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ABSTRACT

Since Graphics Processing Units (GPUs) have increasingly gained popularity
amoung non-graphic and computational applications, known as General-Purpose com-
putation on GPU (GPGPU), GPUs have been deployed in many clusters, including
the world’s fastest supercomputer. However, to make the most efficiency from a GPU
system, one should consider both performance and reliability of the system.

This dissertation makes four major contributions. First, the two-level check-
point/restart protocol that aims to reduce the checkpoint and recovery costs with a
latency hiding strategy in a system between a CPU (Central Processing Unit) and
a GPU is proposed. The experimental results and analysis reveals some benefits,
especially in a long-running application.

Second, a performance model for estimating GPGPU execution time is pro-
posed. This performance model improves operation cost estimation over existing
ones by considering varied memory latencies. The proposed model also considers
the effects of thread synchronization functions. In addition, the impacts of various
issues in GPGPU programming such as bank conflicts in shared memory and branch
divergence are also discussed.

Third, the interplay between GPGPU application performance and system re-

liability of a large GPU system is explored. This includes a checkpoint scheduling
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model] for a certain GPGPU application. The effects of a checkpoint/restart mecha-
nism on the application performance is also discussed.

Finally, optimization techniques to remedy uncoalesced memory access in
GPU’s global memory are proposed. These techniques are memory rearrangement
using 2-dimensional matrix transpose and 3-dimensional matrix permutation. The
analytical results show that the proposed technique can reduce memory access time,

especially when the transformed array/matrix is frequently accessed.
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CHAPTER 1

INTRODUCTION

Exascale computing demands higher computational power and massive paral-
lelism. In response to this demand, many organizations have upgraded their computa-
tional infrastructures. Oak Ridge National Laboratory (ORNL)’s Titan has also been
upgraded and has become the world’s fastest supercomputer. Titan’s computational
power is mainly from the newest NVIDIA’s graphic cards [1]. Therefore, to make the
most efficiency from a system with Graphics Processing Units (GPUs), the application
performance on such a system and the GPU system reliability should be carefully

studied.

1.1 Overview of GPUs

GPUs were first introduced for graphics computation. Due to the ability to
accelerate computation by massive data-parallelism, GPUs have been deployed for
non-graphic applications, known as General-Purpose computation on GPU (GPGPU)
[2]. The paradigm to exploit both CPU (Central Processing Unit) and GPU is also
known as heterogeneous computing.

For a node-wise system, since a GPU works as a co-processor of a CPU, the
CPU is referred to as the host, and the GPU as the device. First the data set has

to be prepared on the host side and transferred to the device. This process is called



host-to-device memory copy. Once host-to-device memory copy finishes, the program
is executed on the device side. A part of the program that will be executed on the
device is called a kernel. After the kernel execution finishes, the results are transferred
back to the host. This process is called device-to-host memory copy [3] [4]. Note that
a host thread can handle only one GPU device.

Once the kernel is invoked, a kernel grid is created inside the GPU. The grid
contains thread blocks that are distributed to the GPU streaming multiprocessors
(SMs). Each thread block contains a number of threads that will execute instructions
on an SM. A new set of thread blocks is launched on the SMs again as previous thread

blocks terminate (3].

1.2 GPGPU Performance and Optimization

By estimating cost benefit of GPGPU computing, the programmers will be
able to find ways to optimize their parallel program for a better use of both CPU
and GPU in a single application. Therefore, a performance model for GPGPU has
become more crucial in order to gain an insight into speed improvement issues from
a High Performance Computing (HPC) software development perspective.

In order to estimate an application completion-time, the memory transfer time
between the GPU and the CPU, and the kernel execution time must be obtained.
Thus, one can make a decision whether the GPU is worth participating in the
computation and can further improve the heterogeneous computing application.

Furthermore, the performance model can also help to improve the efficiency

of fault tolerance techniques for GPGPU, such as checkpoint/restart mechanisms,



especially for a large GPU cluster. One of the major problems in this area is
checkpoint scheduling. To find an optimum checkpoint placement, the time-to-failure
(TTF) of the system and the completion-time of the application must be taken into
account. The system T'TF can be obtained by a failure prediction technique, while the
completion time of the application can be estimated by the performance model. The
details of the performance model for a GPGPU application is illustrated in Chapter
4.

Even though deploying many computing elements can increase the computing
power, a very large system is prone to fail. Both soft and hard failures can cause
interruptions to applications running on the system at that time. Thus, Chapter 5
will describe an interplay between the performance of a GPGPU application and the
reliaibilty of a GPU system. The model to find an optimal number of nodes that will
satisfy both criteria is also proposed.

In addition, an optimization technique that aims toward performance im-
provement in GPGPU applications is presented in Chapter 6. Since one of the
major concerns in GPGPU optimization is coalescing in global memory, this work
proposes memory rearrangement techniques to remedy uncoalesced global memory
access patterns by using 2-dimensional matrix transpose and 3-dimensional matrix
permutation. The proposed techniques can be applied to many common memory
access patterns. The cost benefit of these techniques will also be discussed in details.
Moreover, the analytical results reveal that the proposed techniques are beneficial if

the transformed array/matrix is frequently accessed.



1.3 Checkpoint/Restart Mechanism

Since a large-scale GPU cluster is the main focus system in this dissertation,
fault tolerance is an important issue that should not be omitted.

Checkpoint/restart is a fault tolerance mechanism that has been used in many
system platforms. Instead of restarting computation from the beginning when a
failure occurs, with checkpoint/restart, a process can be rolled back from the last
checkpoint and can be migrated to a healthier node or system [5] [6].

However, GPU fault tolerance has recently been a concern in HPC. There are
very few existing works that address resilience issues in a GPU environment. However,
with the popularity of large GPU systems, it is anticipated that reliability will be quite
critical for its future success.

In a GPU system, any failure that occurs during kernel execution will normally
cause a loss of kernel computation. Figure 1.1 shows a two-step checkpoint protocol
that first transfers checkpoint data and GPU status from the GPU to the CPU
memory and then saves the software state to either a reliable storage or a healthier

node.



Figure 1.1: Two-level checkpoint for a heterogeneous system

To improve the utilization of the checkpoint/restart mechanism, there are
two major concerns: reducing the costs of checkpoint and recovery processes, and
finding optimal checkpoint placements. To reduce the costs of checkpoint and recovery
processes, the two-level checkpoint /restart protocols are further discussed in Chapter
3. These protocols utilize a latency hiding strategy to reduce the memory transfer
time. Moreover, the checkpoint scheduling model for finding a sequence of optimal
checkpoint placements is presented in Chapter 5. The proposed model aims to reduce
the wasted time, which is an aggregation of checkpoint costs, recovery costs, and

recomputing time, while increasing the application performance in case of failure.



CHAPTER 2

BACKGROUND AND RELATED WORKS

This chapter discusses the related work on a checkpoint/restart mechanism,

performance model, and application optimization for GPGPU.

2.1 Checkpoint/Restart Mechanism

A checkpoint/restart mechanism is a process to improve the application re-
silience. By saving the application state and considerable data in the checkpoint file,
the process can be restarted from that state later. Therefore, the recomputing time
— the time spent to re-execute the work due to a failure — can be reduced. There are
many existing works that have been implemented for checkpoint/restart [5] [7] [8] [9].

BLCR [8] is a checkpoint /restart mechanism for Linux systems. It is developed
for checkpointing at the operating system-level, which allows the system preemption.
Periodic and preemptive checkpointing can be used in response to the precursors of
a possible failure.

VCCP [5] provides a transparent checkpoint/restart mechanism for virtual
machines (VMs). It uses a hypervisor-based coordinated checkpoint/restart protocol
so that the guest OS does not have to be changed.

For GPGPU resiliency, CheCUDA [6] is a checkpoint/restart mechanism for

NVIDIA’s CUDA (Compute Unified Device Architecture). However, it results in



reduction of system performance due to the checkpoint overhead, particularly, for a
large data set. This cost is mainly produced by memory transfer.

HiAL-Ckpt [10] is also a checkpoint /restart mechanism for GPGPU. However,
it is implemented based on Brook+ programming language and allows the program-
mer to do checkpoints at the application level. Although its idea of the hierarchical
checkpoint is similar to our previous work [11], the overhead optimization is not

considered.

2.2 Checkpoint Scheduling and System Reliability

There have been existing checkpoint scheduling models that aim to minimize
wasted time. Liu et al [12] have proposed a scheme to derive a sequence of checkpoint
placements that uses the theory of stochastic renewal reward process. Although their
model targets a large-scale HPC system, it can be applied to any system as long as
the system reliability is derivable.

Paun et al [13] have presented a scheduling model for incremental checkpoints.
An incremental checkpoint mechanism has been introduced to reduce the checkpoint
cost. They have proposed a scheme to find an optimal number of incremental
checkpoints for any failure intensity function.

Since the aforementioned checkpoint scheduling models rely on a system relia-
bility model, for an HPC system, Gottumukkala et al [14] have proposed a reliability
model of a system of k nodes where each individual node follows a Weibull distribution.
Their model also considers the excess life of survival nodes. The results have shown

that their model is more accurate than previous models used in literature.



Thanakornworakij et al [15] have proposed a new reliability model that is an
extension of Gottumukkala’s work [14]. Their work is based on the reliability of a
system of k nodes with simultaneous failures. Their model considers the correlation

between nodes, which can make the nodes in the system fail simultaneously.

2.3 GPGPU Performance Models

Today, as GPUs have become popular in the HPC area, there have been
existing works that model GPGPU performance by estimating the kernel execution
time [16] [17] [18] [19].

Hong and Kim [16] have introduced two metrics, Memory Warp Parallelism
(MWP) and Computation Warp Parallelism (CWP) in order to describe the GPU par-
allel architecture. This performance model aims to predict the GPGPU performance
from CPU code skeletons.

Zhang and Owens [18] have developped a quantitative performance model
based on their microbenchmarks so that they can identify bottlenecks in the program.
Nevertheless, this model does not incorporate the cache model, bank-conflict, thread
synchronization, and non-perfect pipeline in an SM.

Baghsorkhi et al [19] have presented an analytical model to predict the per-
formance based on a GPGPU work flow graph. The model allows a compiler to
determine the benefit of parallelization mathematically. Moreover, the model can

identify the bottlenecks to guide the compiler through the optimization process.



Furthermore, Wong et al [20] have developped a suite of microbenchmarks to
obtain the architectural characteristics of an NVIDIAs GPU. They have also investi-

gated the architectural details of the processing cores and the memory hierarchies.

2.4 Memory Optimization
In scientific and mathematical problem domains, a lot of application data sets
are organized and operated as arrays and matrices. For example, iterative methods
are commonly used for solving scientific problems. However, those methods require

high data communication, which may cause bottlenecks in parallelization [21] [22].

2.4.1 Memory Optimization in HPC

There have been many attempts to optimize the cost of data communication.
Data alignment problems are an issue that aims to assign data and computations to
a set of virtual processors [23] [24]. David Bau et al [23] have proposed a strategy to
solve alignment problem by using elementary linear algebra. They have claimed that
their strategy is able to achieve communication-free alignment.

In a distributed environment, such as grid computing, the data are scattered
in different locations. Chervenak et al [25] have discussed the effect of data placement
policies and workflow management systems in a grid environment. Ranganathan et
al [26] have presented a data scheduling framework and data movement operations
that address resource utilization, response time, resource locality, etc.

However, those strategies may not be able to directly apply to a co-processor

environment such as GPGPU. In GPGPU, the data are resided in a memory unit
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called global memory. There have been many studies that aim to reduce the global
memory access time.

Yang et al [27] have introduced an optimization compiler for GPGPU. Their
compiler analyzes off-chip memory access patterns and optimizes the memory accesses
through vectorization and coalescing by using shared memory. Then it analyzes data
dependencies and identifies possible data sharing across threads and thread blocks
and merges threads and/or thread blocks to improve memory reuse. After that, it
uses a data prefetching technique from temporary variables to overlap global memory
latency with computation. h

Bader et al [28] have proposed a CUDA library for a set of data rearrangement
operations. They address four types of generic kernels. (1) The first type consists
of basic read/write routines. They are kernels that provide optimal read/write
accesses from the global memory by allowing for data transfer as per common access
patterns. (2) The second type consists of data reordering routines, which are kernels
for rearranging N-dimensional array into M-dimensional array, where M < N, by
employing an offset/striding approach and shared memory. (3) The third are interlace
and de-Interlace kernels. An interlace kernel combines multiple data-sets to form a
single data-set. A de-interlace kernel splits a single data-set into multiple smaller data-
sets. (4) Forth, a generic stencil computation kernel provides a generic and optimal
framework for stencil computations, where each point in a 2D grid is updated with
weighted contributions from its neighbors (e.g. in PDE solvers).

The techniques proposed in Chapter 6 aim to achieve an optimization at the

compile-time under a condition that the data size is predetermined. In the case that
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the data size is unknown before the run-time, matrix transpose/permutation during
the compile-time is impossible. Hence, the proposed techniques must be applied
during run-time with a condition of the trade-off between optimization overhead
versus performance gain, i.e. the overall uncoalesced memory access time to such

a data set is longer than the time for matrix transformation.

2.4.2 Memory Optimization in GPGPU
Since GPGPU performance has become crucial, especially for big-data com-
puting, the techniques to minimize memory latency due to memory access at any

level are essential in GPGPU computing.

2.4.2.1 GPU-CPU Memory Latency Hiding

Masuhara et al [29] have described that the latency hiding is a technique to
eliminate time to wait for the remote message by overlapping local computation and
remote communication. They show two versions of the sample function, which are
different in the number of requests that are sent in advance of the actual use of the
data. One only requests for the element that is used in the next iteration. Another
one requests for all the elements before the computation. This paper also shows how
the mechanisms are implemented.

NVIDIA’s CUDA has introduced a latency hiding technique, called stream.
Since the GPU is idle during the memory transfer, this technique allows overlapping
between kernel execution and memory transfer [3]. The details of CUDA stream are

discussed in Section 3.1.
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2.4.2.2 GPGPU Memory Hierarchy

When a part of the program that runs on the GPU is invoked, a collection of
threads called “grid” is created. There are a specific number of thread blocks in a grid,
and each block has a specific number of threads. The threads in a block are managed
in a group of threads call a warp. Threads in a warp will dispatch an instruction and

access the memory simultaneously. Furthermore, there are multiple memory spaces

in GPGPU as illustrated in Figure 2.1.

Kernel 0 Kernel 1

Figure 2.1: Memory hierarchy in GPGPU

In Figure 2.1, global memory is accessible by all threads in the kernel, and
even across kernels. The data to be executed by the kernel have to be transfered from
the CPU (host) memory and stored in the GPU (device) global memory. Once the
threads in a warp are active, the data required by those threads will be simultaneously
read from the global memory to the register memory. Likewise, the results from the

active threads will be writen to the global memory at the same time. Besides the
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registers, shared memory is visible to all threads in the same block as long as the
block is active. This memory unit acts as a cache where a bulk of data read from the

global memory can be temporarily stored.



CHAPTER 3
TWO-LEVEL CHECKPOINT/RESTART FOR GPGPU

In a very large scale system, a fault tolerance is critical to mitigate the
failures in a long running application. Checkpoint/restart is of popular fault tolerance
techniques. By saving data and essential information e.g., software state, into a
checkpoint file, the system can be recovered from the saved software state instead of
recomputing from the beginning of the program.

This chapter presents the checkpoint /restart mechanism for GPGPU. The idea
centers around transferring checkpoint data first from the GPU (device) memory
to the CPU (host) memory and then from the CPU either to a reliable storage or
another healthier node when a failure occurs. The saved software state will be used for
recovery. The proposed checkpoint/restart protocol on the GPU utilizes the latency

hiding strategy in order to improve overall performance.

3.1 CUDA Streams
NVIDIAs CUDA has introduced a latency hiding technique called CUDA
stream that enables an overlap between the memory copy and kernel execution [3].
The performance models in [4] show that the stream technique can reduce the kernel
execution times while the applications may require more data transfer between device

and host. Moreover, it suggests that the stream technique is more suitable for the

14
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applications in which the data are independent so that both host-to-device and device-
to-host memory transfer can be carried on without kernel interruption.

In NVIDIA’s CUDA, streams usage is illustrated by an application called
simpleStreams. The application initializes an array, each assigned a specific value.

In the experiment that renders the results as shown in Figure 3.1, each value
in the array is initialized as an integer, for example 5. The host and the device
memories are then allocated to the array of size n, which varies from 64 thousand to
16 million integers. Then the integer and the array are synchronously copied to the
device memory. In addition, the number of streams (s) varies between 1, 2, 4, 8, 16,

32, 64, and 128.

Stream Experiment
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Figure 3.1: The results of simpleStreams application with various numbers of streams
and array sizes
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First, the experiment synchronously performs a number of actions: it operates
the kernel, copies memory from device to host, and collects the elapsed time. The
execution time for s is then recorded as the kernel and memory copies that are
operated asynchronously. The elapsed times are then averaged over 10 repetitions.
The simpleStreams has been implemented in NVIDIA CUDA SDK 2.0 [30]. The
hardware environment utilized in this experiment is a GeForce 8800 GT with Intel(R)
Pentium(R) D 2.80 GHz CPU.

Figure 3.1 shows that the execution times for a large data set, e.g., 16 million
integers, are extremely high when these applications are run without streams. These
execution times get lower when running with 2, 4, and 8 streams, respectively. These
times then begin to increase again as the number of streams subsequently increases.
Thus, for the purposes of this experiment, data execution time could be reduced to
its minimum value when 8 streams are utilized. This value is suspected to depend
on the specification of the hardware. Other parameters that affect the results are the

sizes of the respective blocks and grids.

3.1.1 Performance Model of CUDA Streams

Even though streams can be utilized to improve performance as shown in the
experiment in the previous section, there are other factors that affect the execution
times of the GPGPU applications. The GPU memory transfer and execution times
are also major factors in improving performance. In this section, the performance
models for CUDA streams will be introduced in order to study the effects of those

two factors.
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Assuming that there are two execution blocks in a grid, hereinafter and in
the following figures referred to as "block 1” and "block 27, these two blocks will
be executed in parallel, and each block has to wait for the data from host-to-device
memory copies. Another assumption is that the time to execute operations in each
block and the time of transferring data to be executed are the same. The time diagram

of non-streamed execution is shown in Figure 3.2.
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Figure 3.2: Time diagram of non-streamed execution

In Figure 3.2, the kernel waits until all data are copied from the host to the
device memory and then operates on those data. Thus, the results are copied back
to the host again. However, each block in the kernel may process data independently.
The data can be grouped as data group 1 and data group 2, which are operated by
kernel block 1 and block 2. Then, the result group 1 and result group 2 are generated,
respectively. The total execution time, T, can be considered as stated in Equation
(3.1) where Ty p represents the time of data transfer from the host to the device, Tk
is the kernel execution time, and Tpy is the time of data transfer from the device to
the host.

Te =Typ+ Tk +Tpy. (3.1)
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Due to independent data and operations in each kernel execution, which means
the operations and memory copies can be done at the same time, streams allow
memory copy to overlap with kernel execution. Therefore, the total execution time
of the program can be reduced. This strategy can be described by the time diagrams

in Figure 3.3.
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Figure 3.3: Time diagram of streamed execution: (a) asynchronous memory copies
from host to device, (b) asynchronous memory copies from device to host,
and (c) asynchronous memory copies in both directions.

According to the time diagram in Figure 3.3 (a), once the data group 1
transaction completes, the kernel block 1 starts operating on those data at the

same time that the data group 2 is transferred to the device memory. The time

of transferring data group 2 to the device memory is consequently hidden and can be
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considered in Equation (3.2)

T
T = “‘Z‘Q + T +Tpy. (32)

Figure 3.3 (a) describes the ability of kernel and memory copies overlapping
after each kernel block execution is completed. The data group 1 and group 2 are
sequentially copied from the host to the device. The kernel block 1 and block 2 then
operate those data, respectively. As the kernel block 1 completes its operation, the
result group 1 is copied back to the host memory at the same time as the kernel
block 2 is operating data group 2. The total execution time can be considered as in
Equation (3.3) [30]

T,
Te = Tup + Tk + -—‘-;i’- (3.3)

In these two cases, the device is still idle during the time that the data are
sequentially copied. Then they can be combined together for better performance as
illustrated by the diagram shown in Figure 3.3 (c). It is obvious that the time of
transferring data group 2 and result group 1 are hidden. Then the total execution
time can be reduced as in Equation (3.4)

T T
—%9 + Tk + -’-;-’i (3.4)

However, the total time of execution also depends on how complicated the
operations in the kernels are (kernel execution time) and dependency of operations
and data. Figure 3.4 shows the time diagram of execution time when the time of

memory copies are longer than kernel executions.
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Figure 3.4: Time diagram of execution time when the time of memory copies
are longer than kernel executions: (a) synchronous memory copies,
(b) synchronous memory copies from host to device, (c) asynchronous
memory copies from device to host, and (d) asynchronous memory copies

in both directions.

Compared to the asynchronous memory copies in Figure 3.4 (a), the diagrams
in Figure 3.4 (b), (c), and (d) show how the kernel execution and memory copies
overlapped in the case that kernel execution times are shorter than memory copies.
The total execution time for the cases shown in Figure 3.4 (b) and (c) can be
considered in Equation (3.5). As shown in Figure 3.4 (d), the kernel execution time
can be neglected no matter how many streams it uses. The model in this case is

described in Equation (3.6)
T
T =Tup + —Sﬁ + Tpn (3.5)

Te =Tup + Tpn. (3.6)
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The time diagram in Figure 3.5 (b), (c¢), and (d) shows the performance of
streams when the kernel execution times are longer than the time of memory copies
compared to the diagram in Figure 3.5 (a). The total execution times of each diagram
can be considered as in Equations (3.2), (3.3), and (3.4), respectively. In Figure 3.5
(d), if the memory copy time in a stream is much less than the kernel execution time,
it supposes that there is only kernel execution time to be considered as the total

execution time.
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Figure 3.5: Time diagram of execution time when the time of kernel executions
are longer than memory copies: (a) synchronous memory copies, (b)
synchronous memory copies from host to device, (c) asynchronous
memory copies from device to host, and (d) asynchronous memory copies
in both directions.
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3.1.2 Benchmarks

In this section, the GPGPU matrix multiplication application is introduced in
order to demonstrate the utilization of streams on an application.

When two matrices A and B with dimensions of n xm and m x p are multiplied,
the dimension of the result matrix C is n x p. Fach element of matrix C, ¢;;, is the
summation of each element in row 7 of matrix A, a;, multiplied by each element of

column j of matrix B, by;, as shown in Equation (3.7).

m
cij = Y agbkj. (3.7)
k=1
To implement matrix multiplication in CUDA programming, each thread in
the device computes each element of matrix C, i.e., each thread computes the summa-
tion in ¢;;. All elements in row 4 of matrix A and column j of matrix B are transferred
to the corresponding thread [3].
In this experiment, the multiplication of two squared matrices is considered.
The size of the matrices varies from 64 x 64 elements to 2400 x 2400 elements. Both
matrices are copied from the host memory to the device memory. Then the kernel
multiplies those two matrices and the result matrix is copied back to the host memory.
This application also runs on a GeForce 8800 GT system with Intel(R) Pentium(R)
D 2.80 GHz CPU.
The operation times of matrix multiplication recorded by CUDA Events are
shown in Table 3.1. The results suggest that the kernel times are longer as the sizes
of matrices are larger. The times of transferring two matrices from the host to the

device are also about twice that of transferring a result matrix from the device to the
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host. Since streams allows overlapping on the GPU, we use the values in Table 3.1
with the performance model described in Section 3.1.1 to evaluate the performance

increase.

Table 3.1: Times spent by operations of matrix multiplication, measured by CUDA

FEvents
Matrix H-D memory copy | Kernel execution | D-H memory copy
(ms) (ms) (ms)
64 x 64 0.16 0.05 0.05
160 x 160 0.24 0.15 0.09
320 x 320 0.64 0.83 0.28
800 x 800 3.28 11.76 1.61
1600 x 1600 12.79 94.45 6.34
2400 x 2400 28.63 319.35 14.23

When the sizes of matrices are 64 x 64 and 160 x 160, the time of transferring
data from the host to the device memory is longer than the kernel execution time.
This case matches the time diagram in Figure 3.4 (a). Others match the time diagram
in Figure 3.5 (a). The corresponding performance model for the streams applied on
both host-to-device and device-to-host memory copies is described in Equation (3.6).
Table 3.2 shows non-stream execution time versus 8-stream execution time. The

percentage of performance increase from streams is discussed.
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Table 3.2: Total execution times with non-stream and the expected total execution
time with 8-stream are calculated from the operational times on Table 3.1

. Non-stream execution | 8-stream execution | % of performance
Matrix .
(ms) (ms) increase

64 x 64 0.26 0.21 19.23
160 x 160 0.48 0.33 31.25
320 x 320 1.76 0.95 46.02
800 x 800 16.65 12.37 25.71
1600 x 1600 113.58 96.84 14.74
2400 x 2400 362.21 324.71 10.35

From Table 3.2, it can be seen that when the size of matrices are small, such
as 64 x 64, the performance of matrix multiplication slightly increases. However,
when the sizes of matrices are 320 x 320, the performance of the application with 8
streams increases 46.02 percent of the application performance without stream. The
performance starts to drop as the sizes of the matrices are larger because the gaps
between memory transfer times and kernel execution times are extended.

Since the latency of data transfer between the host and the device is one
of the major factors that impacts the performance of a GPGPU application, there
are some strategies to eliminate this factor. Streaming is one of the strategies that
aims to reduce the latency by overlapping kernel execution with data transfer. The
proposed performance models and time diagrams show that streams can hide kernel
execution time in the case that the application consumes more time on data transfer
and that streams can hide memory transfer time when the device is occupied by
kernel execution. However, this strategy performs well on the application when the
kernel execution time and the time of memory transfer are not too much different.

The results suggest that streaming strategy is effective when the application data
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are independent because it can be applied on both host-to-device and device-to-host

memory transfers.

3.2 Two-Level Checkpoint /Restart Protocols
This section describes the GPU checkpoint/restart (CPR) protocols with CUDA
stream utilization [11] [31]. First of all, the GPU checkpoint concept is based on the
following assumptions:
1. Kernel execution is sufficiently long such that the checkpoint will finish before
the kernel completes. Otherwise the idea would not be beneficial.
2. The data is independent such that a transfer of data input of the next execution
block can be overlapped with an execution of the current code block.

3. There is a thread in the CPU that handles the checkpoint process.

Figure 3.6 illustrates the streamed checkpoint protocol. The checkpoint cost
is a result of host memory allocation and device-to-host memory copy after a thread
synchronization. With CUDA streams, the kernel continues executing while the
checkpoint data are copied to the host. Once the memory copy finishes, the host
dumps all the checkpoint data to a checkpoint file, which is handled by the underlying
CPR mechanism. When using CUDA streams, the data set is split into chunks.
The first chunk is copied to the host before the next kernel is invoked. Then, the
subsequent chunk is copied while the kernel is executing after the first chunk transfer

completes [4].
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Figure 3.6: The checkpoint protocol for GPU streamed CPR

Figure 3.7 shows the streamed restart protocol. When a failure occurs while
the kernel is executing, the device application context, including the device memory,
is destroyed. Therefore, to restore the application, the device context has to be
recreated along with device memory, and host-to-device memory has to be copied
again. The restart process begins by reading the checkpoint file to host memory.
However, reading the checkpoint file is handled by the underlying mechanism and the
duration of this process depends on the speed of reading from the hard drive, 1/O or

network storage. Those factors are not considered in the GPU recovery cost. The
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recovery cost includes the overhead of device memory allocation and host-to-device
memory copy. CUDA streams are beneficial by starting the kernel execution while
the rest of the checkpoint data is being transferred. The experiments based on the

proposed CPR . protocols are presented in the next section.
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Figure 3.7: The restart protocol for GPU streamed CPR

3.3 Experiments
To study the cost of checkpoint and restart processes, the behavior of the
protocols presented in the previous section is simulated and the checkpoint costs,
recovery costs, and wasted time, which is the summation of checkpoint cost, recovery
cost, and recomputing time due to a failure, are collected. The experiments are done
on various sizes of a large array addition application with three types of GPU CPR

mechanisms: non-streamed, 4-streamed, and 8-streamed CPRs.
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Listing 3.1 illustrates the simulation based on the protocols in Figures 3.6 and
3.7. Since the checkpoint process takes place on the host, the kernel of the iterated
array addition is split into three parts: kernel_1(), kernel 2(), and kernel_ 3(),
which are prolonged by !, m, and n loops of iterative array addition (C = A + B),
respectively. We assume that kernel 1() is the computation before a checkpoint,
kernel _2() is the computation between the checkpoint and a failure, and kernel_3()
is the computation after the failure until the application finishes. Then when a failure

occurs, it has to recompute only kernel 2() instead of restarting from the beginning.

Listing 3.1: The pseudo code imitating GPU streamed checkpoint and restart
protocols

1 // Begin computing
2 Do host-to-device memory copy of array A and B.
3 Execute kernel_1() with [ iterations.

4 // Checkpoint process

5 Synchronize all threads to prepare for memory copy.

6 Allocate host memory for data checkpoint, i.e., for array A, B, and C.
7 Do device-to-host memory copy of array A, B, and C.

8 Execute kernel_2() with m iterations.

9 // Failure occurrence
10 Free all device memory

11 // Restart process
12 Reallocate device memory for array A, B, and C.
13 Do host-to-device memory copy of array A, B, and C.

14 // Recompute kernel 2()
15 Re-execute kernel 2() with m iterations.

16 Execute kernel 3() with n iterations.

17 Do device-to-host memory copy of the result array C.
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The experiments are done on an NVIDIA GeForce GTX 295 system, which
has compute capability 1.3. The heuristics of NVIDIA’s graphic card with compute
capability 1.x indicate that the maximum number of blocks in a grid is 65535, and
the maximum number of threads in a block is 512 [3]. Then, the maximum number
of threads is 65535 x 512, or 225 — 29 For the purpose of load balancing and data
correctness while invoking the kernel with streams, we vary the size of arrays from
210 to 224, If the size of arrays reaches 2%, the number of iterations in the kernel will
be influenced.

In a non-streamed case, the memory copy and the kernel execution are done
consecutively. However, in 4-streamed and 8-streamed cases, those instructions are
done simultaneously. The checkpoint cost is obtained by timing host memory alloca-
tion and device-to-host memory copy. The recovery cost is obtained by timing device
memory reallocation and host-to-device memory copy. The wasted time is obtained
by the summation of those costs and the time of kernel 2() execution. The results

are shown in Figure 3.8.
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Figure 3.8: The percentage of performance improvement in terms of (a) checkpoint
cost, (b) recovery cost due to a failure occurrence, and (c) wasted time
due to a failure occurrence

Figure 3.8 (a) illustrates percentage of the performance improvement of streamed

CPR in terms of checkpoint cost. When the size of arrays is less than 2'°, the

percentage of improvement is negative since the streamed CPR has no advantage

over non-streamed CPR. However, it becomes positive when the size of arrays is 2'°.

When the size of arrays is 2%, 4-streamed and 8-streamed CPRs gain advantage over

non-streamed CPR with the percentages of 29.790 and 32.699, respectively.
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Similar to the checkpoint cost, as shown in Figure 3.8 (b), the recovery cost of
4-streamed CPR is smaller than non-streamed CPR when the size of arrays is at least
219 Also, the recovery cost of 8-streamed CPR gains advantage over 4-streamed CPR
when the size of arrays is at least 22!. As the size of arrays is 2%*, the percentages of
improvement of 4-streamed and 8-streamed CPR are 66.743 and 74.305, respectively.
This similarity is because both checkpoint and recovery costs depend mainly on the
duration of memory copy.

The wasted times due to a failure occurrence on an application with non-
streamed, 4-streamed, and 8-streamed CPRs are illustrated by Figure 3.8 (¢). Since
the wasted time is the aggregate of checkpoint cost, recovery cost, and recomputing
time, the performance improvement in the aspect of wasted time is similar to the
checkpoint and recovery costs.

In this experiment, the benefits of the streamed CPR mechanism with only
one checkpoint and one failure is studied. To study the benefits of streamed CPR on
real-world applications, the simulation on a long-run application and its results will

be presented in the next section.

3.4 Simulation
In the simulation to study the benefits of streamed CPR on a long-run ap-
plication, despite various checkpoint intervals, the mean-time-to-failures (MTTFs)
must be considered. Due to the fact that a large scale GPU cluster system, such as
ORNL’s Titan, LLNL’s Sequoia, etc. [1] is a heterogeneous system with a significant

number of GPUs, the MTTF of the system depends on the MTTF of other modules
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or nodes in the system. In this study, the MTTFs are varied from 12 hours to 7
days with the checkpoint interval of 30 and 120 minutes. The application length is
fixed at 1000 hours. Since both 4-streamed and 8-streamed CPR have an advantage
over non-streamed CPR when the size of arrays is over 2%, the simulation is done for
the array size of 224. The performance is observed in three different aspects: (1) the
percentage of total checkpoint costs compared to wasted time; (2) the percentage of
total recovery costs compared to wasted time; and (3) the percentage of wasted time
compared to the completion time, which is the summation of the application length
and the wasted time. Figure 3.9 illustrates the percentages of total checkpoint costs,
while Figures 3.10 illustrates the percentages of total recovery costs, and Figures 3.11

shows the percentages of wasted time.

Percentage of Checkpoint Costs Percentage of Checkpoint Costs
Compared to Wasted Time Compared to Wasted Time
—a- Non-streamed “N) B -a-— Non-streamed
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Figure 3.9: The percentages of total checkpoint costs compared to wasted time of the
application with non-streamed, 4-streamed, and 8-streamed CPRs, when
the size of arrays is 22* and (a) the checkpoint interval is 30 minutes, and
(b) the MTTF is 12 hours.
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Figure 3.10: The percentages of total recovery costs compared to wasted time of the
application with non-streamed, 4-streamed, and 8-streamed CPRs, when
the size of arrays is 22 and (a) the checkpoint interval is 30 minutes, and
(b) the MTTF is 12 hours.
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Figure 3.11: The percentages of wasted time compared to completion time of the
application with non-streamed, 4-streamed, and 8-streamed CPRs, when
the size of arrays is 22* and (a) the checkpoint interval is 30 minutes, and

(b) the MTTF is 12 hours.
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Figure 3.9 illustrates the percentages of total checkpoint costs compared to
wasted time when the size of arrays is 2*4. According to Figure 3.8 (a), when the size
of arrays is 2%, the checkpoint cost of 8-streamed CPR is the smallest. As a result,
8-streamed CPR performs better than non-streamed and 4-streamed CPRs in term of
total checkpoint overheads, particularly when there are more checkpoints. In addition,
the CPRs with the checkpoint interval of 30 minutes, shown in Figure 3.9 (a), produce
larger total checkpoint costs when the MTTF increases. Moreover, with various
checkpoint intervals, shown in Figure 3.9 (b), the total checkpoint overheads are
smaller for the larger checkpoint interval. As non-streamed CPR generates the most
checkpoint costs in both cases, the total checkpoint costs are very small compared to
the wasted time with no more than 5 percent.

Figure 3.10 illustrates the percentages of total recovery costs compared to
wasted time when the size of arrays is 22*. Since the number of failures depends on
MTTF, when the MTTF increases, both recovery costs and wasted time decrease. As
a result, the graphs slightly change. That is between 0.006 — 0.008 percent for the
non-streamed CPR, 0.0020 - 0.0025 percent for the 4-streamed CPR, and 0.0015 —
0.0020 percent for the 8-streamed CPR (as shown in Figure 3.10 (a)). On the other
hand, when the MTTF is fixed at 12 hours, by varying the checkpoint intervals (as
shown in Figure 3.10 (b)), the graphs drop due to the increase of checkpoint costs,
which makes the wasted time increase. Furthermore, in both cases, streamed CPR
obviously performs better than non-streamed CPR. However, the recovery costs do
not have much effect on the performance of the application since the percentages of

total restart overheads are less than 0.01 percent of wasted time in any cases.
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Figure 3.11 illustrates the percentage of wasted time compared to completion
time, which is the summation of wasted time and application length. When the
checkpoint interval is fixed at 30 minutes (shown in Figure 3.11 (a)), as the MTTF
increases, the percentage of wasted time tends to be smaller. However, when the
MTTF is fixed at 12 hours (shown in Figure 3.11 (b)), as the checkpoint interval
increases, the percentage of wasted time also increases because the recomputing time
increases. Nevertheless, the costs of non-streamed, 4-streamed, and 8-streamed CPRs
are relatively small compared to the recomputing time and completion time. Thus

the difference of wasted time between those three types of CPRs is insignificant.

3.5 Conclusion

Even though the checkpoint/restart mechanism can improve the application
resilience, it reduces the performance by the cost of the checkpoint process. In this
study, the GPU checkpoint /restart protocol that aims to reduce the fault tolerance
cost is proposed. The experiments have revealed that the streamed CPR can reduce
the checkpoint cost when the size of checkpoint data is large enough. Additionally, it
can improve the restart process by reducing the recovery cost.

The simulation has shown that the streamed CPR can reduce the cost of
the checkpoint process. However, in a long-run application, since the costs of both
checkpoint and restart processes are relatively small compared to the recomputing
time and the completion time, streamed CPR may not be beneficial on a single node

GPU system.



CHAPTER 4

PERFORMANCE MODEL FOR GPGPU

Although a GPU is considered an accelerator for a CPU, the architectures of
a GPU and a CPU are quite different [3] [32]. In order to estimate an application
completion-time, the kernel execution time on a GPU has to be estimated. Thus,
a programmer can make a decision whether the GPU is worth participating in the
computation and can further improve the heterogeneous computing application. In
addition, the performance model can also help to increase the efficiency of fault
tolerance techniques for a GPGPU application, such as checkpoint/restart mecha-
nisms, especially for a large GPU cluster. One of the major problems in this area is
checkpoint scheduling. To find an optimum checkpoint placement, the time-to-failure
(TTF) of the system and the completion-time of the application must be taken into
account. The system TTF can be obtained by a failure prediction technique, while
the completion time of the application can be estimated by the performance model.

In this study, a novel performance model is proposed. The model based
on the current state-of-the-art model by Hong and Kim [16]. However, Hong and
Kim’s model is limited by an assumption that a latency due to every global memory
instruction is the same. Nonetheless, the empirical results reveal that the memory

latencies are varied depending on the data type and the type of memory access.

36
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Figure 4.1 shows that a global memory write operation takes much longer than a
global memory read operation in every case. Also, 4-byte word accesses take longer
than 1-byte word accesses. Thus it is important to consider various memory access

costs that will impact GPU performance outcome.

Latency of global memory access

Col write 1-byte word
Col read 1-byte word
Uncol read 1-byte word
Col write 4-byte word
Col read 4-byte word
Uncol read 4-byte word

EREEAR

Time (microseconds)
3
1

1 2 4 8 16 32
Number of warps per SM

Figure 4.1: Memory latency on GPU NVIDIA GeForce GTX 295

Since the detailed architecture of a Graphic Double Data Rate (GDDR) mem-
ory is not public, the actual memory latencies are measured. Then instead of using
fixed memory latencies like in Hong and Kim’s model, the latencies from an actual
benchmark are used in our model as described in Section 4.1.1.

Moreover, Hong et al [16] considers a latency for a shared memory instruction
to be the same as a computation instruction. In fact, a computation instruction
usually takes approximately 20 clock cycles while a shared memory takes 38 cycles

according to [20], and 40 cycles according to the experiment.
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Due to the aforementioned reasons, our model does not rely on PTX code - an
assembly-like code that is generated by compiling with nvce — to obtain the number
of registers, the number of computations, and memory instructions (3] [33]. On the

other hand, those instructions can be counted from CUDA code.

4.1 Performance Modelling
In this section, the important parameters in the proposed performance model
are defined. Then, the model notations in a general case and in cases with synchro-
nization functions are described. Furthermore, the impacts of branch divergence and

bank conflicts are also discussed in detail.

4.1.1 Parameters

In GPGPU programming, parallel instructions are executed by multiple threads.
These threads are maintained as thread blocks that will be assigned to stream proces-
sors (SMs) as illustrated in Figure 4.2(a). The thread blocks are also organized into
a grid of a kernel. Moreover, Figure 4.2(b) shows that threads in a block executed in

an SM are managed in a group of parallel threads called a warp.
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Figure 4.2: GPU architecture: (a) programming model; (b) warp scheduling in an
SM

Let Sg be the number of blocks in a grid (so called grid size), and the number

of SMs be Ngps. Then the number of blocks assigned to an SM is defined by

Ng = [NSS‘;‘W] . (4.1)

However, not all assigned blocks can be resided into an SM. The new blocks will

be assigned to an SM as it completes the execution of the previous blocks [3] [34]. Let
Ngp be the number of blocks that can be resided into an SM, which is called resident
blocks, and Np be the number of groups of blocks assigned to a multiprocessor. Then,

Np can be defined as

Np = [&] . (4.2)
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Moreover, Npp is restricted by hardware limitation, i.e., the maximum number
of resident blocks (Ngrp mez), the maximum number of resident warps (Ngw,maz), and
the limitation of resources, such as the amount of shared memory and registers [3]
[34]. Let each block assigned to an SM have Sy threads. Those threads are grouped

into warps, where each warp has Sy threads. Then Nyp is defined by

. N, maxS M mazx Rz
NRB = min {NB7NRB,mam7 ’V RW:S.B W-l ) l' AZ,SB ‘I 3 [ RB 1}7 (43)

where Mg mq, and R, are the maximum amount of shared memory (in bytes) and
the maximum number of 32-bit registers per SM, respectively. These values are
hardware specifications while Msp and Rg are the amount of shared memory and
the number of registers required by a block, respectively. Both Msp and Rp can be
estimated mathematically as described in the NVIDIA Programming Guide [3].

Furthermore, the number of resident warps is defined by
(4.4)

Note that there is a limit to the number of threads per block and to the number
of blocks per grid. That is, Sg and Sp cannot exceed the hardware heuristics.

Furthermore, there are 4 additional parameters to be introduced in this section:
(1) the operation time required by the total set of computational operations, T¢; (2)
the operation time due to the last set of computational operations, Trr; (3) the
memory latency resulted from the total set of memory instructions, Tys; and (4) the
memory latency lost by the last memory instruction in the kernel, Ty

From Figure 4.3, suppose that there are 2 resident blocks assigned to an SM,

each resident black has 2 warps, and there are 5 instructions to be executed by each
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thread. Since I1, I3, and I4 are computational instructions, T is a summation of the
operation times due to I1, I3, and I4, where Ty, is an aggregation of the operation
times due to I3, and I4. Also, Ty, is the memory latency resulted by I2 and I5

bl

while Ty is a result of memory access in I5 only.

List of Instructions

B2w212 B2wW2 15
I1: compute Bawi 12 B2W1 15
I2: memory access o B2 < B2s

I3: compute
I4: compute
I5: memory access

(a)

Figure 4.3: The instruction list in (a) transforms into the timeline in (b).

Since T' = C x Fp, where T is the operation time, C' is the number of clock
cycles required by an operation, and Fp is the frequency of an SM, the number of clock
cycles has to be determined in order to evaluate the operation time or the memory
latency. The number of clock cycles due to the set of computational operations
can be analyzed and derived from the kernel code, which is detailed in the NVIDIA
Programming Guide [3].

Nonetheless, evaluating the memory latency is more complex. For a global
memory access, the global memory latency is varied depending on the size of data,
memory bandwidth, and the number of transactions required by a memory instruc-
tion (memory coalescing). According to the NVIDIA Programming Guide (3], a

global memory latency can be as high as 400 to 800 clock cycles per memory access.
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The CUDA C Best Practices Guide [32] also states that the latency for reading an
uncached data from local or global memory ranges from 400 to 600 clock cycles.

For these reasons, instead of using a fixed number of clock cycles, the operation
time from the measurement divided by Np is considered in order to estimate the global

memory latency.

4.1.2 Performance Model in a General Case

In this section, the performance model is described by assuming that there is
no branch convergence in a warp. Thus, every thread in a warp executes the same
set of instructions. Then the computation times and memory latencies are the same
for each warp. Moreover, assuming that there is no synchronization instruction, the
idle time does not depend on the time that a warp waits for other warps to complete
the instructions prior to the barrier, but depends only on memory access.

Figure 4.4(a) illustrates the case that T¢ is longer than T, or Ngy is large
enough to hide the idle time. The execution time of the kernel T(K) can be defined
as

T(K) = (Tur + TcNrw) Np. (4.5)
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Figure 4.4: Diagrams show the execution time when: (a) there is no idle time; (b)
there is idle time. A shaded box indicates that the warp is being executed.
A white box indicates that the warp is waiting for the memory access.

However, in Figure 4.4(b), Ngw is not large enough to fill the idle time (3] [32].

Hence,

T(K)=(Tu +Tc+Tcr (Naw — 1)) Np. (4.6)

To determine whether Ny is large enough to hide the idle time, Equation (4.5)

is subtracted from Equation (4.6) to find the idle time and set to zero. Consequently,

Trr — Tur

Npy = —————
Y Te —Tea

T —T
+ 1. Therefore, if Npw > tL—MEJ + 1, there will not be an
Tc - Tcr

idle time.
4.1.3 Performance Model in a Case with Synchronization
In this section, a. model that considers synchronization in a kernel is described.

It is an extension from the model for a general case presented in the previous section.



44

A synchronization function or __synchthread() acts as a barrier at which
threads in a block must wait until every thread hits this point before they are allowed
to execute the next instruction. However, threads from different blocks do not have to
wait [3]. In general, if there are multiple resident blocks scheduled in an SM (Ngp >
1), the compiler will try to fill the idle clock cycles with warps from the other blocks.
As a result, the impact of synchronization functions can be omitted. Nonetheless, if
there is only one resident block in an SM (Ngp = 1), the amount of execution time
will be increased by the waiting time resulted by the synchronization function. The

time diagrams in Figure 4.5 describe impacts of synchronization functions.

Bwd]|  Baws suals

1

]

B1W1 stalls

o

B1W2 stalls

Extra clock cycles

(b)

Figure 4.5: Diagrams show the execution time when: (a) a synchronization function
causes extra time between two consecutive computational instructions;
(b) a synchronization function causes extra time between memory and
computational instructions. Again, a shaded box indicates that the warp
is being executed. A white box indicates that the warp is waiting for the
mMemory access.
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Figure 4.5(a) is the diagram extended from Figure 4.4(a), which is the case
that it originally does not have idle time. In this case, the synchronization function
generates an extra time, Tgyn + Ty sy, Where Tg,, is the operation time for executing
the synchronization function, and Ty sy, is the memory latency due to the memory
instructions before or after the synchronization function. Let the number of syn-
chronization functions be Ng,,. Therefore, the extra time caused by synchronization
functions for each block is (Tsyn + Tar,syn) Nsyn- Then the kernel execution time

defined by Equation (4.5) can be improved as follows
T(K) = [TML +TeNgw + (TSyn + TM,Syn) NSyn] Np. (4.7)

Figure 4.5(b) is the diagram modified from Figure 4.4(b). It illustrates the
extra time due to a synchronization function in the case that it originally has idle time.
The extra time generated by the synchronization function is Tsy, + T syn (Nrw — 1),
where T¢ gyn is the time due to the set of computational instructions between the
memory instructions and the synchronization function. Therefore, the kernel execu-

tion time defined by Equation (4.6) can be improved as
T(K)=[Tu+Tc+Tor, (Nrw — 1) + (Tsyn + Te,syn (Nrw — 1)) Noyn| Np.  (4.8)

4.1.4 Control Flow Cases

In kernels, control flow statements, such as if, else, switch, for, do, and
while, may cause branch divergence in a warp, meaning that threads in a warp
execute different code paths. Once threads in a warp hit a diverging point, the
warp sequentially executes each branch path taken by disabling threads that are not

on that path. When all paths complete, the threads re-converge back to the same
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execution path [3] [35]. Consequently, branch divergence prolongs the execution time

by increasing the number of instructions.

Listing 4.1: An example of pseudo code that results in branch divergence

tid = threadldx.x;

if tid is an even number then
operation A;

else
operation B;

end

ST b W N -

For instance, the code in Listing 4.1 describes that half of the threads in a
warp do operation A, another half do operation B. Suppose that there are 8 threads
in a warp, once they hit the if statement, t1, t3, t5, and t7 have to wait until t0, t2,
t4, and t4 finish operation A. Then t1, t3, t5, and t7 will do operation B. If operations
A and B take 4 clock cycles each, the warp will take 8 clock cycles to execute the
operations in the if - else statement.

Another possible issue that may occur when using shared memory is bank
conflicts. Since shared memory in an SM is separated into a certain number of banks,
there is a possibility that two or more threads may access different data in the same
bank and cause threads to sequentially access that bank. Therefore, the time to

access shared memory is prolonged depending on the hardware architecture.
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4.2 Results and Discussion
In this section, the code analysis using the example of CUDA code is described.
Additionally, naive and tiled matrix multiplications are used as benchmarks to val-
idate the proposed models. The GPU that is used in this experiment is NVIDIA

GeForce GTX 295.

4.2.1 Code Analysis

To illustrate how we obtain the parameters introduced in Section 4.1, the
kernel code of a matrix multiplication listed in Listing 4.2 is analyzed. Suppose
that the programmer specifies the number of blocks and the number of threads in
a block as equal to the dimension of square matrices to be multiplied (dim), which
in this example is 128. Then, S¢ = Sp = 128. The values of other parameters are
summarized in Table 4.1. Since the shared memory is not used in this kernel, Mg 4.

and Mggp in Equation (4.5) are omitted.

Listing 4.2: The kernel code of simple matrix multiplication in CUDA

int i = blockldx.x;
int j = threadldx.x;
int dim = blockDim.x;

float Cvalue = 0.0;
for int k=0;k < dim;k + + do
Cvalue += Afi*dim+k] * B[k*dim-+j];
7 end
8 Cli*dim+j] = Cvalue;

[FC I

[~
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Table 4.1: The values of experimental parameters validated in the model

Parameters Descriptions

Ngp =30 Hardware specification

Ng =[128/30] =5 Equation (4.1)

NRBmaz = 8 Hardware specification

Newmaz = 1024 Hardware specification

Sw = 32 Hardware specification

R, = 16384 Hardware specification

Rp = 1024 There are 10 registers required by this kernel. The

CUDA C Programming Guide [3] also shows how
to determine Rp.

Ngp = min{5, 8,[1024 x Equation (4.3)

32/1281, [16384/1024]}

Np = [5/5] Equation (4.2)
Ngw = [5x128/32] =20 Equation (4.4)
Te = 14.5894 Code analysis
Ter = 0.0644 Code analysis
Ty = 121.0543 Code analysis
Ty = 4.9199 Code analysis

From the pseudo code in Listing 4.2, one can see that each thread declares
five parameters and calculates the position of matrix A and matrix B. Also, when the
thread executes for-loop, there are seven computations in each iteration. Then, the
thread computes the position of matrix C that takes three more computations. Since
each computation takes 20 clock cycles, and the frequency of NVIDIA GTX 295 is
1242 MHz, T = (7+ 128 x 7+ 3) x 20/1242 = 14.5894 us, and Tep = 4 x 20/1242 =
0.0644 ps.

Furthermore, in each iteration of the kernel computation, there are two global
memory accesses: one is reading elements from matrix A, which is coalesced, while the
other is reading elements from matrix B, which is uncoalesced. From our experiment,

a coalesced memory read takes 0.4289 us and an uncoalesced memory read takes
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0.4784 us. Finally, each thread writes a value of matrix C to the global memory,
which takes 4.9199 us. Therefore, Ty = (0.4289 + 0.4784) x 128 4+ 4.9199 = 121.0543
us, and Tyrp = 4.9199 us.

From the experimental parameters in Table 4.1, one can determine whether
there are idle times by | (Ta — Tir)/(Te — Ter)| + 1 = 70, which is more than the
number of resident warps, Ngy. Hence there are not enough resident warps to hide

the idle time. Thus T(K) = (121.0543 + 14.5894 + 0.0644(20 — 1)) x 1 = 138.8673 us.

4.2.2 Results
We use naive and tiled matrix multiplications as benchmarks to validate our
model. The sizes of squared matrices vary from 32 x 32 to 512 x 512. The results are

shown by the graphs in Figures 4.6 and 4.7.

Kernel execution time of naive matrix multiplication  Kernel execution time of tiled matrix multiplication
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Figure 4.6: The kernel execution time from the performance model compared to
the measurement of: (a) naive matrix multiplication; (b) tiled matrix
multiplication
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Figure 4.7: Percentage of error of the performance model compared to the measure-
ment for both benchmarks

Figure 4.6(a) illustrates the kernel execution time of the naive matrix multipli-
cation estimated by the proposed performance model compared to the measurement.
For the matrix size of 32 x 32, the execution time from the model is only 0.005
millisecond different from the measurement, and 0.015 millisecond different for the
matrix size of 64 x 64, even though the graph in Figure 4.7 indicates that the
percentage of error is relatively high. This is because the execution times for both
cases are very small. For the matrix size of 512 x 512, the execution time from the
model is 1.3 ms different from the measurement, or approximately 16% error.

Figure 4.6(b) illustrates the kernel execution time of the tiled matrix multipli-
cation estimated by the model compared to the measurement. Again, the analytical
execution time from the model differs from the measurement by 0.002 millisecond for

the matrix size of 32 x 32, and 0.003 milliseconds for the matrix size of 64 x 64. For
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the matrix size of 512 x 512, it differs from the measurement by 0.175 millisecond, or
approximately 11% error.

Both Figures 4.6(a) and 4.6(b) also indicate that the execution time from the
model follows the measurement will. Figure 4.7 shows that, for both benchmarks, our
model is more accurate when the size of the matrix is practically large enough.

In conclusion, the proposed performance model shows improvements of the
kernel execution time estimation for a GPGPU application, which considers memory
access types and the impacts of other important factors such as synchronization
functions, branch divergence, and bank conflicts. It has also suggested that the global
memory latency is varied depending on the type of memory access and the data type.
The results have also indicated that our performance model is more accurate when

the data size is practically large enough.



CHAPTER 5

GPU APPLICATION PERFORMANCE VS
CHECKPOINTS

Since a checkpoint restart mechanism can sustain application execution and
performance by reducing the recomputing time when failures occur {11}, [31], the
purpose of this work is to optimize fault tolerance costs, while balancing the cost
factors and the application performance. We propose mathematical models to address

the following;:

1. An optimal number of nodes for maximum system reliability and the desired
application performance.
2. Near optimal checkpoint placements that mitigate system failures but still

maintain the desired performance level.

In previous work [11], [31], a checkpoint/restart protocol that aims to reduce
the GPU checkpoint cost and rollback using a latency hiding strategy has been
proposed. Additionally, it has been argued, [31], that only cost reduction is not
enough to minimize the wasted time due to a system failure. This is because the
wasted time is dominated by the recomputing time.

There are existing checkpoint scheduling models that aim to minimize wasted

time. Liu et al [12] proposed a scheme to derive a sequence of checkpoint placements

92
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that uses the theory of a stochastic renewal reward process. Although their model
targets a large-scale HPC system, it can be applied to any system as long as the
system reliability is derivable.

The study here is based on the reliability models presented by Gottumukkala
and Thanakornworakij [14] [15]. However, the k-node system is extended such that
each node has a co-processor, for instance, a GPU. In addition, the proposed check-
point scheduling model is an enhancement of Liu et al [12] and Nichamon et al [13]’s
models in the sense that the system is a heterogeneous system and the model relies

on the two-step checkpoint/restart protocol.

5.1 Application Performance and System Reliability
Since the system to be considered is a GPU cluster, the major factor that
impacts the performance and reliability of the system is the number of nodes, denoted
by k. Theoretically, when k increases the application performance increases, but the

reliability decreases. Thus, the performance improvement can be determined as

Ts — Tp Tp
- =1--F 1
s 1 s (5.1)

F,
where T is the completion time on a single-node, and Tp is the completion time on
a k-node system. For single kernel GPU programming, Ts is the sum of the kernel
execution time (Tx ), host-to-device memory copy (Txp), device-to-host memory copy

(Tpu ), the execution time on the host (T¢), and the overhead caused by parallelization,

such as data communication between nodes (Tpp) [36].
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For a node-wise GPU environment, the sequential completion time is defined

Ts=Tx +Typ+Tpy + 1. (52)

Assuming that the computation is data parallelizable with load balancing
(the data to be executed are equally distributed across the compute nodes), Tk is
completely parallelizable; i.e., it is divisible by k. Yet, the data transfer time between
the CPU and the GPU on each node depends on the amount of data the node receives.
Therefore, only parts of Typ and Tpy can be reduced by the distribution. Moreover,
T can also be partially divisible by k. Let fgp, fpn, and fc be the fractions of Typ,

Tpu, and T that can be distributed, respectively. Amdahl’s law [37] suggests that

1
Tp > p (Tk + fupTup + fouTon + fcTc)

+(1 = fup)Tup + (1 ~ fou)Tpy + (1 — fc)Tc + Tpo. (5.3)

To describe the system reliability, the time-to-failure (TTF) for each node is
assumed to follow a Weibull distribution. For simplicity and without loss of generality,
the failure rates are assumed to be equal (A = A} = Ay = A3 = ... = \;). Also, once a
node fails, the entire computation is assumed to fail. Therefore, the probability that

the system will survive beyond time ¢ is expressed as
S(t) = e ™M (5.4)

where ¢ is measured from the moment that the system starts until the application is
completed, and ¢ is the shape parameter of the Weibull distribution for each node

[14], [15].
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For the purpose of estimating Tp and S(t), where t = Tp, the proportions
of T, Tup, Tou, Tc, and Tpp to Tg are assumed to be 0.75, 0.02, 0.01, 0.20, and
0.02, respectively. However, these numbers are just an example to demonstrate the
applicability of the model. The parallelizable fractions are fyp = 1, fpy = 1, and
fc = 0.90. Moreover, Ts is scaled to an extended period of time (e.g., 15 days) in
order to study the impact of the system reliability.

To determine if an application has acceptable performance and reliability,
the graphs of the application performance against the system reliability are plotted.
Figure 5.1 shows the probability of survival for different values of the Weibull shape
parameter, ¢, the number of nodes, k, and the failure rates, A. The y-axis represents
the survival probability of the system. The x-axis represents the number of nodes in
a logarithmic scale. The percentage of performance improvement for each value of &k
is presented in parentheses beneath log,, k.

In Figure 5.1, the study shows that the system reliability, S(t), can increase
with a growth in k before it ultimately decreases. This can be interpreted as being
due to the fact that Tp depends on k. The completion time Tp decreases with an
increase in k. Moreover, as ¢ becomes larger, the system tends to be less reliable.
There is evidence, [14] and [15], that time-to-failure follows a Weibull distribution. It
is known that for large c values, the Weibull becomes more symmetric, approximating
a normal distribution. Hence, in this work, we consider the values of ¢ between 1 and
2, where the Weibull failure rate decreases with time (¢ > 1) and c is not large enough
for the Weibull to approximate normal. Additionally, we consider the system from

the start to the first failure.
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The graphs in Figure 5.1 also show the system reliability of the given applica-
tion for different values of A. Since the system reliability decreases and application
performance increases with a growth in the number of nodes, one can identify a
number of nodes k that has acceptable levels of reliability and performance. For
instance, from Figure 5.1, one can choose, for a given curve, a value for k that would
give an acceptable reliability and performance. For example, it is seen from the curve
in Figure 5.1 (a), for A = 1/1000yrs that one can choose a k value with performance

close to 96 percent that has a reliability close to 1.

5.1.1 Predicting the System Size from the Maximum System Reliability

Let p be the parallelizable part of the program, defined by
p=Tx+ fupTup + fou Tpu + fe Tc, (5.5)

and s be the sequential (non-parallelizable) part of the program, defined by

s=(1= fup)Tup+ (1 = fou)Tpy + (1 = fo) Tc + Tpo. (5.6)

Therefore, by Amdalh’s law [37], the parallel application completion time can
be expressed as

Tp = % +s. (5.7)

To find the optimum k that maximizes S(Tp, k), one must solve the following

equation
0

%S(Tp, k) = -XkcTS Ty + T5) e ™77 = 0,

(keTh+Tp) T = 0.
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Because Tp = —p/k?,

I — ._C__ — -
Hence,

Since k must be at least 1, Equation (5.8) indicates that, for the system
reliability with a Weibull-distributed failure intensity, ¢ must be larger than 1. In
addition, the proportion of p over s must also be at least 1/(c— 1). Furthermore, one

can predict the improvement in application performance from Equations (5.1) and

(5.3).

5.1.2 Predicting the System Size from an Expected Performance

In the previous section, we have proposed a model to determine the optimum
k that gives the maximum system reliability. However, typical programmers focus
on the performance improvement without considering the system reliability when
deploying parallel programming on a large scale system. In this section, a model that
identifies the optimal k value for a desired performance level is proposed.

The application problems are categorized into two cases: non-scalable and
scalable workload. Since Amdahl’s law is used for explaining the speed improvement
when the execution time is related to the problem size, Amdahl’s law is applied to
the former case. For the latter case, Gustafson’s law is used because Gustafson’s law
states that for a scalable problemn that maintains a fixed execution time, the speedup

is a linear function of system size.
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5.1.2.1 Non-scalable Workload

For a fixed problem size, the workload does not grow when more nodes are
deployed. Therefore, the completion time decreases as the number of nodes increases.
According to Amdahl’s law (37}, Ts = p+ s — Tpo, and Tp = p/k + s. Since
P,=1-Tp/Ts, Tp =Ts(1 — P,). As a result,

p

k= Ts(l— Py — s’

(5.9)

where Tg(1 — P.) — s > 0. Hence, P. <1 - s/T5s.

5.1.2.2 Scalable Workload

For a scalable problem, more nodes are added to the system as the problem
size increases. Gustafson’s [38], [39] suggests that if the workload is scalable according
to the number of nodes, Tp is fixed, while Ts is scaled by k. Let Tp = Tx + Typ +
Tpy + Tc + Tpo = p + s. Consequently,

Ts = k(Tk + fupTup + fouTpu + fcTc)
+ (1 = fup)Tup + (1 = fou)Ton + (1 - fo)Tc

= kp+s+Tpo.

From P, =1~ Tp/Ts, Ts = Tp/(1 — P,). Thus,

1/ p+s
k—;(l_Pr"'Sﬂ*Tpo), (5.10)

where P, # 1.
Once k and Tp are determined by the models indicated by Equations (5.9),

and (5.10), the system reliability can be predicted by Equation (5.4). However, if
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the reliability is unacceptably low, meaning that the survival probability is below
the baseline specified by the programmer, the checkpoint/restart mechanism may be

needed in order to increase the system reliability.

5.2 Checkpoint Scheduling

In a GPGPU environment, a checkpoint will have to be performed on both
GPU and CPU during the GPGPU kernel execution. Besides, a typical checkpoint is
performed only on the CPU. In addition, to maintain data correctness, a checkpoint
must not be allowed during data transfer.

To find an optimal checkpoint placement, we enhance an original optimal
checkpoint model (12}, [13] for an HPC system. Let Cg and C¢ be checkpoint costs
from the GPU to the CPU, and from the CPU to a reliable storage on a k-node
system, respectively. However, the GPU checkpoint latency (the time to transfer
the data from the GPU to the CPU on a k-node system) can be estimated by the

device-to-host memory transfer time. Therefore, Cg is defined as

T,
Ce =08 + fDHk 22 + (1 - fou)Tou, (5.11)

where O, is the time spent on a checkpoint process.
Moreover, the proportion of kernel execution on k nodes is Tx/kTp. The
proportion of CPU execution on k nodes is [fcTc + k(1 — fc)Tc)/kTp. Thus, the

checkpoint cost for a GPGPU application becomes

_ TK fCTC"I‘k(l—fc)TC
C = kTP(Cc+CG)+ K Th Ce
1
= {TK Co+ (Tx+ feTe+k(1— fe) Tc) Cc] . (5.12)

kTp
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Furthermore, let R be the CPU recovery cost of a k-node system. Then, the

GPU recovery cost of the k-node system is estimated by

T
Re =02+ f—H%cﬂ + (1~ fup)Tup, (5.13)

where Of is the time spent on a recovery process.

Similarly, the recovery cost can be evaluated by

R Tk Rg+ (T + fcTc + k(1 - fc) Tc) Rel .- (5.14)

:kTp[

Let n(t) be the checkpoint frequency function, such that

1= / " )y dt, (5.15)

where t,,, (m = 1,2,3,...) is the m"™ checkpoint placement, and ty = 0. Let T}
be a random variable representing the TTF, and ¢ be a rollback coefficient that is
ranged between 0 and 1. Note that the rollback coefficient can be estimated by the
algorithm presented by Liu et al [12]. The number of checkpoints from the system
start until a failure occurs is given by C fOT’ n(t)dt. Also, according to [12] and [13],

the recomputing time can be approximated by

Ty~ —2—. (5.16)

Consequently, the wasted time is expressed as

Ty
W(T,) = C /0 n(r)dr + - (?,) VR (5.17)

Let f(t) be the probability density function (pdf) of the system TTF. The

expected wasted time becomes

EW] = /Ooo [C’ /Otn(T) dr + % + R| f(t)dt. (5.18)
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Therefore, the optimal checkpoint frequency function that minimizes the ex-

pected wasted time can be expressed as

e [f(t)
n(t):\/g E@

(5.19)

From the probability of survival described by Equation (5.4), the distribution

of time-to-failure can be expressed as
f(t) = kdctele ™,
Therefore, from Equations (5.4), (5.19), and (5.20), we have
n(t) = \fg VEXcteT,

From Equation (5.15), it is seen that
tm
1 = / ,/-g\/k,\ctc—ldt
tm-1

2 kXcy e bm
tm-1

c+1 C
2 kEdcy (tc.g.l_ts%)
c+1 C " m-1)"

Thus, t,, can be obtained by

c+1 C e \ 7
tm = t2 .
( 2 k)\ccp+ " 1)

Since tp = 0,

and

oo (exi [ c Let1 [ ¢ \T
2 2 Vkxco ' 2 \krey

(5.20)

(5.21)

(5.22)
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2

_ 2c-{-l C -
B 2 \kXcyp '

Therefore, by induction, we obtain

2
c+1 C !
m — . 2
t (m 5 k/\ccp) (5.23)

That is, for the selected X and ¢, the sequence of optimal checkpoint placements

tm, m =1,2,3,..., where ty = 0, can be obtained by Equation (5.23).

The graphs that illustrate the influence of k, as predicted by Equations (5.8),
(5.9), and (5.10), on the checkpoint interval, are shown in Figure 5.2.

From Figure 5.2 (a)—(c), the results show that, as k increases, the checkpoint
frequency decreases. On the other hand, when the application performance becomes
a criterion (Figure 5.2 (d)—(i)), more nodes are needed in order to improve the
performance, resulting in lower reliability. Hence, more checkpoints are needed to
mitigate the effects of failurcs, leading to a smaller checkpoint interval. It can also
be seen that the checkpoint interval decreases when A increases (an increase in A
decreases the reliability of the system). Furthermore, when comparing the graphs
horizontally, it is seen that as ¢ increases, the checkpoint interval decreases because

the system becomes less reliable. Therefore, more checkpoints are needed.
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(a)—(c) k is

predicted by the maximal reliability expressed by Equation (5.8); (d)—(f)
k is predicted by the desired performance with fixed workload expressed
by Equation (5.9); (g)—(i) k is predicted by the desired performance with

scalable workload expressed by Equation (5.10).

5.3 Performance

In Section 5.1, the mathematical models (Equations (5.8), (5.9), and (5.10))

to derive the optimal number of nodes based on different criteria have been presented.

The previous models did not consider the effect of a failure on the application per-

formance. However, it is possible that there will be failure occurrence during the




computation. This will impact the application performance due to the recomputing
time. As a result, both the effect of reliability and application performance are
considered in this section. Thus, the reliability-aware performance model can be

denoted as follows:

)

Tp + E[Tbk]

r =1 — —— 5.24
T ¥ E|Tn] (5.24)

where E[Ty] is the expected recomputing time for an application running on k nodes,
and T is the expected recomputing time for an application running on a single node.

These recomputing times can be expressed as

Tp
/ LF(t, k) dt
0

ElTw = (5.25)
flt, k)dt
0
1 1 c 1 e —kats
FNE 7(c,k/\TP> k,\TP e *Mp
_ s , (5.26)
and ) ) .
e 7(;”5) - 3T
E[Tbl] = 1 _ e_AT;:) 3 (527)

where y(z,y) is a lower incomplete gamma function, y(z,y) = / ’ t*" et dt.
0
Despite the costs of checkpoint and recovery, it would be of interest to deter-
mine if the checkpoint/restart mechanism can increase the application performance
by shortening the recomputing time.

Let E[W] and E[W;] be the expected wasted time on a k-node and a single-

node systems, respectively. If the i node is replaced at the j* restart, by substituting
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Equations (5.20) and (5.21) into Equation (5.18), we obtain

oo t
EWd = / C/Vf_md’r"'(ﬂ ‘—‘C_‘—c_—l‘—FR kdctele ®M gt
0 oVC pkict

> 2 c c
= C_*_—l\/Cgok)\ct’%lk)\ctc"le'kM dt
0

= Co —1, —kAt
t€ dt
+/0 Vk)\ctc*lk)‘c e

+ / RkXctele kA qdt, (5.28)
0

Let u = k A t¢. Thus,
2 ©ru NS
E[Wk] = C—{-—IVC(pk/\C/O (H) e “du
C(.p oo u _C;cl —u
+Vk)\c/ E"X) e du
+R/ “Ydu

2 \/Cpk)\c/ (5241)-1,-u gy,
c+1 kN5

/22 (k)\)ckl/ u% e du
0

(5.29)

Therefore,

EWy = —2 YCoepfetl N € 1 ety p o (530)
c+1 (kX)z 2c 36

where I'(2) is a gamma function.

From the property of the gamma function (I'(z + 1) = 2T'(z)), we have

c+1 c+1_(c+1
F( 50 +1)— 5e F( 50 ) Hence,

E[Wi] = k/\)% \/E;F(C;rcl) +R. (5.31)
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Similarly,

2 Co_[c+1
= - . .32
E[W1] e . I‘( 5 )+R (5.32)

The application performance can be expressed as

_ Tp + E[Wk]
Ts + E[Wl] .

Therefore, the change in performance is given by the following expression:

_ . Tp+ B[] Te+EW
P.—P = - .
T+ E[Tbl] Ts + E[Wl]

(5.34)

To study the impacts of checkpoints on the application performance for the
predicted k values, Figure 5.3 illustrates the reliability-aware performance that the
application will achieve during deploying or not deploying checkpoints (evaluated by
Equations (5.24) and (5.33)). Again, Figure 5.3 (a)—(c) illustrates the performance
for various values of ¢ and A when k is predicted by Equation (5.8); Figure 5.3 (d)—(f)
shows the performance when k is predicted by Equation (5.9); and Figure 5.3 (g)—(i)
presents the performance when k is predicted by Equation (5.10). It is obvious that,
on a large scale system, when deploying checkpoints, the application performance is

better than it will be without checkpoints.



B Porfwio cipt | Pod wio cipt B Perf wio cipt
€=11 | @ Perfwith cipt €= 15 | @ Parfwithckpt €= 1.7 | @ Perfwith ckpt
] o o
g ) E
m o o
E ° - E 3
© E ® ©
< o (-]
%3 %o %3
E : E : E :
o o o
e o o
° o001 ° o001 0.0005 00002  0.0001 ° 0001 00005 00002  0.0001
Lambde Lambda
()
| Perf wio ckpt
€= 17 | @ Perfwith ckpt
. -} Q =
g «© 3 < g o
§o e 83
< o o
53 %3 53
E : g : g :
o (-] <
o ° o
° oo °  ooot 00005 00002  0.0001 S oo0t 00005 00002  0.000
Lambda Lambda
= Perf wio ckpt
€= 17 | m Perfwihckpt
o e 2 e
2 §° 2
5 ® O o g ©
- $s H
£ i gq
o < o
5 3 3 s
E : E : g :
e ° o
° oot 0.0005 0.0002 0.0001 ° a0 0.0005 0.0002 0.0001 ° o001 0.0005 0.0002 0.0001

() (h) (i)

Figure 5.3: Comparison of application performance when: (a)-(c) k is predicted by
the maximal reliability expressed by Equation (5.8); (d)—(f) k is predicted
by the desired performance with fixed workload expressed by Equation
(5.9); (g)-(i) k is predicted by the desired performance with scalable
workload expressed by Equation (5.10).

Additionally, in Figure 5.3 (a), the system can gain less performance than that
shown in other figures because, for the maximal reliability, Equation (5.8) suggests

very few number of nodes.
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5.4 Real-World Case Study

In this simulation, the optimized matrix multiplication algorithm given by [30]
is analyzed as a case study, where the matrix size is 223 x 223 elements. Therefore,
Ts is approximately 30 days; i.e., twice as long as the previous example. Moreover,
the proportions of Tk, Typ, Tpy, Tc, and Tpo to Ts are 0.7458, 0.0122, 0.0172,
0.2247, and 0.05, respectively. In addition, fgyp = fpy = 1 and fc = 0.78. These
numbers are obtained by the performance model and code analysis presented in [40].
Furthermore, we assume that both host and device memory units are very large.

To illustrate the influence of k values that are predicted by Equations (5.8),
(56.9), and (5.10) on the checkpoint interval, we plot the graphs shown in Figure 5.4.

Similar to Figure 5.2, from Figure 5.4 (a)—(c), our study shows that, as k
increases with c, the checkpoint interval decreases. Although, as shown by Figure 5.4
(d) - (i), k does not increase with ¢, more nodes are suggested in order to improve
the performance. As a result, the reliability decreases, and more checkpoints are
needed, which leads to smaller checkpoint intervals. Furthermore, as A is also a critical
factor in the reliability model, when X is very small; for instance, A = 1/(1000yrs),
checkpoints may not be needed (as shown by Figure 5.4 (a) and (g)). On the other
hand, when A is large, the checkpoint interval is very small, indicating that the system

may take too much computation for checkpointing and may cause a performance drop.
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Figure 5.4: Time between two consecutive checkpoints for the case study when: (a)-
(¢) k is predicted by the maximal reliability expressed by Equation
(5.8); (d)—(f) k is predicted by the desired performance with fixed
workload expressed by Equation (5.9); (g)—(i) k is predicted by the desired
performance with scalable workload expressed by Equation (5.10).
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To study the impacts of checkpoints on the application performance for the
predicted k values, Figure 5.5 illustrates the reliability-aware performance that the
application will achieve during deploying or not deploying checkpoints (evaluated by

Equations (5.24) and (5.33)).
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Figure 5.5: Comparison of application performance for the case study when: (a)-(c) &
is predicted by the maximal reliability expressed by Equation (5.8); (d)—(f)
k is predicted by the desired performance with fixed workload expressed
by Equation (5.9); (g)—(i) k is predicted by the desired performance with

scalable workload expressed by Equation (5.10).
Figure 5.5 (a)—(c) illustrates the performance for various values of ¢ and A,
when k is predicted by Equation (5.8). As Equation (5.8) gives k = 1 when ¢ = 1.1,
there is no performance gain. Besides, since k increases with ¢, the performance in
Figure 5.5 (c) is larger than in Figure 5.5 (b).

Nontheless, the checkpoint can be

advantageous only when A and c are small.
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Figure 5.5 (d)-(f) shows the performance when & is predicted by Equation
(5.9). In this case, k is large, leading to high performance but very low reliability.
The system spends too much time handling the checkpoint processes. Therefore, the
checkpoint can be beneficial only when ¢ is small enough and A is very small.

Similarly, Figure 5.5 (g)-(i) presents the performance, when k is predicted by
Equation (5.10). Since k suggested by Equation (5.10) is not as large as that by
Equation (5.9), the performance is lower. However, in this case, the checkpoint can

be more advantageous when X is small.

5.5 The Model with an Excess Weibull

In Section 5.1, the system that can function until the first failure has been
considered. In reality, however, after a failure occurs at one node, the other nodes
continue to function. As a result, after the j** restart, the time-to-failure, z;;, of the
it" node that did not fail has an excess life distribution [14], [15]. Hence, the failure
intensity can be described as
( kXctele kM if the it* node is replaced

at the j** restart,

Ae Y (ziy + t)e-le A i@ t0™=25] if the i*h node is not replaced

at the j** restart,

(5.35)

and the probability of survival can be expressed as

" e kA if the i** node is replaced at the j* restart,
S(t) =

k c c
e T 40°=55] i the 4t node is not replaced at the 7 restart.

(5.36)
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sth

If the i*" node is not replaced at the j** restart, the checkpoint frequency

function becomes

k
n(t) = % ACZ(% +)el. (5.37)

Again, substituting Equation (5.37) into Equation (5.15), we obtain

tm k
1= \/“0_2.‘:’ / S (s + £y dt. (5.38)
tm-1 .

=1

Equation (5.38) can be solved numerically by varying t,, and t,, ;. Moreover,
the performance of the application can be evaluated as described by Equations (5.24)

and (5.33). However, in this case, the expected recomputing time on a k-node system,

E[Tu], becomes

Tp K .
\e / £S (s + 1) e Shmllm e gy
0>

_ i=1
E[Ty] = 1 — e Tk (@i +tye—ag,] : (5.39)

For a single-node system, the excess time after the j** restart is denoted by

z;. Therefore, E[T};] becomes

Az§ 1 . 1 c ~A[(z;+Tp)°~5]
Y ‘Cw/\(iEjJrTP) A GRRE —Tpe "0 P ™%

1 — e~ Az +Tp)*~zj] ’

e
1
CAc

E[Tbl] ==

(5.40)

where v(z,y) is a lower incomplete gamma function.

In addition, The expected wasted time E[W] and E[W);] becomes

EW,] = /Cpr3cde Ty

k k

o0 t
/ Z(mij + 1)t e"\ELl(IiJ‘H)C/ Z(xij + 7)e-1dr | dt
0 0

=1 =1

(zy; + t)el e Tima(@s+t) g

o0
+ C’cp)\ce’\ZLIxfz’/

k
i=

+ R, (5.41)
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and

2 Cp e c+1 c+1
EW)] = — /22 &% DY B , ,
(W] Ve ®© [I‘( 5 ) ~/< 5 ;/\.L])>]+R (5.42)

By solving Equations (5.39), (5.40), (5.41), and (5.42) numerically, one can
determine, from Equation (5.34), the change in application performance due to the

checkpoint /restart mechanism.

5.6 Conclusion

In the real world, application performance and system reliability are key factors
that influence large scale HPC applications. However, as the application performance
increases with the number of nodes, the system reliability decreases. The impacts of
these two critical factors on a heterogeneous HPC system, where the failure intensity
of each node follows a Weibull distribution, are studied. Several models have been
proposed in order to determine an optimal number of nodes based on three different
criteria: maximal reliability, the desired performance of an application with a fixed
problem size, and the desired performance of an application with a scalable problem
size. In addition, a checkpoint scheduling model for a heterogeneous system with
k nodes has been presented. Moreover, we have shown that the checkpoint/restart
mechanism based on our checkpoint scheduling model can increase the performance

of an application when failures occur as long as ¢ and X\ are small.



CHAPTER 6

GPGPU OPTIMIZATION

One of the major concerns in GPGPU optimization is coalescing in global
memory. The data to be operated by the GPU multiprocessors are stored in the
GPU’s DRAM called global memory. Since the global memory is an off-chip memory
unit, global memory access is very expensive. In some cases [3], it may take over 400
clock cycles to read coalesced data (the déta that are aligned properly in the global
memory) required by all threads in a “warp”, which is a group of threads that execute
instructions simultaneously (See more detail in Section 6.1.). For uncoalesced data
access, it will take much longer due to multiple round-trip accesses. Consequently, un-
coalesced global memory access prolongs the memory latency, resulting in a decrease
in GPGPU application performance [3].

There are several existing techniques that attempt to reduce the latency due to
uncoalesced global memory access. A common way to solve this issue is to promote
the use of shared memory. However, shared memory is much smaller than global
memory and can lead to bank conflicts in shared memory. This happens when the
bandwidth of the shared memory is too small to serve multiple data accesses at a

time [3].
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Another performance improvement technique is memory rearrangement. This
technique aims to re-align data in global memory such that they are coalesced before
data access during kernel execution.

This research proposes memory rearrangement techniques to remedy uncoa-
lesced global memory access patterns by using 2-dimensional matrix transpose and
3-dimensional matrix permutation. The proposed techniques can be applied to many
common memory access patterns. The cost benefit of these techniques will also
be discussed in detail. Moreover, the analytical results reveals that the proposed

techniques are beneficial if the transformed array/matrix is frequently accessed.

6.1 Coalescing VS Uncoalescing

To understand the memory access patterns in the GPU, there are two termi-
nologies that have to be introduced in this section: coalescing and uncoalescing.

For the most cfficient data access, the data requested by threads in a warp
should be aligned properly in the same segment, which is called coalesced memory
alignment.

Figure 6.1 illustrates the coalesced and uncoalesced memory access patterns.
Figure 6.1 (a) shows the array/matrix elements required by threads in a warp (rep-
resented by light blue arrows) are aligned in the same segment 0 — 31. This access
pattern is called coalesced memory access. On the other hand, Figure 6.1 (b) shows
a single stride uncoalesced memory access pattern with an offset of f and a stride

of d. That is the array/matrix elements accessed by threads in a warp start at the
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ft* element, and each access is skipped by d elements. Listing 6.1 shows the sample

GPU code that generates this single stride memory access pattern.
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Figure 6.1: Memory access pattern categories: (a) Coalesced memory access, (b) Sin-

gle stride uncoalesced memory access, and (c) Double stride uncoalesced
mMemory access

Listing 6.1: GPU code that generates a single stride memory access pattern
1 idx = blockldx.x * blockDim.x + threadldx.x;
2 Clidx] = Alidx] + B[d * idx + {];

For a double stride uncoalesced memory access pattern, as illustrated by Figure
6.1 (c), there are two stride parameters, d; and d;. Again, the array/matrix elements
requested by threads start at the f** element, and the two consecutive accesses are
separated by d; elements. However, the next thread block will request for the set of

elements that is d; separated from the previous set of elements. The sample GPU
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code that generates a double stride memory access pattern is shown in Listing 6.3,
which is translated from the CPU code with double loops (two iterative parameters)

in Listing 6.2.

Listing 6.2: CPU code with a double stride memory access pattern
1 for i = 0; i < Count_i; ++i do
2 for j = 0; j < Count_j; ++j do

3 Cli+j) = B[d4i*i + dj*j];
4 end
5 end

Listing 6.3: GPU code that translated from the CPU code in Listing 6.2, which
generates a double stride memory access pattern

1 xidx = blockldx.x * blockDim.x + threadldx.x;

2 yidx = blockldx.y * blockDim.y + threadldx.y;

3 C[xidx + (n-C * yidx)] = B[(d-1 * xidx) + (d-2 * n_B * yidx) + {J;

Since the uncoalesced memory access pattern causes the data needed by a
warp to be scattered in the memory, the warp needs multiple round trips in order to
access all the data required. Consequently, the memory latency is prolonged, which

decreases the application performance.

6.2 Memory Rearrangement
In this section, the techniques for solving uncoalesced global memory, called
memory rearrangement, are described. These techniques deploy matrix transpose
for a 2D matrix and permutation for a 3D matrix. The uncoalesced memory access
problems are categorized by the number of strides. In this research, only two problem

cases are discussed: single stride and double stride access patterns.
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6.2.1 Single Stride

From the GPU code in Listing 6.1, the elements of matrix B are read by the
stride d and the offset f. To eliminate the uncoalesced global memory access, a 2D
matrix is constructed such that the width of the 2D matrix is equal to the stride d.
Note that, for the best utilization, Count should be a multiple of a warp size, Sw.
The example is given by Listing 6.5, which is the GPU code translated from the CPU

code in Listing 6.4, and illustrated by Figure 6.2.

Listing 6.4: Array access pattern with a single stride (CPU code)
1 for i = 0; i < Count; ++1i do

2 C[i] = Ali] + B[3 *i + 5];

3 end

Listing 6.5: Array access pattern with a single stride (GPU code that is a
parallel version of the CPU code in Listing 6.4)

1 idx = blockldx.x * blockDim.x + threadldx.x;
2 Clidx] = Alidx] + BJ[3 * idx + 5];

The CPU code in Listing 6.4 can be written in parallel GPU code as shown
in Listing 6.5. The elements of matrix B are read by the stride d = 3 and the offset
f = 5 as shown in Figure 6.2 (a). Figure 6.2 (b) shows the 2D matrix with the width
equal to the stride d = 3. The 2D matrix is transposed, resulting in the transformed

array with the coalesced access pattern illustrated in Figure 6.2 (c).
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Figure 6.2: Array B transformation associated to the sample code in Listing 6.4 and
6.5 (a) The original array; (b) The 2D matrix is constructed; (c) The
transformed array.

Similarly, each of the matrices in Listing 6.6 has a stride d = 3. Therefore, the

technique illustrated in Figure 6.2 must be applied to arrays A, B, and C.

Listing 6.6: Array access pattern with a single stride in a loop-statement
1 for i = 5; i < Count; i += 3 do

2 Cl[i] = Ali] + BJi];

3 end

In a specific case as shown by Listing 6.7, B is a 2D matrix in which only
the elements in the diagonal line will be accessed. Hence, the reference address of an
element in B can be determined by ref = Bling +i] = B[(ng + 1)i], where np is the
width of matrix B. That is, the stride d = ng + 1. Then the technique illustrated in

Figure 6.2 can also be applied to this case as shown in Figure 6.3.
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Listing 6.7: An access pattern that requires only elements on the diagonal line
of a 2D matrix

1 for ¢ = 0; i < Count; ++i do

2 Cfi = BIl;

3 end

nB+l
f—_——&_ﬁ
1121314
6171819
11112}13}]14
(a) (b)

Figure 6.3: Transformation of the 2D matrix that only the elements on the diagonal
line are accessed as given by Listing 6.7; (a) Original Layout, (b) Modified
matrix with the width of ng + 1.

6.2.2 Double Strides

For this problem category, a 3D matrix structure has to be introduced in order
to further describe the double stride memory access patterns.

From a 3D matrix shown in Figure 6.4, the reference address of an element in
the matrix can be determined by ref = znp + yp + z, where z is the counter that
counts along the height (m) of the matrix, y is the counter that counts along the
width (n) of the matrix, and k is the counter that counts along the depth (p) of the
matrix. This implies that the threads in a warp will access elements along k-direction.
Given a CPU code shown in Listing 6.2 with two iterative parameters, where d; is the
stride on the outer-loop and d; is the stride on the inner-loop, this problem category

can be classified into two sub-categories: when d; < d; and d; > d;.



82

Figure 6.4: 3D Matrix

From the sample code shown in Listing 6.8, there are two strides d; = 2 and
d; = 6, i.e.,, d; < d;. A 3D matrix should be constructed such that the depth of
the matrix (k**-dimension) p = [D—‘”%;&EQ‘I, where the height m = d; and the width
n = d;/d;. In addition, since p implies the number of elements required by threads

in a block, p should be equal to a multiple of Sy, .

Listing 6.8: An access pattern where d; < d;

1 for i = 0; i < Count_i; ++1 do
2 for j = 0; 7 < Count_j; ++j do

3 Cli+j] = B[2*i + 6%j];
4 end
5 end

Figure 6.5 shows the outcome of 3D matrix permutation associated with the
sample CPU code in Listing 6.8. From the original layout illustrated by Figure 6.5
(a), the 3D matrix is constructed as shown by Figure 6.5 (b) and permuted by the
order of [2,3,1]. Normally, the dimensional order of a 3D matrix is represented by
[1,2,3], i.e., 1 represents the height, 2 represents the width, and 3 represents the depth

of the 3D matrix, respectively. In this case, the 3D matrix is permuted with the order
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of [2,3,1], which means that the height of the matrix becomes the depth, the width
becomes the height, and the depth becomes the width. Therefore, the permuted 3D
matrix is presented by Figure 6.5 (c), where the final memory layout is shown by

Figure 6.5 (d).

EH H M B m ik iH W Mmoo

(d)

Figure 6.5: 1D array with double strides where d; < d;; (a) The original layout, (b)
The 3D matrix with m = d;, n = d;/d;, (c) Permuted 3D matrix with the
order of [2,3,1], and (d) The final layout.

For the case that d; > d; (The sample code is shown by Listing 6.9 and the

memory layout is illustrated by Figure 6.6 (a).), the 3D matrix can be constructed
such that m = d;/d;, n = d;, and p = {Qﬂ%‘i’i’g] as shown in Figure 6.6 (b). Then

the permutation can be performed with the order of [2,1,3] as shown in Figure 6.6 (c).

Hence, the outcome of the proposed technique is presented by Figure 6.6 (d).
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Listing 6.9: An access pattern where d; > d;

1 for i = 0; i < Count._i; ++1i do
2 for j = 0; j < Count_j; ++j do

3 Cli+j] = B[8*i + 2%j};
4 end
s end

/y/mmmm
SO 11113115

dnmmm
]
(c)
T 151 I (S [1i]13]15) 17]19121123]

(d)

Figure 6.6: 1D array with double strides where d; > d;; (a) The original layout, (b)
The 3D matrix with m = d;/d;, n = d;, (c) Permuted 3D matrix with
the order of [2,1,3], and (d) The final layout.

To describe an access pattern of a 2D matrix as shown by the sample code in
Listing 6.10, let the dimension of matrix C' be ng X m¢, and the dimension of matrix
B be ng x mpg. From the code in Listing 6.10, the index of C' can be determined
by inc + j. If ng is a multiple of warp size, Sy, C is coalesced. Otherwise, C is
uncoalesced and should be reconstructed, such that ng x me = ng; x mg, where ng

is equal to a multiple of Sy .
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Listing 6.10: Access pattern of a 2D Matrix

1 for i = 0; i < Count_i; ++i do
2 for j = 0; j < Count_j; ++j do

3 Cli][i] = B[3*i][2*j];
4 end
5 end

As shown by Listing 6.10, the index of B can be determined by 3ing + 2.
That is, the strides d; = 3np, and d; = 2. Therefore, d; > d;. Thus, the technique
shown in Figure 6.6 can be applied to this case as shown in Figure 6.7. Additionally,

every warp will be coalesced if C'ount; is the a multiple of Sy .

T
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Figure 6.7: 2D matrix with double strides; (a) The original layout, (b) The final
layout after 3D matrix permutation with the order of [2,1,3].
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After performing the rearragement process, the outer-loop ¢ can be distributed
among thread blocks, while the inner-loop j is distributed among threads in a block.
In summary, the algorithm explaining the proposed technique is given by
Listing 6.11. This algorithm describes the approach to solve both single stride and

double stride global memory access patterns.
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Listing 6.11: An algorithm of matrix transformation to eliminate an uncoa-
lesced global memory access pattern

1 Detect whether it is a single-stride or a double-strides access pattern by the
depths of the nested loop

2 if single-stride then

3 Detect the stride d and the offset f

4 Construct a 2D matrix, where:

5 l.n=d

6 2. the first position of the matrix = f

7 Transpose the 2D matrix

8 end

9 else if double-strides then

10 Detect the stride d; and d;, and the the offset f

11 if d; < d; then

12 Construct a 3D matrix, where:

13 1. m= di

14 2. n= dj / d,,

15 3. the first position of the matrix = f

16 Permute the 3D matrix with the order of [2,3,1]
17 end

18 else if d; > d; then

19 Construct a 3D matrix, where:

20 1. m=d;/d;

21 2. n=d;

22 3. the first position of the matrix = f

23 Permute the 3D matrix with the order of [2,1,3]
24 end

26 end

6.3 Analytical Models
To discuss the cost of matrix transpose/permutation in order to eliminate
uncoalesced global memory access patterns, it has to be considered whether the data

size is known (predetermined) or unknown before the GPGPU run-time.

6.3.1 Predetermined Data Size
In case the data size is predetermined before the run-time, the proposed

technique can be done during the compile-time on the CPU. In the case of a single
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stride access pattern, an algorithm of the 2D matrix transpose as shown by the

algorithm in Listing 6.12 yields the complexity of O(nm).

Listing 6.12: An algorithm for 2D matrix transposition on a CPU

1forz=0;2< m; ++z do
2 fory =0,y <n; ++y do

3 Atlyllx] = A[y];
4 end
5 end

In the case of a double stride access pattern, a 3D matrix permutation algo-
rithm on a CPU with the order of [2,3,1] is given by Listing 6.13. Therefore, the

complexity of a 3D matrix permutation is O(nmp).

Listing 6.13: An algorithm for 3D matrix permutation on a CPU with the
order of [2,3,1]
1 forz=0,z<m; ++z do

2 fory =0,y <n; ++y do

3 for 2 = 0; z< p; ++z do
a A-plyllz][x} = Alx]lyllz];
5 end

6 end

7 end

In summary, if the data size is predetermined, the complexity of the compile-
time will increase by O(nm) for a single stride access pattern, and O(nmp) for a
double stride access pattern. It is possible that n, m, and p will multiply the matrix
transformtion overhead, but the transformation is done only once. Therefore, the
break-even point between the performance gain from the matrix transformation and

the overhead have to be considered.
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6.3.2 Unknown Data Size
If the data size is not predetermined before the run-time, the proposed tech-
niques have to be applied during the run-time. This section describes the cost analysis

to determine the break-even point and benefit of the proposed technique.

6.3.2.1 Single Stride

For the single stride access pattern, the 2D matrix transpose is performed
to eliminate the uncoalesced global memory access. An optimized matrix transpose

program is illustrated by Figure 6.8 and given in CUDA SDK [30].
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Figure 6.8: Tiled 2D matrix transposition where (a) is the original matrix and (b) is
the transposed matrix
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In the performance models in the previous work, which presents the mathe-
matical models for estimating the GPU run-time with the effects of many parameters

and characteristics [40], the kernel execution time depends on the following factors:

nm

The grid size, Sg = ————,
* & G = TILEDIM

where n and m are the width and height of
the matrix, respectively. In addition, the shared memory size is TILE_DIM X
TILE DIM.

e The block size, Sp = TILE.DIM x BLOCK_ROWS, where TILE_DIM is an integral

multiple of BLOCK_ROWS. Furthermore, BLOCK_ROWS is an integral multiple of the

. TILEDIM
warp size, Sw. Therefore, each thread handles ————— elements.
BLOCK_RDWS

e The memory latency in the kernel,

TILE_ DIM

= BLOCK_ROWS (Coal_read + Smem_write + Coal write + Smem._read),

M
where Coal_read is the time that a warp reads the data from global memory
coalescedly, and Coal_write is the time that a warp writes the data to global
memory coalescedly. Moreover, Smem_read is the time a warp reads the data

from shared memory, and Smem_write is the time a warp writes the data to

shared memory.

TILEDIM

e The computing time in the kernel, T¢ is a function of ———.
BLOCK_ROWS

Mostly, this matrix transpose program spends more time to move data in and
out of global and shared memory. Therefore, the kernel execution time of the matrix
transpose, Tirans, 18 @ function of memory accesses, TILE_DIM, BLOCK DIM, and the

matrix size as described by Equation (6.1).

nm Coal_read + Coal_write + Smem_read + Smem_write
NsyuNgp TILE_DIM x BLOCK_ROWS

(6.1)

T1trans ~
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6.3.2.2 Double Strides

The double stride access pattern can be eliminated by 3D matrix permutation,
which can be considered in two cases: permuting the matrix by the order of (2,1,3] and
permuting the matrix by the order of [2,3,1]. For permuting the matrix from [1,2,3]
to [2,1,3] the third dimension is fixed. Hence, the 2D matrix transpose can be applied
to each slice along the third dimension [41]. Therefore, T}qns can be approximated
by Equation (6.2).

nmp Coal_read + Coal write + Smem_read + Smem_write
NsyNrp TILE_DIM x BLOCK_ROWS '

(6.2)

7}7‘(11’18 ~

However, for permuting the matrix from [1,2,3] to {2,3,1], the grid size can be

n
i i N —— TI IM—1 TILEDIM-—1).
approximately determined by S¢ TILE DIIE (p+ TILED Ym + D )

Thus, Tirens can be approximated by Equation (6.3).

nmp(TILE DIM)
NgaNrs(BLOCK_ROWS)

Tirans = -(Coal_read+Coal write+Smem_read+Smem_write).

(6.3)

6.4 Results and Cost Analysis
In this section, the effects of uncoalesced memory access are studied based on
the proposed technique using sample code in Listing 6.5. They are analyzed in two
cases: when the data sized is known and unknown before the run-time. However, in
the double stride case, the outer-loop can be distributed across thread blocks, the

analytical results of single and double stride cases are not significantly different.
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6.4.1 Predetermined Data Size

Assuming that the data size is known before the run-time, the matrix transpose
is done during compile-time and is not taken into account here. The results are shown
in Table 6.1. It is obvious that the kernel execution time with the original memory
access is longer than the kernel execution time with the access to the transformed
memory alignment. For instance, to access 2'® elements, the original memory latency
is 0.03 ms longer than the transformed memory latency. Additionally, the original
memory access to 220 elements access takes 0.09 ms longer than the transformed

memory access. Thus, the performance gain is on average over 25 percent.

Table 6.1: The comparison between the kernel execution times based on our technique
using the sample code in Listing 6.4 with the original memory access and
transformed memory access.

Count Original memory | Transformed memory | Performance gain
(elements) | latency (ms) latency (ms) (%)
64K 0.03 0.02 33.3
128K 0.04 0.03 25.0
256K 0.08 0.05 37.5
512K 0.14 0.10 28.6
M 0.27 0.18 33.3

6.4.2 Unknown Data Size and Break-even Analysis

In the case that the data size is unknown before the run-time, the time of
matrix transpose has to be considered. Table 6.2 shows the effect of transformed
memory access using 2D matrix transpose. It is seen that the 2D matrix transpose
(Run-time overhead) takes longer than the time gained from transformed memory

access. Thus, this technique will not be beneficial if the transformed memory is
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accessed only once or twice. However, it can be beneficial if the transformed memory
is accessed frequently.

For example, to access 2'® elements, the 2D matrix transpose takes 0.091 ms,
which is over 3 times the performance gain from the transformed memory access.
Hence, the proposed technique is beneficial if the transposed matrix is accessed at

least 4 times.

Table 6.2: The comparison between the performance gain from the transformed
memory access to the time of 2D matrix transpose

Count Performance gain Run-time overhead
(elements) | from the transformed memory access (ms) (ms)
64K 0.01 0.028
128K 0.01 0.048
256K 0.03 0.091
512K 0.04 0.173
M 0.09 0.340

6.5 Conclusion

Optimization is a challenging problem. Uncoalesced memory access is one
of the issues that decreases the performance of GPGPU applications. To reduce
memory latency due to uncoalesced memory access patterns, the memory rearrange-
ment techniques using matrix transpose/permutation are proposed. The patterns are
categorized by the number of strides. For a single stride memory access pattern, a
2D matrix associated with the stride is constructed. Then 2D matrix is transposed
to rearrange the data in global memory. For a double stride memory access pattern,
a 3D matrix is constructed and 3D matrix permutation is performed. The analytical

models have been discussed, considering whether the data size is predetermined. If
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the data size is known before the run-time, the proposed techniques can be applied
during the compile-time. Otherwise, the proposed techniques have to be performed
at the run-time. Our analytical results have shown the performance gain and the
break-even point for the proposed techniques.

Since the proposed techniques can be the most advantageous when the data
size is predetermined, the future work is to predict the data size required by a GPU
kernel execution and detect memory uncoalescing that may occur during the kernel

execution.



CHAPTER 7

CONCLUSIONS AND FUTURE WORK

Due to the rapid increase in computational performance required to handle
massive data sets, GPUs have been deployed in several HPC systems. GPUs can pro-
vide highly parallel computation via several multithreaded processors. However, there
are a few studies that give an insight on both GPGPU performance and reliability.

This dissertation has presented streamed checkpoint/restart (CPR) protocols
for GPGPU that utilize CUDA stream to reduce the checkpoint and recovery costs
in order to minimize the total wasted time. Furthermore, the study has revealed
that even though the costs can be reduced, streamed CPR may not be beneficial in a
long-running application since the wasted time is dominated by the recomputing time.
Consequently, a checkpoint scheduling model to minimize the recomputing time has
also been proposed.

In order to derive effective checkpoint scheduling models, an application run-
time is required. Therefore, a performance model for predicting a GPGPU application
run-time has been proposed in this dissertation. This performance model improves the
kernel execution time estimation by considering different memory access types and
the impacts of other factors such as synchronization functions, branch divergence,

and bank conflicts. The results have shown that this performance model can achieve
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higher accuracy when the data size is predetermined and especially, practically large
enough.

Furthermore, in this dissertation, the impacts of application performance and
system reliability on a heterogeneous HPC system have been studied. Due to the
fact that the application performance increases with the number of nodes while the
system reliability decreases, the models to determine an optimal number of nodes
have been proposed. These models are created based on three different criteria:
maximal reliability, the desired application performance with a fixed problem size
and a scalable problem size. In addition, the analytical results have indicated that
the checkpoint /restart mechanism based on the proposed checkpoint scheduling model
can increase the application performance when failures occur.

Moreover, this dissertation has presented an optimization technique to reduce
memory latency caused by uncoalesced memory access patterns. This technique uses
matrix transformation to rearrange data resided in the GPU’s global memory. The
optimization overhead can be estimated by the proposed analytical model. The
analytical results have shown that this technique can be beneficial when the data
size is predetermined or the transformed data are frequently accessed.

In the future, we hope that the models proposed in this dissertation will be
implemented at compiler level to achieve automatic checkpoint and optimization tools

at compile-time.
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