. The first stream transfers the chunk from the CPU to the GPU and copies

the common regions of the chunk to the next chunk. The second stream computes on the

chunk and transfers the computation results back to the CPU. Note that the inter-chunk

execution order requires extra synchronizations (Line 16 and 17). For instance, considering

three contiguous chunks, C0, C1, and C2, C1 must wait for C0 to complete copying common

regions before C1 can copy common regions to C2.
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Algorithm 3 shows the details of a result-reusing scheme [36] mentioned in Section 3.2.

In the temporal blocking loops of this scheme, for every two time steps, a chunk reads

the intermediate results of common regions computed by the previous chunk (line 19), and

writes the intermediate results of common regions computed by itself for the next chunk

(lines 20). In contrast, the region-sharing scheme is more succinct (i.e., having fewer lines of

source code) and reduces the invocations of APIs to perform on-GPU copy, which is because

the region-sharing scheme avoids maintaining additional GPU buffers to store intermediate

results and involves copying the common regions only once before the temporal blocking

loops. Moreover, the two schemes have the same effect in eliminating halo transfers, resulting

in almost the same performance achievement, which will be demonstrated with experimental

results in Section 3.6.5.

However, the region-sharing scheme has a disadvantage. If the code runs in a multi-node

environment, the inter-chunk execution order prevents the assignment of chunks to different

nodes in an arbitrary order because contiguous chunks must be assigned to the same node

to share common regions. This constraint reduces the flexibility with which load balancing

is performed in a multi-node environment. Nevertheless, the performance improvement

produced by the region-sharing scheme outweighs the reduction in programming flexibility.

3.6 Experimental Results

We parallelized an acoustic wave propagator introduced in Section 3.3 using the extended

PACC framework that automatically generated out-of-core OpenACC-based code from the

original serial code. To demonstrate the applicability to other stencil kernels, we also applied

the extended PACC framework to the Himeno benchmark [77], which is widely used in mea-

suring computation speed of different architectures. Himeno benchmark has much smaller

halo size (i.e., one) than the acoustic wave propagator. The generated code implemented

the proposed schemes, and we evaluated the generated code on a latest NVIDIA GPU with

respect to performance.

3.6.1 Experimental Setup

To verify the effectiveness of the proposed schemes on a latest NVIDIA GPU (Table 3.1),

we designed five experiments with two datasets for the acoustic wave propagator (Table 3.2)

and one dataset for the Himeno benchmark (Table 3.3). A brief introduction to the four

experiments is as follows.

• The first experiment aims to detect the performance improvement achieved by the
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Table 3.1: Testbed: a latest NVIDIA GPU.

GPU Tesla V100-PCIe
GPU architecture Volta
GPU memory capacity 16 GB
CPU Xeon Silver 4110
OS Ubuntu 16.04.6
CUDA 9.2
PGI compiler 19.10
Interconnect PCIe 3.0 ×16

Table 3.2: Two datasets for acoustic wave propagator.

Out-of-core In-core

Size 1160× 1160× 1160 820× 820× 820
Data type Float Float
Number of arrays 4 4
Total amount 24 GB 8 GB

Table 3.3: Dataset for Himeno benchmark.

Size 613× 613× 1225
Data type Float
Number of arrays 14
Total amount 24 GB

PACC-generated code compared with other implementations, such as OpenMP and

Unified Memory based programs.

• The second experiment aims to analyze the speedups achieved by the direct-mapping

and region-sharing schemes.

• The third experiment aims to investigate the improvement (or degradation) attributed

to PACC-generated out-of-core code compared with an in-core implementation.

• The fourth experiment aims to compare the region-sharing scheme with a previous

result-reusing scheme in terms of performance.

• The fifth experiment aims to demonstrate the number of source lines automatically

generated by the PACC framework.
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Figure 3.9: Comparison of the acoustic wave propagation code generated by the extended PACC frame-
work (Direct-mapping + Region-sharing) with other implementations on a Tesla V100 GPU in terms of
performance.
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Figure 3.10: Comparison of the Himeno benchmark code generated by the extended PACC framework
(Direct-mapping + Region-sharing) with other implementations on a Tesla V100 GPU in terms of perfor-
mance.

3.6.2 Comparison with OpenMP, Unified Memory,
and Intermediate-Copying Based Implementations

In this experiment, we compared the out-of-core acoustic wave propagation code and Hi-

meno benchmark generated by the extended PACC framework with OpenMP (i.e., CPU

parallelization), Unified Memory, intermediate-copying [54], and direct-mapping based im-
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region-sharing achieved a further 1.4× speedup because it eliminated all halo transfer.

plementations. Note that in our experiments, we prepared the OpenMP and OpenACC

based implementations by inserting OpenMP or OpenACC directives into the original serial

code. Unified Memory was enabled for the OpenACC-based implementation by compiling the

source code with the Unified Memory option. Techniques, such as loop transformation and

Unified Memory prefetching hints, were not used because they require many manual modifi-

cations to the original code, such as dividing the original data into tiles. In contrast, PACC-

based out-of-core implementations were automatically generated by the proposed framework.

All PACC-based implementations used pinned memory by enabling pinned memory when

we compiled the codes. We set d (the number of chunks) to eight, and k (the number of

temporal blocking time steps) to 12 for the acoustic wave propagator, whereas we set d to

10, and k to 16 for the Himeno benchmark. These feasible settings were experimentally

determined. The datasets used in this experiment were 24 GB (referring to out-of-core data

in Table 3.2 and Table 3.3).

Figure 3.9 presents the results of running acoustic wave propagation codes obtained on

the Tesla V100 GPU. The execution time of out-of-core code generated by the extended

PACC framework was 7.5 s, which was 41.0×, 22.1×, 3.6×, and 1.4× as fast as the OpenMP

(307.4 s), Unified Memory (165.5 s), intermediate-copying [54] (26.8 s), and direct-mapping

(10.8 s) based implementations, respectively.

Figure 3.10 demonstrates that the extended PACC framework obtained even better

speedup for the Himeno benchmark than for the acoustic wave propagator on the Tesla V100
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GPU. The execution time of out-of-core code generated by the extended PACC framework

was 4.5 s, which was 103.0×, 88.9×, 2.7×, and 1.5× as fast as the OpenMP (508.6 s), Uni-

fied Memory (400.1 s), intermediate-copying [54] (12.1 s), and direct-mapping (6.9 s) based

implementations, respectively. Note that the transition of speedups was similar for both

acoustic wave propagator and Himeno benchmark, as we incrementally added the schemes

to the PACC framework, which proved the general usefulness of the extended PACC frame-

work for different stencil kernels.

These results demonstrate the effectiveness of the extended PACC framework on the

state-of-the-art GPU, owing to the direct-mapping and region-sharing schemes. Detailed

analyses for the improvements achieved by the two schemes are given in the following section.

3.6.3 Detailed Analyses of Data-Centric Computing Schemes

To discuss the performance bottleneck and achievements of the data-centric computing

schemes, we analyzed the performance improvement by using the direct-mapping and region-

sharing schemes. In this experiment, we ran the intermediate-copying, direct-mapping, and

direct-mapping plus region-sharing based implementations on the Tesla V100 GPU. Because

the extended PACC framework obtained similar benefits for both acoustic wave propagtor

and Himeno benchmark, we considered only the acoustic wave propagtor in this experiment.

Figure 3.11 reveals that the replacement of the intermediate-copying scheme by the direct-

mapping scheme attained a 2.7× speedup (26.8 s/10.1 s). The performance (i.e., total

execution time) of intermediate-copying based code was apparently limited by the data

copying between the original data and CPU buffers (i.e., reading and writing the CPU

buffers). Note that in the intermediate-copying [54] based code, although reading and writing

the CPU buffers were performed by multiple threads, reading was not overlapped with

writing, and vice versa. In contrast, the performance of the direct-mapping based code was

limited by the HtoD data transfer, which required less time than reading and writing the

CPU buffers did. The amount of HtoD data transfer was the same for both schemes; thus,

a reduction in data transfer is necessary for further improvement.

Moreover, for the code implemented with direct-mapping and that implemented with

both direct-mapping and region-sharing, the bounding operation is HtoD data transfer.

Therefore, we are interested in analyzing the theoretical and practical speedups for HtoD

data transfer achieved by the region-sharing scheme. We obtained the theoretical speedup by

calculating the amount of HtoD data transfer reduced by the region-sharing scheme. In this

experiment, the data consisted of four arrays. Each array had 1160× 1160× 1160 float-type

elements. Because we decomposed the data along one axis, we considered the data as 1160

planes, where each plane had 1160×1160 float-type elements. We decomposed the data into
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Figure 3.12: Analysis of the performance of PACC-generated code to process data that fit in the GPU
memory.

eight chunks and processed each chunk on the GPU for 12 times. Therefore, for the first and

last chunks, the halo region had 4 + 4 × 12 = 52 planes, whereas for the other chunks, the

halo regions had 2×4×12 = 96 planes. Because the region-sharing scheme effectively avoids

transferring halo regions, the amount of HtoD transfer equals that of the original data: 1160

planes. However, if the region-sharing scheme is not used, (1160 + 52× 2 + 96× 6 = 1, 840

planes must be transferred to the GPU to process all of the data for 12 time steps. Summar-

ily, the theoretical speedup of HtoD transfer should be 1, 840/1160 = 1.6×. However, the

practical speedup for HtoD transfer was 1.5× (=9.8 s/6.7 s). In order to explain the discrep-

ancy, we recorded the data transfer behaviors of both implementations. The results indicate

that the increased number of operation streams and synchronizations required by the region-

sharing scheme resulted in a small achieved bandwidth compared with the implementation

without region-sharing. For the HtoD data transfer, the implementation with region-sharing

achieved 10.5 GB/s, whereas the implementation without region-sharing achieved 11.2 GB/s.

We can thus verify the validity of the practical speedup, i.e., (1, 840/11.2)/(1160/10.5) = 1.5

times. In terms of the total execution time, the code implemented both direct-mapping and

region-sharing (7.5 s) ran 1.4× as fast as that using direct-mapping alone (10.1 s).

3.6.4 Comparison with In-Core Implementation

In this experiment, we aimed to determine the improvement or degradation caused by PACC-

generated out-of-core code, compared with in-core OpenACC code. We ran OpenACC, Uni-

fied Memory, direct-mapping, and direct-mapping plus region-sharing based implementations

on the Tesla V100 GPU. The direct-mapping plus region-sharing based implementation im-

plemented the two data-centric computing schemes to process data that fit in the GPU
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Figure 3.13: Comparison between region-sharing and result-reusing [36] schemes in terms of performance.

Table 3.4: Comparison between source lines of code (SLOC) of PACC-generated out-of-core code (429
lines) and that of serial code (185 lines).

Serial code Code with PACC directives Generated out-of-core code
SLOC 185 193 429

Table 3.5: Details of generated out-of-core code. “Changed” and “Unchanged” denote lines that are
changed and not changed, respectively, compared with serial code.

Changed Unchanged
Adding Data transfer Region Kernel execution
new variables (direct mapping) sharing (temporal blocking)
and methods

SLOC 78 132 25 90 104

memory (in-core data in Table 3.2). The direct-mapping based implementation processed

the same data.

Figure 3.12 reveals that the Unified Memory based code had almost the same performance

as OpenACC based code without using Unified Memory, implying that the Unified Memory

technique fails to sufficiently overlap data transfer with kernel execution if prefetching hints

are not explicitly implemented. The PACC-generated code using the direct-mapping scheme

alone led to a degradation of 15% compared with the in-core code due to extra data (i.e., halo

regions) transfer. Fortunately, the code using both the direct-mapping and region-sharing

schemes ran 1.3× as fast as the in-core code, because the proposed schemes notably reduce

the amount of data transfer and thus improve the effect of overlapping data transfer with

kernel execution.
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3.6.5 Comparison with Result-Reusing Scheme

In this experiment, we compared the region-sharing scheme with result-reusing scheme [36].

Both implementations used direct-mapping scheme.

Figure 3.13 shows that similar performances were obtained by the two schemes, which

was because the two schemes had the same effect in eliminating the halo transfers. The

performances were limited by HtoD data transfer time for both schemes. Precisely, the

result-reusing scheme had shorter HtoD data transfer time (6.9 s) than region-sharing scheme

(7.3 s), because the result-sharing scheme took advantage of smaller GPU buffers. However,

the region-sharing scheme has shorter on-GPU data copy (i.e., common region copy) time

(0.1 s) than result-reusing scheme (0.2 s), and the region-sharing scheme also showed better

effect in overlapping operations, because the region-sharing scheme had fewer CUDA API

invocations for on-GPU data copy.

3.6.6 Evaluation of Programming Effort Benefits

In this experiment, we examined on the programming effort reduced by using the extended

PACC framework. We considered the source lines of code (SLOC) as a metric for program-

ming effort. Table 3.4 demonstrates that the serial code of the acoustic wave propagator

had 193 lines, whereas the PACC-generated out-of-core code had 429 lines. Therefore, the

PACC code generation process reduced the programming effort by automatically extending

the serial code 2.3 times in length. In fact, the framework was even more helpful because 325

out of 429 generated lines were either new or modified compared with the original serial code

(Table 3.5). From this perspective, the PACC framework exempts the users from manually

modifying 75% of the final program.

3.7 Conclusion

In this study, we extended the PACC framework using two data-centric computing schemes

for GPU acceleration of out-of-core stencil computation. The direct-mapping scheme avoids

data copying between the original data and CPU buffers, whereas the region-sharing scheme

avoids halo region transfer between the CPU and GPU. We thus retain the high usability of

this directive-based framework and generate efficient out-of-core code with the framework.

The experimental results demonstrate that out-of-core code generated by the extended

PACC framework outperformed OpenMP and Unified Memory based implementations by a

factor of 10 on a latest GPU, thus verifying the usefulness of the extended PACC frame-

work. With respect to the data-centric computing schemes, the replacement of intermediate-
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copying [54] by the direct-mapping scheme contributed to a 2.7× speedup. Furthermore, the

region-sharing scheme achieved an additional 1.4× speedup. Although being aimed at out-

of-core stencil computation, the extended PACC framework can be applied to in-core code,

achieving a 1.3× speedup. With respect to the extent of programming effort reduction, we

determined that the PACC framework automatically extended the original serial code 2.3

times in length to obtain the out-of-core parallel code. In addition, 75% of the extended

code was different from the original serial code.

Future work includes adapting the PACC framework to a multi-node environment. Be-

cause the region-sharing scheme involves an inter-chunk execution order, sophisticated of-

floading algorithms are required that consider the data dependency between contiguous

chunks. Tuning schemes are also worthy of investigation to automatically determine the

parameters for temporal blocking.
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Chapter 4

Accelerating Out-of-Core GPU
Stencil Computation with On-the-Fly
Compression

4.1 Introduction

Stencil computation is the backbone of many scientific applications, such as geophysics sim-

ulations [20, 80], computational electromagnetics [1], and image processing [92]. The key

principle of stencil computation is to iteratively apply a fixed calculation pattern (stencil)

to every element of the input datasets. Such a SIMD characteristic of stencil computation

makes itself a perfect scenario to use GPUs for acceleration. A GPU has thousands of cores

and the bandwidth of GPU memory is 5–10 times as high as that of CPU memory, and

a GPU thus excels in accelerating both compute- and memory-intensive scientific applica-

tions [31, 68, 84, 85]. However, as a GPU has a limited capacity of GPU memory (tens

of GBs), it fails to directly run a large stencil code whose data size exceeds the memory

capacity.

A large entity of research on GPU-based out-of-core stencil computation has been per-

formed to address this issue [36, 37, 54, 82, 87, 90]. For a large dataset whose data size

exceeds the capacity of the GPU memory, out-of-core computation first decomposes the

dataset into smaller chunks and then streams the chunks to and from the GPU to process.

Nevertheless, the performance of this approach is often limited by data transfer between the

CPU and GPU because the interconnects fail to catch up with the development of the com-

putation capability of GPUs as described in [85]. Data-centric strategies are thus necessary

to reduce the data transfer.Studies have introduced strategies such as temporal blocking and

region sharing to reuse the on-GPU data and to avoid extra data transfer [36, 37, 54, 82].

Nevertheless, according to [82], the performance of out-of-core code was still limited by data
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transfer despite these strategies. Therefore, we need to further improve the methods to re-

duce data transfer time. A potential solution is to use on-the-fly compression to compress

the data on the GPU before transferring it back to the CPU and decompress the data on

the GPU before processing. However, hitherto studies on the acceleration of GPU-based

out-of-core stencil computation with on-the-fly compression are really rare. According to

a comprehensive review [10], studies on leveraging compression techniques in scientific ap-

plications mainly focused on scenarios such as post-analysis and failure recovery. We think

that the scarcity of relevant research raises two research questions:

• Would the overhead of compression/decompression outweighs the reduced data transfer

time?

• Would the precision loss involved by data compression be so huge that the output

becomes useless?

In this study, we (1) propose a method to accelerate out-of-core stencil computation with

on-the-fly compression on the GPU and (2) try to give answers to the two above-mentioned

questions. The contributions of this work are as follows:

• We introduce a novel approach to integrate an on-the-fly lossy compression into the

workflow of a five-point stencil computation. For large datasets that are decomposed

into chunks, this approach solves the data dependency between contiguous chunks and

thus secures the accessibility to the common regions between contiguous chunks after

compression.

• We modify a widely-used GPU-based compression library [45] to support pipelining,

which is mandatory for overlapping CPU-GPU data transfer with GPU computation.

• We analyze the experimental results to answer the aforementioned questions, i.e., on-

the-fly compression is useful in reducing the overall execution time of out-of-core stencil

computation, and the precision loss is tolerable.

The remainder of this study is organized as follows: Related studies on accelerating stencil

and similar scientific applications with compression techniques are introduced in Section 4.2.

Background of stencil computation and challenges in applying on-the-fly compression to

stencil computation are briefly described in Section 4.3. Section 4.4 discusses the selec-

tion of an appropriate GPU-based compression library. The proposed method to integrate

the compression processes into the workflow of out-of-core stencil computation is described

in Section 4.5. In Section 4.6, experimental results are presented and analyzed. Finally,

Section 4.7 concludes the present study and proposes future research directions.
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4.2 Related Work

Nagayasu et al. [59] proposed a decompression pipeline to accelerate out-of-core volume

rendering of time-varying data. Their method was specified to handle RGB data and the

decompression procedure was partially performed on the CPU.

Tao et al. [94] proposed a lossy checkpointing scheme, which significantly improved the

checkpointing performance of iterative methods with lossy compressors. Their scheme re-

duced the fault tolerance overhead for iterative methods by 23%–70% and 20%–58% com-

pared to traditional checkpointing and lossless-compressed checkpointing, respectively.

Calhoun et al. [9] proposed metrics to evaluate the accuracy loss caused by using lossy

compression to reduce the snapshot data used for checkpoint restart. They improved effi-

ciency in checkpoint restart for partial differential equation (PDE) simulations by compress-

ing the snapshot data and found that this compression did not affect overall accuracy in the

simulation.

Wu et al. [104] proposed a method to simulate large quantum circuits using lossy or/and

lossless compression techniques adaptively. They managed to increase the simulation size by

2–16 qubits. However, their method was designed for CPU-based supercomputers and thus

the compression libraries cannot be used for GPU-based scenarios. Moreover, the adaptive

selection between lossy and lossless compression, i.e., using lossy compression if lossless

one failed, is impractical in GPU-based high-performance applications because such failures

heavily impair the computational performance.

Jin et al. [38] proposed a method to use GPU-based lossy compression for extreme-scale

cosmological simulations. Their findings show that GPU-based lossy compression can enable

sufficient accuracy on post-analysis for cosmological simulations and high compression and

decompression throughputs.

Tian et al. [95] proposed cuSZ, an efficient GPU-based error-bounded lossy compression

framework for scientific computing. This framework reported high compression and decom-

pression throughputs and a good compression ratio. However, according to their study,

cuSZ has sequential subprocedures, which prevents us to use this framework as on-the-fly

compression in our work due to the concern of the overhead to shift from GPU to CPU

computation.

Zhou et al. [110] designed high-performance MPI libraries with on-the-fly compression for

modern GPU clusters. In their work, they reduced the inter-node communication time by

compressing the messages transferred between nodes, and the size of messages was up to 32

MB. On the other hand, our method compressed large datasets for stencil computation that

were more than 10 GB to reduce the data transfer time between the CPU and GPU (i.e.,
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Figure 4.1: Five-point stencil computation: (a) updating each element based on the four neighboring
elements, and (b) transferring each decomposed chunk with the halo data.

Original dataset

Chunks sharing common regions

CPU GPU

Figure 4.2: The contiguous chunks can share common regions on the GPU. By exploiting this characteristic,
we can avoid transferring the amount of data equivalent to that of the halo areas.

intra-node communication time). Moreover, our method is specified to handle out-of-core

stencil code, solving the data dependency between decomposed data chunks.

4.3 Out-of-Core Stencil Computation

Stencil computation is an iterative computation that updates each element of input datasets

according to a fixed pattern that updates an element based on the elements surrounding

it. A hello-world application of stencil computation is the solver of Laplace’s equation,

which can describe the phenomenon of heat conduction: A five-point stencil code, where the

temperature of each data point at the (t+1)-th time step is obtained by taking the average

temperature of the four surrounding points at the t-th time step (Figure 4.1(a)).

To use out-of-core approaches that handle excess data, we decompose the original datasets

into smaller chunks and stream the chunks to and from the GPU for processing. Due to

data dependency of stencil computation, when we transfer a chunk to the GPU, we must

also piggyback the neighbor data (“halo area”) with the chunk (Figure 4.1(b)). The size of

halo data we must transfer along with the chunk increases in conformity with the number

of time steps we want to process the chunk on the GPU. As two contiguous chunks share
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sign
exponent (8 bits) fraction (23 bits)

31 30 23 22 0

value = (-1) × 2 ×(1.b22b21…b0)2
(b30b29…b23)2-127b31

Figure 4.3: Single-precision floating-point format.

common regions, a chunk can get common regions from its former chunk as well as provide

its later chunk with common regions. By doing so, we can effectively reduce the amount of

data transfer equivalent to the size of halo data (Figure 4.2).

One challenge in integrating on-the-fly compression into the workflow of out-of-core sten-

cil computation is that we must solve the aforementioned data dependency. Naively com-

pressing each chunk not only consumes more memory space but also prevents sharing of

common regions across contiguous chunks. Therefore, a sophisticated compression strategy

is necessary, and will be introduced in Section 4.5.1.

4.4 On-the-Fly Compression

Another concern in leveraging on-the-fly compression in out-of-core stencil code is the over-

heads of compression and decompression that are often considerable. GPU-based compres-

sion libraries such as cuZFP [45], Cusz [95], and nvComp [66] report high speeds in com-

pression and decompression. The cuZFP and Cusz libraries are based on lossy compression,

whereas the nvComp is lossless.

In this study, we used cuZFP, a high-performance library with source code relatively

easy to modify to implement functionalities we need. The library allows users to specify

the number of bits used to preserve a value. For example, specifying 16 bits to preserve

a single-precision floating-point (i.e., float-type) value achieves a compression ratio of 1/2.

According to the format of float-type value shown in Figure 4.3 [39], we can also calculate

the theoretical upper bound of point-wise relative error (PRE) for such a compression ratio.

That is, the 0th to 15th bits are discarded. The PRE can be computed as

PRE =
Discarded

1 +Reserved+Discarded
, (4.1)

where

Discarded =
∑15

i=0 bi × 2i−23, (4.2)
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and

Preserved =
∑22

i=16 bi × 2i−23. (4.3)

To yield the upper bound, the 0th to 15th bits should be set ones to make up the greatest

amount of discarded information, and the 16th to 22nd bits should be set zeros to make up

the smallest amount of preserved information. In doing so, we obtain 0.008 as the upper-

bound PRE. Nevertheless, such a theoretical upper bound will not occur in practice, because

sequences of zeros and ones are in fact easily to be compressed.

We avoided using the lossless nvComp due to the concern of compression ratio. In our

preliminary experiments, we found the size of data compressed with nvComp was larger

than that of the original data. Therefore, we chose not to use nvComp in the present study

because we could not estimate the upper bound of the size of the compressed data, and

we must allocate GPU memory every time the compression happens instead of reusing pre-

allocated GPU buffers with fixed sizes. The reason why we avoided using Cusz was explained

in Section 4.2.

4.5 Proposed Method

In this section, we introduce our proposed method, including separate compression that

solves the data dependency between contiguous chunks and thus allows us to compress the

decomposed datasets freely, and a pipelining version of cuZFP that supports overlapping

compression/decompression with CPU-GPU data transfer.

4.5.1 Separate Compression

As shown in Figure 4.2, two contiguous chunks have common regions that are shareable.

The bottom halo areas needed by the i-th chunk lie in the (i+1)-th chunk, and the top halo

areas needed by the (i + 1)-th chunk lie in the i-th chunk. Therefore, the common region

between the two chunks consists of the top areas and a part of the (i + 1)-th chunk whose

size is equivalent to that of the top halo areas. If we transfer the i-th chunk together with its

bottom halo areas, we can avoid transferring the common regions for the (i+ 1)-th chunk.

Similarly, each chunk only needs to be transferred with its remainder and bottom halo

areas, so the two parts, i.e., the remainder and half of the common region, must be exclusively

readable and writable to the according contiguous chunks. Based on this observation, we

propose a separate compression approach that compresses the two parts separately. As shown

in Figure 4.4(a), prior to computation, the i-th compressed remainder and the common region

are decompressed, therefore the i-th chunk can be computed on and provides the data needed
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Figure 4.4: Separate compression approach to solve data dependency between contiguous chunks. In this
approach, the remainder and the common region are compressed separately for each chunk. As shown in
(a), the i-th compressed remainder and common region are decompressed on the GPU for computation; and
in (b), after computation, the remainder and common region are compressed and transferred back to CPU
to update the i-th remainder and (i− 1)-th common region, respectively.

by the (i+ 1)-th chunk. As shown in Figure 4.2(b), after computation, the (i+ 1)-th chunk

is compressed as the (i+ 1)-th remainder and i-th common region.

4.5.2 Pipelining cuZFP

The cuZFP library [45] is mainly designed as a standalone tool that can be seamlessly

used for post-analysis and CPU-centric scientific computations. However, as an on-the-fly

process in the out-of-core stencil computation, we have to modify the source code to support

pipelining that overlaps CPU-GPU data transfer with GPU computations. Thanks to the

good maintenance of the cuZFP project, we managed to modify the source code to add such

functionality with a reasonable amount of programming effort. In pipelining cuZFP, we use

three CUDA [65] streams (Figure 4.5).
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Stream 1 
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Figure 4.5: Modified cuZFP that supports pipelining. Three CUDA streams are used to perform operations,
overlapping CPU-GPU data transfer (i.e., “HtoD” and “DtoH”) with GPU kernels including compression
(i.e., encoding, “Enc”), decompression (i.e., decoding, “Dec”), and computation (i.e., region sharing and
computation kernel, “S&K”).

Table 4.1: Testbed for experiments.

GPU NVIDIA Tesla V100-PCIe
GPU memory 16 GB
CPU Xeon Silver 4114
CPU memory 500 GB
OS CentOS 7.1.0
CUDA 10.1
cuZFP [45] 0.5.5

4.6 Experimental Results

In this section, we analyze the experimental results to evaluate the benefits of using on-

the-fly compression in out-of-core stencil computation on a GPU. The stencil code we used

is an example code in the Formura stencil framework [58] which is a 2D five-point stencil

computation for fluid simulation. In the simulation, a velocity field and a pressure field are

updated relying on each other for each time step. In the experiments, we set the size of

the field to 45,000×45,000 which sums up to 30 GB. Moreover, we used three codes in our

experiments to evaluate the performance and fidelity:

1. A CPU-based code using OpenMP [96] multi-threading (40 threads).

2. A GPU-based code without compression.

3. A GPU-based code with the pressure field compressed using a 16/32 rate (i.e., using

16 bits to preserve each float value).

A feasible setting was used to execute the stencil codes, i.e., the number of divisions is 8 and

the number of temporal blocking time steps is 16. Accordingly, we divide the data into 8

chunks, and when a chunk is transferred to the GPU, it will be computed 16 times before

being transferred back to the CPU. For specifications of the testbed for all experiments

performed, see Table 2.4.
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Figure 4.6: Execution time of the three stencil codes to run 64 time steps.

4.6.1 Evaluation of Performance Benefit

In this experiment, we ran the three codes for 64 time steps. As shown in Figure 4.6,

the GPU code using on-the-fly compression achieved a speedup of 12.4×, compared to the

CPU multi-threading code. Moreover, the GPU code with compression achieved a speedup

of 1.13×, compared to the GPU code without compression, demonstrating our proposed

method is beneficial for out-of-core GPU stencil computation in terms of performance.

4.6.2 Evaluation of Fidelity Loss

In this experiment, we ran the two GPU codes up to 384 time steps. We compared the

output of the code using compression with that of the code without compression to evaluate

the fidelity of the proposed method. In detail, for every 64 time steps, we sampled 20 million

points of the pressure field (450 points for each row of the field) and compared the values of

the GPU code using compression with that of the GPU code without compression to obtain

the max and the average PREs. As shown in Figure 4.7, the max and the average PREs were

relatively large at the beginning of the computation, but they decreased over time and finally

became small and stable as the values of the stencil computation converged. Observing the

results, we conclude the fidelity loss involved by the proposed method is tolerable.
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Figure 4.7: Change in fidelity loss from 64 to 384 time steps.

4.7 Conclusion

In this study, we introduced a method to accelerate out-of-core GPU stencil computation

with on-the-fly compression. To realize the method, we proposed a novel approach to com-

press the decomposed data, solving the data dependency between contiguous chunks. We

also modified the cuZFP library [45] to support pipelining for overlapping data transfer

with GPU computation. Experimental results show that the proposed method achieved a

speedup of 1.13×, compared to the method without compression. The fidelity loss caused

by compression is tolerable, i.e., an average PRE smaller than 10−12 when the values of the

stencil computation converge.

The results give preliminary answers to the two research questions mentioned in Sec-

tion 4.1. First, the reduction of CPU-GPU data transfer time achieved by using on-the-fly

compression outweighs the overhead of compression/decompression, improving the overall

performance of out-of-core GPU stencil computation. Secondly, under the experimental set-

tings in this work, on-the-fly compression does not cause severe accuracy-related problems

up to 384 time steps.

Future work includes comparing other on-the-fly compression algorithms to cuZFP and

creating a performance model to evaluate the benefits of applying on-the-fly compression to

various stencil codes. Moreover, although the 2D fluid simulation code converges successfully

in this work, there may be stencil codes that are more sensitive to accuracy loss. Therefore,
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we plan to explore more stencil codes to generalize the use of on-the-fly compression by both

conducting experiments and analyzing the characteristics of the corresponding PDEs.
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Chapter 5

Conclusions

In this chapter, we summarize our work and discuss future work.

5.1 Summary of This Thesis

In this thesis, we investigated two out-of-core GPU applications: B&B 0-1 knapsack solver

(Chapter 2) and stencil computation (Chapter 3 and 4). Both works focus on enabling

those algorithms to process large-scale data on GPUs. Although the two applications have

different characteristics such as static or variable memory footprint at runtime, we proposed

techniques following the same mindset of data-centric computing, focusing on reusing the

on-GPU data and reducing the CPU-GPU data transfer.

In Chapter 2, a GPU B&B solver for large 0-1 knapsack problems was presented. The

solver streams subproblems to and from the GPU to relax the limitation of GPU memory

capacity, and thus suffers from a large amount of CPU-GPU data transfer. To reduce

the data transfer that limits the overall performance of the solver, we proposed two data-

centric computing techniques including: (1) an O3S technique that minimizes the number of

subproblems to be transferred per iteration, (2) a GPU stream compaction technique that

condenses sparse datasets, and (3) an explicitly-managed pipelining technique that hides

data transfer overhead by overlapping data transfer with GPU computation. Experimental

results demonstrate that the out-of-core GPU solver stored 41× as many subproblems at

a time, solving approximately twice as many instances of the 0-1 knapsack problem as a

previous in-core solver. Moreover, the O3S technique helped the solver to solve more large

instances by suppressing subproblem splitting. The O3S technique ran 12.2× as fast as the

previous BFS strategy, contributing to a 7.5× speedup in terms of the entire execution time.

Furthermore, the GPU stream compaction technique ran 9.9× as fast as a previous CPU

stream compaction strategy.

In Chapter 3, we extended the PACC framework with two data-centric computing tech-
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Table 5.1: Candidate combinatorial-optimization applications to use proposed out-of-core data-centric
techniques.
Name Potential baseline Challenges
Generalized minimum spanning tree [26] Edges and vertices (equivalent to items in 0-1 KP)

are pruned besides subproblems,
and thus using atomic operations or modifying
the original algorithm may be necessary

Maximum edge-weight clique problem [86] Recursive function-calls should be
replaced with explicit subproblem-management

Flow-shop scheduling problem [12] The branching operation was performed on the CPU;
therefore GPU-based branching should be
implemented for higher overall performance

niques: (1) a direct-mapping technique to eliminate data copy between the original data and

CPU buffers and (2) a region-sharing technique to avoid transferring halo regions between

the CPU and GPU. Experimental results demonstrate that out-of-core stencil code generated

by the extended framework outperformed codes based on OpenMP and Unified Memory by

a factor of ten. Comparing the code using proposed techniques to the code without the

techniques, we found the direct-mapping technique contributed to a 2.7× speedup and the

region-sharing technique contributed to an additional 1.4× speedup.

With respect to the extent of programming effort reduction, we determined that the

PACC framework automatically extended the original serial code 2.3 times in length to

obtain the out-of-core parallel code. In addition, 75% of the extended code was different

from the original serial code.

In Chapter 4, we proposed an additional data-centric computing technique to complement

Chapter 3, further accelerating the out-of-core GPU stencil computation with on-the-fly GPU

compression. To implement the technique, we designed a novel approach to compress the

decomposed data and modified a widely used GPU compression library to support pipelin-

ing. Experimental results show that the stencil code with the proposed technique achieved

a speedup of 1.13× with a tolerable fidelity loss, compared to the stencil code without com-

pression.

5.2 Future Work

As mentioned in Section 1.3, although this thesis focuses on reducing the data transfer

between the CPU and GPU, the proposed data-centric computing techniques can also be

applied to applications running in a multi-node environment for reducing the inter-node

data transfer. Extending the proposed techniques to a multi-node environment allows us to

handle larger data than using the techniques with a single pair of CPU and GPU.

Generalizing the proposed data-centric techniques is also a promising direction for fu-
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ture research. In addition to the 0-1 knapsack problem, we plan to target other large-scale

combinatorial-optimization problems such as traveling salesman problem and minimum span-

ning tree. Table 5.1 gives three candidate combinatorial-optimization applications to test the

proposed out-of-core data-centric techniques. Moreover, in addition to stencil computation,

we plan to target other scientific applications such as quantum computing simulation and

sequence alignment.

Last but not least, although slow compared to GPU computing capability, the intercon-

nect bandwidth also improves over time. We thus need to build a performance model to

evaluate how much a large GPU application can benefit from data-centric computing tech-

niques, considering the characteristics of the application, the GPU computing capability,

and the interconnect bandwidth. Such a model is important not only for determining the

configuration to run the application but also for designing novel data-centric techniques.
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