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ABSTRACT

General Purpose computing on Graphic Processing Unit (GPGPU) gained atten-
tion in 2006 with NVIDIA’s first Tesla Graphic Processing Unit (GPU) which could
perform high performance computing. Ever since, researchers have been working on
software and hardware techniques to improve the efficiency of running general pur-
pose applications on GPUs. The efficiency can be evaluated using metrics such as
energy consumption and throughput and is defined based on the requirements of the
system. I define it as obtaining high throughput by consuming minimum energy.

GPUs are equipped with a large number of processing units, a high memory
bandwidth, and different types of on-chip memory and caches. To run efficiently,
an application should maximize the utilization of GPU resources. Therefore, a good
correspondence between the computing and memory resources of the GPU and those
of application is critical. Since an application’s requirements are fixed, the GPU’s
configuration should be tuned to these requirements. Having models to study and
predict the power consumption and throughput of running a GPGPU application on
a given GPU configuration can help achieve high efficiency.

The main purpose of this dissertation is to find a GPU configuration that best
matches the requirements of a given application. I propose three models that pre-
dict a GPU configuration that runs an application with maximum throughput while
consuming minimum energy.

The first model is a fast, low-cost and effective approach to optimize resource allo-
cation in future GPUs. The model finds the optimal GPU configuration for different
available chip real-estate budgets .

The second model considers the power consumption and throughput of a GPGPU
application as functions of the GPU configuration parameters. The proposed model
accurately predicts the power consumption and throughput of the modeled GPGPU
application. I then propose to accelerate the process of building the model using op-
timization techniques and quantum annealing. I use the proposed model to explore
the GPU configuration space of different applications. I apply multiobjective opti-
mization technique to find the configurations that offer minimum power consumption
and maximum throughput.

Finally, using clustering and classification techniques, I develop models to re-
late the power consumption and throughput of GPGPU applications to the code

attributes. Both models could accurately predict the optimum configuration for any



given GPGPU application.

To build these models I have used different machine learning techniques and op-
timization methods such as Pareto Front and Knapsack optimization problem. I
validated the model produced results with simulation results and showed that the
models make accurate predictions.

These models could be used by GPGPU programmers to identify the architectural
parameters that most affect an application’s power consumption and throughput.
This information could be translated into software optimization opportunities. Also,
these models can be implemented as part of a compiler to help it to make the best
optimization decisions. Moreover, GPU manufacturers could gain insight on archi-
tectural parameters which would profit GPGPU applications the most in terms of

power and performance and hence invest on these.
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Chapter 1
Literature Review

Graphic Processing Units (GPUs), as the name implies, were introduced to process
3 Dimensional (3D) graphics. Striving for higher performance, the power and ther-
mal limitations of modern Central Processing Unit (CPU)s that prevented achieving
higher clock speed, and the computational capability of GPUs motivated the idea of
performing GPGPU.

NVIDIA, AMD and Intel are three major manufacturers of GPUs. The number
of top 500 supercomputers that were equipped with NVIDIA GPUs increased from 3
to 100 from Jun 2010 to June 2018 [87].

Transforming a CPU code into a GPU kernel!, often requires familiarity with GPU
architecture, major code rewriting and optimization to obtain good performance. As
GPUs were designed to process graphics applications, employing them for general
purpose computing may not necessarily result in achieving speedup.

The challenge of GPGPU programming comes from the fact that GPUs were de-
signed to process streams of independent vertices and texels? utilizing thousands of
simple processing elements. Applications need to meet two key attributes of com-
puter graphic computation to map well on GPUs and obtain good performance; data
parallelism and independence [32]. Applications that meet these requirements may
still suffer from data flow and memory access divergences as performance barriers.
Also, performance of GPGPU applications suffer from control flow divergence [50].
In GPGPU applications, threads running in lock-steps may diverge at control flow

instructions which results in serial execution of two groups of the threads taking dif-

LA kernel is a function that runs in parallel on a GPU.
2texture elements. Texture is the smallest graphic elements which is the digital representation of
the surface of an object.



ferent execution paths. This results in under-utilization of computational resources
and poor performance. Many hardware and software techniques have been proposed
to address these performance barriers and increase the efficiency by exploiting appli-
cation parallelism and efficient thread and memory access scheduling.

To indicate how efficient the execution of an application on a GPU is, one can look
at the performance per watt which is the amount of computation the GPU delivers
by consuming a watt of power. GPUs can reach high performance per watt [52] if the
application’s parallelism and input data size are large enough to utilize the computing
resources and memory bandwidth of the GPU. The achievable performance per watt
depends on the applications characteristics, i.e. computational and memory demands,
and the compute and memory resources of the GPU. If there is a balance between
the two, the application runs efficiently on the GPU.

Our work focuses on exploring application-specific GPU architectures that best
meet compute and memory requirements of the application. To achieve this, we
explore GPGPU design space, model power and performance of GPGPU applica-
tions running on different GPU configurations, develop models to predict application-
specific power-performance optimum GPU configurations. We propose a method to
obtain a configuration that a set of applications benefit from it. We propose tech-
niques to speedup the execution time of the model. Also, we develop a model that pre-
dicts application-specific performance-optimum configuration based on the attributes
of the application code.

Owens et al. in 2008, presented a remarkable paper on GPU computing, its ar-
chitecture, programming model, tools, programming languages and applications [71].
In this chapter we build-up on Owens work and present a review of recent research
on GPGPU.

This chapter addresses the current and future trends and challenges in modeling,
measuring and improving performance and energy efficiency and present innovations
in GPU architecture that broadened GPGPUs applicability by making it possible to
run irregular applications.

The rest of this chapter is organized as follows. In Section 1.2 we review GPU ar-
chitectures. In Section 1.3 we review literature on GPGPU applications performance
measurement, analytical performance modeling, and performance improvement tech-
niques. In Section 1.4 we review previous works on GPGPU design space exploration

methods. Section 1.5 reviews the basics of artificial neural networks.



1.1 Efficiency Metrics

In different models that we present in this dissertation we evaluate the efficiency
that an application can achieve running on different GPU architectures. Therefore,
it is important to define these metrics. We consider two metrics, the average power
consumption and performance for which we measure Instruction Per Cycle (IPC).

Power is the rate of energy, i.e. the energy consumed per unit of time (Joules per
second) and its unit is Watt. For each application running on a GPU architecture, we
report the average power that is consumed for the entire execution of the application.
We use the term ”power” instead of ”the average power consumption” in the rest
of this dissertation. The average power we report includes both dynamic and static
power consumption.

To measure the performance, we use IPC which depends on the benchmark and
the architecture, but not on the technology and represents the rate of computation.
It is worth mentioning that we obtain the power consumption for a particular tech-
nology and we keep the technology constant while we explore the architecture. The
results may be altered if the technology changes. However, the methods will still be
applicable. We use the terms " performance” and ”IPC” interchangeably in the rest

of this dissertation.

1.2 GPU Architecture

GPUs exemplify the SIMD paradigm; Single Instruction Multiple Data (SIMD) ar-
chitecture that exploits data-level parallelism by executing a single instruction on
multiple processing units.

The main difference between the major vendors’” GPUs or accelerators is in the
parallel execution engine design. All the three vendors’ (NVIDIA, Intel and AMD)
devices employ multiple SIMD units that implement hybrid Multiple Instruction Mul-
tiple Data (MIMD)/SIMD structures. Intel uses vector processing units as the core
of its accelerators compute engine while NVIDIA and AMD use Single Instruction
Multiple Thread (SIMT) and Very Long Instruction Word (VLIW) semantics, respec-
tively.

A Vector processor exploits data level parallelism by applying the same operation
on a set of independent data items in parallel. Vector processors operate on long data

vectors with a single instruction to reduce the required fetch and decode bandwidth.



For example, vector add instruction adds two long vectors and stores the results in
third vector. Vector processors were first used in supercomputers to process appli-
cations with large vector size. As the functional unit width of the processors were
smaller than the data vector length, it took multiple clock cycles to complete a single
vector instruction. Therefore, to increase the performance, the functional units were
deeply pipelined. Scientific and graphic applications are good fit to vector processors
as they have large amount of data level parallelism which can be presented in form
of vectors and matrices [39].

The SIMD execution model is very similar to vector processing as in both a single
instruction is performed on multiple independent data elements. However, in SIMD,
wider functional units, e.g. 256-bits or 512-bits wide, are used which can process vec-
tor instructions in one cycle. Therefore, the functional units are not deeply pipelined
that makes them more efficient to operate on shorter vectors compared to vector
processors [39].

The Single Instruction Multi-Thread (SIMT) execution model, introduced by
NVIDIA in 2006, is similar to SIMD as both architectures implement parallelism
by dispatching the same instruction to multiple execution units. However, in SIMD
all the elements of the vector execute together, whereas in SIMT multiple threads
start the execution together and it is possible for individual threads to have their
own execution path. SIMT architecture exploit both inter-task level parallelism as
well as data level parallelism [53].

The difference between Vector processors and SIMT architecture stems from the
way they manage parallel data. In SIMT architecture data level parallelism is con-
verted into thread level parallelism and the programmer only describes the behavior
of a single thread and creates as many copies of that thread as needed. Each thread
has a unique Identification (ID) which is used to access the data and can have its own
program flow.

However, in Vector processors a single thread executes each instruction for all data
elements of vectors or matrices on a vector of Processing Element (PE)s. In vector
programming, the programmer schedules operations on PEs and there is no need
to use synchronization instructions. Each instruction is executed on all PEs in lock
steps. The disadvantage of this is that the programmer needs to know the vector lane?.
size. However, in SIMT programming model, SIMT lane size is transparent to the

programmer and the hardware scheduler decides on the execution order and schedules

3A vector lane is a functional unit with registers



operations on SIMT lanes. Therefore, the programmer needs to use synchronization
instructions wherever the threads need to be synchronized [36].

Memory system efficiency is another difference between the two architectures. In
vector processors, vector strides are important. Vector processors rely on memory
interleaving to supply the huge data bandwidth. If striding is not designed carefully,
then inefficiencies occur. In SIMT architectures, irregular memory accesses causes
the threads to stall on cache misses. Extensive hardware multi-threading mechanism
is used to hide memory system latency.

Intel’s graphic processing units [40] and Many Integrated Core (MIC) architec-
ture [20] support executing compute kernels. The graphic processing units are inte-
grated into the same die that the processors reside while the MIC architectures are

available as separate chips.

Intel® Core Processor

Intel® Processor Graphics Gen9
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Figure 1.1: An Intel Core i7 processor architecture [40)].

Figure 1.1 shows Intel Core i7 processor die that includes four CPU cores, a
graphic processing unit (aka Processor Graphic), a shared last level cache, memory
and display controllers [40]. Each Processor Graphic includes one or more slices each
of which pack 3 subslices. Each subslice has 8 Execution Unit (EU)s that perform
SIMD computation. EUs combine Simultaneous Multi-Threading (SIMT) and SIMD
execution to exploit the parallelism in graphic applications and compute kernels. On
every cycle, each EU can execute up to 16 32-bit Floating Point (FP) operations from
up to four different threads.

Intel’s MIC * architecture uses multiple in-order x86 cores each of which imple-
ments a wide vector processor and scalar unit. Intel’s Vector Processing Unit (VPU)s

execute integer, single and double precision floating point instructions. Consistent

4Many Integrated Core



memory hierarchy also increases the efficiency of inter-processor communication, data
sharing and synchronization. Employing x86 CPU cores, Intel accelerators support
page-faults, irregular application execution and ease the programmability. As CPU
cores support x86 instruction set, the accelerator can run existing codes, operating
systems and applications.

AMD’s Accelerated Processing Unit (APU) combines one or more x86-based CPU
core(s) with a GPU architecture in a single package to increase performance and
energy efficiency [11]. AMD APUs run parallel applications on hundreds of cores
distributed among SIMD Engine (SE)s. Each core executes a thread and implements
a five-way VLIW processor. It means five independent instructions from a thread
can be executed in each clock cycle if the required execution units are available.
Therefore, they are able to exploit both instruction and thread level parallelism. The
performance of VLIW processors can be limited by the amount of instruction level
parallelism of the application.

As we mentioned before, the main architectural difference between NVIDIA and
AMD GPUs is that AMD uses Very Long Instruction Word (VLIW) processing el-
ements [101]. The important performance parameter in VLIW architecture is the
packing ratio which is the ratio of m over n where m is the number of instructions
the compiler can fill in a n-way VLIW processor. A packing ratio equal to one brings
the highest performance. The other difference is in the memory system configuration.
For example, the Radeon HD 5870 has level-1 (L1) and level-2 (L2) on-chip caches
which are used to capture constants and image objects. Fermi does not carry the
limitation on the type of data its L1 and L2 caches can store.

Figure 1.2, Shows the architecture of the Radeon HD 5870. It is composed of 20
SIMD Engines (SEs) each of which can process 248 concurrent set of thread groups
from multiple kernels. Fach SE is equipped with 16 Streaming Core (SC)s, a branch
control unit, 32KB local data cache and has access to a SKB read-only L1 cache.

Each SC consists of four ALUs, one Special Function Unit (SFU), an operand
preparation logic and a set of general purpose registers. The thread dispatch processor
schedules a 64-thread warp to a SE. As each SE has 16 SC, it takes four clock cycles to
execute an instruction from all the threads in the warp. Each SC executes a five-way
VLIW instruction from a thread.

Like AMD, NVIDIA GPUs powered by SIMT engines. In NVIDIA GPUs SIMT

engines are implemented by packing multiple homogeneous Processing Elements (PEs)
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Figure 1.2: Radeon HD 5870 GPU architecture [11].

SFU

in a unit called Streaming Multiprocessor® (SM or SMX). Figure 1.4 shows NVIDIA’s
Fermi GPU architecture. The number of PEs in each SM varies for different NVIDIA
GPUs but the SIMT width is 32 for current GPUs. Therefore, each SM may in-
clude more than one SIMT engines. The PEs of a SM can communicate through a
memory subsystem which is visible to all PEs of the multiprocessor. PEs in different
SMs communicate via a memory subsystem that is shared by all multiprocessors. A
DRAM memory holds the GPU kernel and is shared with all multiprocessors. We
will present a brief history of NVIDIA GPUs later in this section.

5 As Streaming Multiprocessors execute shader programs such as pixel or vertex shaders, NVIDIA
uses the term shader core to refer to a streaming multiprocessor. We use these two terms interchange-
ably.



GPGPU applications usually start their execution by running a single thread on
CPU which is more power and performance efficient in executing applications with low
amount of parallelism. When the application’s execution reaches a parallel section,
which is called a GPU kernel, CPU launches the kernel execution on the GPU to take
advantage of its enormous computing power. When the kernel execution is finished
and the results are available to the CPU, the rest of the application is executed on
the CPU until it reaches another kernel or the execution is finished.

A kernel is the set of instructions inside a loop and each iteration of the loop is
converted into a thread (NVIDIA) or work-item (AMD). Each thread has a unique ID
which is used to access the data stream associated with the thread. Threads of a kernel
are divided into groups called thread-blocks (NVIDIA) or work-groups (AMD). The
size of thread-blocks vary in different architectures. For example, NVIDIA’s Fermi
supports thread-block size of maximum 1536 which is divided into 48 32-thread warps.
Thread-blocks are further organized into smaller groups called warps (NVIDIA) or
wavefronts (AMD). The thread scheduler broadcasts threads to multiple execution
units of the SIMT pipeline. Figure 1.3 shows how threads of a GPU kernel managed
and organized and indicates the terms NVIDIA and AMD use for different thread
hierarchies. As NVIDIA’s GPUs are widely used in supercomputers, desktops as well
as academic studies, from now on, we shall use the terminology NVIDIA uses.

Each warp has one active Program Counter (PC)% and threads in a warp are
executed on the PEs of the SM in lock step that means the execution of the threads
proceeds together. In a given clock cycle, the active PC is used to fetch and execute
an instruction for all the threads in the warp. The PE assigned to each thread accesses
a portion of the register file associated to its thread to obtain the required data. All
the threads in a warp execute the same instruction in a given clock cycle until they
reach a control flow instruction.

When threads execute a control flow instruction, such as a conditional branch,
some of the threads may evaluate the condition false while the reset evaluate it true.
So, at this point, which is called divergence point, the execution of the threads take
different execution path and, therefore, their execution is serialized. At the point of
divergence, the threads that evaluated the condition false, execute a set of instructions
until their execution path merges back with the rest of the threads in the warp at
re-convergence point. At this point they reconverge with the rest of the treads of the

warp and continue the execution in lock-step again. Diverging branches degrade the

6The latest NVIDIA architecture , i.e. Volta, maintains execution states per thread.
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Figure 1.3: Execution model of a GPU kernel on NVIDIA (left) and AMD (right)
GPUs.

performance due to under-utilization of processing elements.

The other performance obstacle in GPGPU is the memory system latency. GPUs
employ hundreds of threads in each SM to hide memory system latency (DRAM
memory access takes up to 400-600 cycles). When the execution of a warp stalls on a
cache miss, while the memory system retrieves data from DRAM memory, the warp
scheduler of the SM swaps the waiting warp with a ready warp. If an application
has irregular memory access pattern or does not have enough computation to hide
the memory system latency with, the achievable performance will be limited due to
memory system response time.

As NVIDIA GPUs are widely used in desktop computers as well as servers and
high performance systems, and because of the publicly available performance simu-
lators, most of the researchers use NVIDIA GPUs as their computational platform.
Therefore, we will present more details on NVIDIA GPU architectures.

1.2.1 NVIDIA GPUs

GPUs introduced before 2006 were dedicated to process graphics applications. GPU

pipelines were composed of stages (i.e. vertex shader, rasterizer, pixel shader and
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texture unit) specialized in processing certain types of operations. 3D objects are
composed of triangles. To draw a triangle, a vertex shader receives the position and
color of vertices and draws the triangle on the screen. A rasterizer receives the output
of the vertex shader and determines which pixels on the screen are covered by the
triangle and interpolates the geometric values for all the pixels covered by the triangle.
A pixel shader determines the color and transparency of each pixel. And the texture
unit maps the texture to the surface of an object.

As the technology size shrunk and more transistors could be packed into a single
die, with every new generation of its GPUs, NVIDIA included improved arithmetic,
more PEs, large caches, higher memory bandwidth, support for more concurrent
threads, higher clock frequency etc. Beside these, some technological innovations and
advances were introduced with some of the GPUs which we review in this section.

In 2006, NVIDIA took the first step toward high performance parallel computing
by unifying the vertex and pixel shaders [54]. In the new architecture, called Tesla, the
graphic pipeline is physically a recirculating path that visits the processors multiple
times with some fixed-function tasks, e.g. rasterizer, in between. This enabled the
hardware to process non-graphic applications. GeForce 8800, that was built based
on Tesla architecture, executed up to 768 concurrent threads (or up to 24 warps) per
Streaming Multiprocessor (SM) using hardware multi-threading with zero scheduling
overhead. To improve the utilization, the Gigathread Engine was introduced with
GeForce 8800 which fetches data from system memory to GPU memory, creates and
distributes thread blocks to SMs.

With GeForce 8800, NVIDIA introduced a parallel computing platform called
Compute Unified Device Architecture (CUDA). CUDA is an extension to the C pro-
gramming language and enables software programs to perform operations on both
CPU and GPU. Using CUDA platform, the programmer determines the functions
to be run on the GPU (GPU kernel) and the size of the kernel. The size of the
kernel is determined by the number of thread-blocks and the number of threads per
thread-block of the GPU kernel. Thread-blocks are assigned to SMs and will run in
parallel. Inside a SM, the threads of the thread-block are divided into groups of 32
threads (warps) and the warp scheduler of each SM, determines which warp runs at
any given cycle. Based on the compute capabilities of the target GPU, one or more
thread-block can be assigned to each SM and one or more warp can be run side by
side. When the execution of a warp stalls, e.g. due to data missed in a local cache,

the warp scheduler schedules another warp. This way, the memory latency is hidden
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by computation that increases the performance [80].

The GTX 200 GPU families maintained the basic architecture of Tesla. A double-
precision 64-bit floating point unit added to each SM which favored general computing
on GPUs.

NVIDIA introduced a new GPU architecture code-named Fermi, with new features
for both graphic and general purpose computing in 2009 [12,92]. The major archi-
tectural improvements of the Fermi includes full memory system hierarchy, unified
address space (64-bit virtual address and 40-bit physical address), two level thread
scheduling, Error Correction Code (ECC) protection and concurrent execution of dif-
ferent kernels of the same application. Figure 1.4 shows the Fermi architecture (we
don’t display graphic computing components in the figure). Fermi’s memory sys-
tem support paged memory with multiple page sizes which improve heterogeneous

computing by sharing data with system memory.
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Figure 1.4: NVIDIA’s Fermi Architecture [92].

NVIDIA introduced dynamic parallelism, Hyper-Q, grid management unit and
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NVIDIA GPUDirect with Kepler architecture in 2012 [67].

With dynamic parallelism any kernel can launch another kernel and can manage
the stream creation, events and dependencies without CPU intervention. This reduces
the kernel launch overhead and eliminates the communication between the CPU and
GPU for kernel launch.

Fermi supports up to 16 concurrent kernel launches from different streams”. The
Hyper-Q feature of Kepler allows up to 32 work queues to be established between
the GPU and the host CPU. This feature enables multiple kernels to be executed
concurrently maximizing the utilization and the performance.

GPUDirect enables GPUs in the same computer system or GPUs across a net-
work to access the GPU memory directly without the host CPU or memory interven-
tion. When two GPUs on the same node want to communicate, the data should be
transferred first to CPU memory and then to the destination GPU’s memory. With
GPUDirect the data will be transferred from the source GPU’s memory directly to
destination GPU’s memory. In case of data transfer between GPUs on different nodes,
the performance will be improved by eliminating the unnecessary copy of the data in
host memory.

With Tesla P100, NVIDIA introduced the Pascal architecture in 2016 [14]. Pascal
is equipped with NVLink, on-chip stacked memory and a Unified memory technolo-
gies.

NVLink is NVIDIA’s high speed interface for GPU-to-GPU communication that
provides 160 Gigabytes/second, 5x higher bandwidth compared to third generation
of Peripheral Component Interconnect Express (PCle) communication bus. The on-
chip stacked memory improves efficiency and computational throughput by providing
higher capacity and bandwidth. Programming Tesla P100 is simplified by unifying
virtual address space for CPU and GPU memory.

Supporting half-precision floating point operation makes Pascal ideal for Deep
Neural Networks in which the accuracy of double or single precision is not needed
as additional noise in neural networks has been shown to improve accuracy [3]. This
reduces memory usage of the neural network which makes training of larger neural
networks possible. Also, it doubles the performance, compared to single precision
performance which boosts the training of the neural networks.

The most recent architecture introduced by NVIDIA is Volta [15]. Tesla V100

"In CUDA, a sequence of operations that execute in the order they are issued in the source code.
Operations in different streams can be interleaved or run concurrently.
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is a GPU built on Volta architecture and featured new Tensor cores and new SIMT
model. With the 640 Tensor cores packed in each GPU, the V100 boosts deep learning
applications by performing 64 floating point fused multiply-add operations per clock
per core. Tensor cores are custom-designed to perform matrix-matrix multiplication
which is the core of neural network computation. Each Tensor core performs a 4x4
matrix multiplication operation per cycle (D = AzB + C).

In SIMT execution model, as we mentioned earlier, each warp (a group of 32
threads) shares one PC and when the executions of threads diverge at a control flow
instruction, the executions of the threads branch into taken and not-taken paths and
run serially until they reach to the reconvergence point where all the threads merge
together again. The serialization of the execution of branching threads degrade the
performance and concurrency. The new SIMT model maintains execution states, i.e.
PC and call stack, per thread. The executions of the threads taking different paths at
control flow instructions interleaved as shown in Figurel.5. Programmer may enforce

reconvergence after instruction ”7Z” by explicitly calling sync function in the code.
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Figure 1.5: a) SIMT model prior to Volta and b) Volta’s SIMT model [15].

Table 1.1 highlights the main features of each generation of NVIDIA GPUs. The
main trend that NVIDIA GPUs have been following through the past decade can
be summarized as follows. A) Reducing memory latency, by moving the DRAM
closer to GPU cores, increasing memory bandwidth and introducing larger caches,

B) increasing the number of processing elements, C) increasing GPU utilization by
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facilitating parallel kernel execution and increasing the number of SMs, D) improving

GPGPU programming user experience.

Table 1.1: Main features of different generations of NVIDIA GPUs.

GeForce8800

GTX200

Fermi

Computation

Memory

Unified pipeline
8 SMs, 8 cores each
768 threads per SM

Off-chip DRAM

16 SMs, 16 Cores each
1024 threads per SM
DP 64-bit FP units

Off-chip DRAM

15 SMs, 32 Cores each
1536 threads per SM
2 warp scheduler per SM

Off-Chip DRAM

L1 and L2 caches
Unified address space
Paged memory

CPU-GPU Connection PCle PCle PCle
Parallelism Up to 16 concurrent
kernels
Programming Introducing CUDA
Kepler Pascal Volta
Computation 16 SMs, 192 cores each 56 SMs, 64 cores each 84 SMs, 168 cores each
2048 threads per SM 2048 threads per SM 4 warp scheduler per SM
4 warp scheduler per SM 2 partitions per SM 4 partition per SM
Tensor Cores for deep learning
Memory GPUDirect on-chip stacked memory LO cache
on-chip stacked memory
CPU-GPU Connection PCle NVLINK NVLINK

Parallelism

Programming

Dynamic parallelism
Hyper-Q

New SIMT model

Unified virtual
address space

Independent thread scheduling

Figure 1.6 shows the NVIDIA GPUs road-map including the main advances and

the performance per watt that they offer [38].

1.3 Performance: Challenges and Obstacles

Employing hundreds of processing elements, the peak performance of GPUs is higher

than that of conventional CPUs with relatively the same power demand. However,

while executing general purpose applications, achievable performance on a GPU does



15

- 640 Tensor Cores
-84 SMs
- 5376 FP32 units
- 2688 FP64 units
- 5376 INT32 units
16 - 336 SFU units
- 10.6 TF SP Performance - 16 GB HBM2 memory
- 5.3 TF DP Performance - 900 GB/s bandwidth
- HP FP operations - L0 cache | SM partition
For deep learning - NVLink v2
- 3584 FP32 cores - 4 warp scheduler ISM
8 - 4 warp scheduler - 1792 FP64 cores - 300W
- Grid Management Unit - 56 SMs
. 2048 threads/SM -On-Chip Stacked memory
- 2880 Cores (INT and - Combined L1-Texture
2 FP32) caches
- 2 warp scheduler per SM - 64 DP Unit ISM - NVLINK
- 512 cores (Int and FP32) .32 SFUISM - New SIMT thread model
- 512 FP32 units - 16 SMs - Unified virtual address
- 1536 threads | SM 12 GB DRAM Space
1 - . 15Tflops - GPUDirect - 300w
- 256 DP FMA ops/clock -PCle-V3
- 512 SP MAD opsiClock - Up to 32 work queues
- Double-Precision 64-bit - 4 SFUISM - Between CPU and GPU
- Floating point unit -15 SMs. - Dynamic Parallelism
- 240 Sps - L1 and L2 data caches - Hyper-Q
. 1024 threads [ SM - Unified address space _235W
- 933 Gflops - Paged memory support
1: - Unified pipeline - 30 DP FMA opslclock -6 GB GDDR5 DRAM
- 128 MAD units -2 SFUISM - 192 GBIs bandwidth
© - 768 thread I SM 116 5Ms - ECE enabled
= - 518 Gflops T 168 GDDR3 DRAM -PCle - V2
- 2 SFUISM - 141 GBls bandwidth - Up to 16 concurrent
b -8 SMs _PCle-12.8 GB kernel
Q - 768-MB GDDR3 - GigaThread Engine
o -104 GBIs
bandwidth
wn -PCle - 6.4GB
o . CUDA
O - 150w
|
LL
o
-
I I I T I I o
Year

Figure 1.6: NVIDIA GPUs road-map with the influential advances [38].

not always surpass the performance of its CPU counterpart [61]. For example, if
there is not enough parallelism in the application or the memory access pattern of
the application is irregular the performance will be degraded.

The current GPUs are used as co-processors in CPU-based systems. A GPGPU
application code is composed of serial code sections and parallel code sections. The
execution of the application always starts with a serial section that runs on the CPU.
When the execution reaches the parallel section, i.e. the GPGPU kernel® the CPU
launches the kernel execution on the GPU. When the GPU is running the parallel
section, the CPU can execute other tasks or other sections of the application that
do not depend on the results from the GPU. When the kernel execution is finished
and results become available to the CPU, the CPU continues the execution of the
remaining of the application. GPGPU applications may have multiple serial sections
and GPU kernels [80].

GPU and CPU memory are usually separate and data transfer happens through

8In GPGPU terminology the parallel section of code launched on GPU is called Kernel.
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either PCIe port or NVLINK interconnection system? [14]. This introduces commu-
nication overhead that usually cannot be hidden by computation. Therefore, to gain
speedup, the amount of computation that an application performs should be higher
than the communication overhead.

The memory system in GPUs is composed of different components, e.g. level one
and level two data caches, shared and texture memories. But, unlike CPU memory
that is designed for short response time, GPU memory is designed for maximum
bandwidth. The reason is the number of concurrent threads of GPU kernels that
are much higher than that of CPU applications. This enables GPUs to hide memory
latency with computation and shift the design goal to higher bandwidth rather than
shorter response time. To compensate for the large global memory response time,
the GPU coalesces global memory leads and stores issued by threads of a warp into
as few memory transactions as possible [33]. Memory access requests of a warp to
Dynamic Random Access Memory (DRAM) locations issue a single memory request
if the memory locations that are accessed are consecutive and aligned. Kernels that
have irregular memory access cannot take advantage of memory coalescing and as
such their performance suffer from high memory latency because of the serialization
of the memory requests, specially if the kernel is memory intensive.

As we mentioned earlier, the execution path of threads in a warp may diverge
at control flow instructions. The execution of taken and not-taken paths serialized
until all the threads in the warp reach to the reconvergence point. Therefore, the
amount of speedup an application can gain by running on a GPU is limited by the
amount of the application’s parallelism, the memory access patterns and the control
flow irregularities. Later in this section we review literature that addresses these
issues.

How much performance should be expected by adding a GPU to a system is usually
hard to predict before implementing the GPU version of an application and running
it on an actual GPU. Vuduc et al. [89] studied the limitations of GPU accelerators
(NVIDIA’s Tesla) and showed that the achievable performance gain by adding a GPU
to a system may not be as high as expected. To this end, the tuned multithreaded and
the GPU version of three scientific applications were developed and their performances
were compared. The results indicated that a well-tuned multithreaded version of an

application running on a multicore CPU (Intel’s Nehalem) may bring performance

9NVLINK introduced in 2016 with Tesla P100 for high-speed GPU to GPU and GPU to CPU
communication [15].
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close to that of a system with a GPU with roughly comparable energy consumption.

The limitations inherent in GPUs’ architecture, i.e. the need to transfer data
between system memory and GPU memory through PCIe! and the characteristics of
applications, e.g. the amount of the available computation, memory access patterns
and the complexity of the data structures, limits the performance that a GPU can
deliver. However, the limited number of evaluated applications makes any general
conclusion inappropriate. Moreover, this conclusion may not remain valid for future
architectures. For example, fusion architectures eliminate the communication over
PCle as well as the sharing of the last level of memory system provides order of
magnitude higher bandwidth for data transfers between CPU cores and the GPU.
New GPU architectures like Volta communicate with CPU through high bandwidth
NVLINK interconnection instead of PCle. And the GPU memory can be implemented
on the GPU die to further reduce the communication between CPU and GPU. Beside,
multicore processors of the recent years include many more cores and run on higher
frequency compared to Nehalem processor. Therefore, the conclusion made by this
study may not hold true for the new computing platforms.

As we have studied so far, not all applications can benefit from GPUs compute
power. An insight on the performance obstacles that prevent applications reaching
the peak performance of the GPU helps the designers and the developers optimize
the architecture and the applications for higher performance. Lashgar et al. studied
three performance obstacles in GPUs, i.e. branch divergence, memory access latency
and limited workload parallelism [50].

Various machine models have been made to predict potential obtainable perfor-
mance gain by eliminating each of these performance barriers. Considering different
control flow handling mechanisms, i.e. Post Dominant (PDOM), Dynamic Warp
Formation (DWF)!! ideal control flow, limited/unlimited hardware resources and
ideal /non-ideal memory system, 12 machine models were evaluated. The results in-
dicated that memory is the most influential performance parameter.

The performance gap between different machine models was studied to indicate
how each parameter could potentially impact performance. For example, for each
control flow mechanism, three performance gaps exist. First, the performance that

can be achieved under an ideal memory system (memory potential). Second, the

10Before the introduction of NVLINK, discreet GPUs used PCle buses to communicate with host
CPUs.

1Post-dominator and Dynamic warp formation are two mechanisms introduced to handle diverg-
ing control flow instructions [27]
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performance that can be achieved when the branch divergence is eliminated (control
potential). Third, the performance achievable when the SM resources are unlimited
(resource potential) [50].

The study showed that the performance gain from solutions that address memory
inefficiency outweighs the performance gain obtained when investing in SMs resources
or utilizing more advanced control flow mechanism. The results shows that, as of
2011, GPUs lose 40%, 15% and 2% of their potential performance when they employ
a realistic memory system, control flow mechanism and limited SM resources, respec-
tively [50]. This study was done 7 years ago. To see if the argument is still valid, we
need to check how the ratio between performance and memory bandwidth of GPUs
has changed over the past seven years. Since the time this study was done, GPUs
memory bandwidth has increased around 2.5 times from the Kepler to the Volta and,
due to smaller transistor size, the number of processing elements increased around
4.5 times [13,15]. Therefore, we expect that the conclusion made by this study hold
valid for newer generation of GPUs.

For the past ten years, GPUs have dominated the High Performance Computing
(HPC) era and researchers proposed hardware and software solutions to overcome
performance obstacles. As the technology size is reaching its limitation [90], it be-
comes important to see which path HPC will take from here. In [90], William argues
that reaching to the end of Moore’s law [62] brings up more innovations based on re-
cently emerging technologies. The author predicts that 5-nm is where the technology
size stops scaling down. Up until now, the industry and intellectuals putting all their
efforts to scale silicon complementary metal oxide semiconductor (CMOS) and when
this process stops, every advance will require significant discoveries in physics, biol-
ogy and computer science. Techniques such as 3D integration or stacking might be a
short solutions, but it seems unlikely for the manufacturers to be able to continually
double the number of layers in a stack because of power and temperature issues.

One of the possible solutions by the author is memory-driven computing. Instead
of using the traditional memory and storage hierarchy, i.e. high capacity slow flash
drives for mass storage, medium range capacity and speed DRAMs for main memory
and high speed low capacity Static Random Access Memory (SRAM) for caches, we
should use a nonvolatile, high density, low power, low cost memory. With the memory
structure of today’s computers, 90% of a computer’s work is to shuffle data between
different memory components instead of doing computation. Replacing this hierarchy

with a one level only nonvolatile memory to hold the entire dataset for a system can
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eliminate this wast of time and energy fort data shuffling.

The other solution is to improve the interconnection performance by using pho-
tonic interconnect. The third solution offered by the author is to build specialty
accelerators to address classes of computation and computers that are customized for
particular problems. Even significant blocks of code can be translates into ASIC 12
hardware. Using these techniques one will be able to get continuous performance im-
provement by increased customization that uses photonic interconnect and memory
driven computing.

In [7], Blott studied the role that Field Programmable Gate Array (FPGA)’s will
play in future for high performance computing. As the current architectures are
suffering from high power density and cooling problem, FPGAs can achieve higher
energy efficiency through customized datapaths and memory architectures. With the
new advances in software centric design environment for FPGAs e.g. Xilinx’s OpenCl
based design tool [94], will make FPGA design more accessible to HPC community.
Both William’s and Blott’s research [7,90] suggest that the future of high performance
computing relies on highly customized hardware.

Further, the first implementation of Memristors (Memory Resistor) in 2008, has
led some researches to believe that they (memristors) will bring a new wave of inno-

vations, specially in packing more transistors in smaller packages [9].

1.3.1 Performance Modeling

Given a GPU architecture, there is a considerable performance difference between a
well-optimized kernel code, in which the thread block size and shared memory access
pattern is tailored to the configuration of the GPU and etc., and a kernel without any
optimization. Changing the size of a particular architectural parameter of a GPU
may have some affects on other architectural parameters. For instance, increasing
register usage of each thread in a kernel decreases the number of concurrent threads
in each SM which degrades the memory hiding efficiency as there is less computation
available. To obtain the high performance, the developer needs to try all combination
of possible optimizations and consider the set of optimizations that result in the
highest performance. This highly time consuming processes needs to be performed
for each application.

Performance models help the GPGPU application developers to evaluate the ap-

12 Application-Specific Integrated Circuit.
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plication’s performance, estimate the benefits of the possible optimization and find
the performance bottlenecks of the application. Also, compilers can utilize the per-
formance models to apply the most beneficial set of optimizations to the applications.
In this section we review the literature on GPGPU performance modeling.

Zhang and Owens proposed a microbenchmark based performance model that
allows programmers to determine the performance bottlenecks and potential per-
formance optimizations and architectural improvements [100]. The proposed model
considers three components of a GPU for modeling; the instruction pipeline, shared
memory access time and global memory access time. By measuring the time that a
program spends on each component, the model determines the program bottleneck
as the component that takes most of the program’s time.

To model instruction pipeline, instructions were categorized based on their costs.
The cost was determined by the number of functional units in an SM that can execute
the instruction. Then the model calculated the peak throughput of each instruction
type. To estimate the throughput of the pipeline, micro-benchmarks that repeatedly
ran an instruction of each type at different level of warp parallelism were used. Then,
the execution time of a general program was estimated as a linear combination of the
time spend on each instruction type.

To model the shared memory, a shared memory micro-benchmark was used which
repeatedly transfers a block of data from one region of memory to another and mea-
sures the memory bandwidth at different level of warp parallelism. The results indi-
cated that shared memory had a longer memory pipeline than the instruction pipeline
and needed more warp parallelism to hide its latency. After running the shared mem-
ory micro-benchmark, the model estimated the time of shared memory by using the
bandwidth at a corresponding level of warp-parallelism for a general application.
Modeling the global memory was more complex due to its sensitivity to other factors
such as the number of blocks and the number of threads per block. In order to esti-
mate the global memory bandwidth accurately, a synthetic benchmark was generated
for each general application with the same number of blocks, block size and memory
transactions per thread.

After determining the performance bottleneck, the model provides information
to track down the possible causes of the bottleneck. For example, for instruction
pipeline, the low computational intensity, expensive instructions or insufficient paral-
lel warp can cause the instruction pipeline to become the bottleneck. The programmer

can use this information to find a programming or architectural solution to improve
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the performance. The study of three GPGPU applications showed that the proposed
performance model could capture the main GPU performance factors within an ac-
ceptable error of 5-15%.

Newsha Ardalani et al. developed a studied the performance gain that an ap-
plication can achieve by being ported to GPU. They developed a machine learning
based model that predict the performance of an application on a GPU based on the
single-threaded CPU implementation of the application [2]. They trained the NN
model using a large set of previously implemented GPU code along with their CPU
implementation. The model learns the non-linear relationship between the GPU exe-
cution time and the features of the program. The model predicts the execution time
of a new application by receiving its features such as total number of instructions,
instruction type, number of cold misses, number of memory references with reuse dis-
tance of less than 2, etc. The model was evaluated with 10 benchmarks and achieved
a relative error of 22.4% and geometric mean of 11.6%, with minimum error of 0.5%
and maximum error of 54.6%.

Lopes et al. applied cache-aware Roofline modeling principles to model the upper-
bounds for performance, power and energy efficiency of GPGPU applications [55].The
original Roofline model [91] relates the performance of the CPU to the off-chip mem-
ory traffic. The model proposed by Lopes considers the the peak throughput of the
execution units and different memory elements such as device memory, cache levels
and shared memory to construct the models. The throughput upper-bounds are ob-
tained through intensive micro benchmarking of 9 NVIDIA GPUs from 3 different
generations. They evaluated the proposed models by using them to characterize 23
GPGPU applications in terms of the GPU resource that determines the performance
upper-bound. The results show for most of the benchmarks L2 cache and device
memory are the performance bottleneck.

Sim et al. proposed an analytical GPU performance model, called GPU Pref,
to help programmers identify performance bottlenecks and optimize the code [81].
GPU Pref quantitatively estimates potential performance gains by calculating inter-
thread Instruction Level Parallelism (ILP), Memory Level Parallelism (MLP), com-
puting efficiency and serialization effects and suggests the optimization that the pro-
grammer should try first.

Tools were developed to provide GPU Pref access to hardware performance coun-
ters, information such as instruction category or loop trip count and ILP and MLP

information. These data are fed to the analytical model, that was part of GPU Pref,
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which is a refinement of the one presented earlier [37]. The analytical model estimates
the execution time as the summation of computation time and memory access time
while subtracting the overlapped time, which indicates how much of memory access
time can be hidden by multithreading. The computation time is estimated consider-
ing the total number of instructions an SM executes, the instruction throughput and
serialization overhead due to synchronization instructions, SFU' resource contention,
control flow divergence and shared memory bank conflicts. The memory access cost
is dependent on the number of memory requests, memory latency of each request and
the degree of memory level parallelism.

The performance model can be used to provides the programmer with an insight
to the program bottlenecks and potential solutions. It estimates the potential bene-
fits by improving inter-thread instruction-level parallelism, memory level parallelism,
removing inefficient computation and the overhead of serialization.

In [57], the authors reviewed different heterogeneous system performance model-
ing techniques. They categorized performance modeling approaches into analytical,
statistical and machine learning based, quantitative and compiler-based methods.

Building analytical models require deep understanding of the hardware and the
workloads. Once built they are fast to evaluate. Models built based on statistics and
machine learning techniques use regression to obtain the parameters that impact the
performance of the system the most and the model is built based on those parameters.
Before using these models for performance evaluation, they need to be trained using a
set of benchmarks for which the performance values are known. The training process
can be time-intensive but while trained with a proper set of data, they produce
accurate results.

In quantitative approach, a set of performance models are driven based on mea-
surements performed using micro-benchmarking technique to exercise different com-
ponents of the architecture under study and capture their effect on the performance.
These models can be used to study performance bottlenecks [100].

Compiler-based methods are combination of kernel analysis and analytical mod-
eling. They predict the performance and determine performance bottlenecks [4].

Dublish et al. studied memory bottlenecks of GPGPU applications [18]. The
authors argued that GPUs’ cache hierarchy partially filters bandwidth demand to

off-chip memory due to massive computational and memory demand of GPGPU ap-

13Special Function Unit is responsible for executing unusual functions such as transcendental
functions, interpolation for parameter blending, reciprocal, reciprocal square root, sine and cosine.
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plications. Their analysis of three major memory system components, i.e. private L1
cache, shared L2 cache and off-chip memory, showed that the bandwidth bottlenecks
cause high congestion in the memory system and leads to high latency in the critical
path. The results showed that the performance improvement obtained by increasing
the bandwidth of a single memory component in isolation can be sub-optimal com-
pared to the performance improvement that can be achieved by combined increase of
bandwidth of memory components. The reason is that the former creates congestion

in other memory components while the later eliminates that.

1.4 GPU Design Space Exploration

Performance that a GPU delivers, depends on the design parameters which are de-
termined at manufacturing time, such as the number of SMs, SIMD width, off-chip
memory bandwidth, number of memory controllers, and some configuration param-
eters that can be set at compile time using primitives, such as the presence and the
size of L1 cache, shared cache size etc. [68].

On the application side, the performance depends on applications characteristics
such as the memory access patterns and computational intensity. Therefore the con-
figuration that delivers a good performance for an application might result in a poor
performance for another application. To find the best configuration for an application,
one needs to explore the large design space of GPUs by simulating all possible con-
figurations which usually is not feasible. There are few studies that propose methods
to simplify the design space exploration. In this section we review these works.

Jia et al. proposed Stargazer, an automated GPU performance exploration frame-
work based on stepwise regression modeling [42]. The method employs a stepwise
linear regression to relate the system performance to a number of independent archi-
tectural parameters and their pairwise interactions.

To build the model, the proposed method starts with the first architectural pa-
rameter from a given set of independent parameters. The model is made using linear
regression based on this single parameter and the method calculates the coefficient
of determination (R?)M to measure the quality of the model. Then the model is ex-

tended by adding another parameter. The calculation of the adjusted R? determines

4The coefficient of determination of a linear regression model is the quotient of the variances of
the fitted values and observed values of the dependent variable. It is interpreted as the goodness of
fit of a regression.
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whether the new parameter brings more benefit to the model. Then the method adds
the interaction between two parameters and evaluates the significance of the term in
the model. The method repeats the same process for all the parameters under the
study. After this stage, the model consists of the most influential parameters along
with their pairwise interactions.

In the models we have developed, as we shall see in the following chapters, we
have used fold-over Placket-Burman (PB) design [76] to evaluate the importance of
different architectural parameters. Like the step-wise regression method, the fold-over
PB design considers the pair-wise interactions between parameters '°. The PB design
requires the response of the model for a number of different configurations. These
responses can be obtained via simulation. In PB design the number of simulations
grows linearly with the number of parameters under the study. However, in the
regression model used in the Stargazer [42], the computational complexity grows
non-linearly as the number of pairs to be evaluated for inter-parameter interaction
increases factorially. Therefore, for the models with a large number of parameters,
PB design seems to be more efficient in terms of model development time.

A Least squares solver was used to solve the model and the coefficients were
determined using a small set of configurations randomly chosen from the design space.
The evaluation showed that using 1% of the configurations in the design space, the
model could predict the performance of an application with less than 5% error. The
results showed that SIMD width is the dominant parameter and block concurrency,
number of shared memory ports and DRAM queue size come next.

Ryoo et al. studied the challenges of GPU applications optimization caused by
interactions among the architectural constraints such as register file size, threads per
SM, threads per thread block etc. [79]. The optimizations applicable to applications
were considered as follows: providing enough warps to hide the stalling effect of long
latency and blocking operations, redistribution of work across threads and thread
blocks, reducing the dynamic instruction count per thread, intra-thread parallelism
and resource balancing. As each of these optimization techniques usually affects
different aspects of system behavior, selecting the best set of optimizations for each
application that leads to the optimum performance is not a trivial task. To this end,
performance metrics, i.e. efficiency and utilization, were derived from static code and

used to prune the optimization search space. Efficiency was defined as the inverse of

15Tt is worth noting that the interaction between parameters may be more than pair-wise but PB
design technique cannot capture more than pair-wise interaction between the parameters
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the total number of dynamic instructions that will be executed by all the threads of
the kernel. Utilization was calculated as the average number of compute instructions
a warp executes before running into a blocking instruction, multiplied by the number
of warps in a SM which can be executed while a blocking instruction in a warp is
being resolved.

The proposed method uses two flags provided by NVidia Cuda Compiler (nvce)
CUDA compiler. Cubin flag was used to obtain the resource usage, i.e. the number of
thread blocks per SM and the number of warps per thread block. ptx flag was used to
determine the execution profile, i.e. the total number of instructions and the number
of blocking instructions. These flags provide the information needed to compute the
performance metrics.

In the proposed method, all the configurations in the optimization space were
compiled with these flags and the performance metrics corresponding to each config-
uration were calculated. The metrics were not detailed enough to be used to deter-
mine the optimal configuration and were used to narrow down the space of possible
configurations. To this end, the metrics values were plotted for each configuration
and the high utilization and high efficiency configurations were selected as the Pareto
Optimal subset. Using the proposed method, the optimization space was reduced up
to 98%.

Dutta et al. [21] used different machine learning techniques to explore Dynamic
Voltage and Frequency Scaling (DVFS) space and predict the power dissipation of
GPUs in different DVFS state. Using the proposed prediction model, one can asso-
ciate each phase of the execution of an application running on a GPU to a DVF'S state
that maximizes the performance while keeping the power dissipation below a prede-
fined power cap enforced on the system. To build the model, the on chip power meter
and performance counters of several architectural parameters of NVIDIA Quadro
P4000 GPU are collected using the nvprof profiling tool. The authors have reported
that among eight machine learning technique they have used for power prediction, a
weighted average of the predictions made by Sequential Minimal Optimization (SMO)
regression, simple linear regression and reduced error pruning tree showed the best
accuracy. NeuralNet model performed the worst due to small training data set.

Yu et al. studied the importance of GPGPU architecture parameters with respect
to performance and how these parameters interact with each other [98]. They used
stochastic gradient boosted regression tree machine learning technique and trained

their model using performance values obtained by running a set of GPGPU applica-
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tions on a random set of GPU architectures. From the predictor results, they used
an ensemble-learning based approach to quantify the importance and intensity of the
interactions between different parameters. They evaluated the model by running 25
GPGPU applications and showed the core frequency and the maximum number of
thread blocks per core are the most dominant parameters. Some benchmarks were
sensitive to L1 data cache size and interconnect frequency. The results indicated that
most of the benchmarks were sensitive to 2 to 5 pairwise parameter interaction.

Jia Wenhao et al. studied the challenges in tuning power and performance of
GPGPU applications [41]. They developed a regression tree based model to study the
design space of GPGPU applications and accelerate the tuning process. The proposed
model uses a small portion of the design space to recursively partition a given design
space at key inflection points of a design parameter values. The parameters are
application specific. A few examples of the parameters used for different benchmarks
include number of threads in each thread block, the dimensions of each thread block
and the number of elements processed by each thread. To predict the performance
of a new application, the application parses the nodes of the tree starting from the
root and follow the branches based on how the parameters of the new application
compares to the division values of the branch. When the application reaches the leaf,
the average power and performance of sampled designs in that partition are used to
make the predictions. The authors reported average error of 4% and 8% for power

and performance predictions, respectively.

1.5 Neural Networks

Neural Network (NN) is a machine learning technique inspired by human brain. Hu-
man brain is composed of billions of neurons. Each neuron has, on average, 7,000
synapses connection to other neurons. To learn complex and non-linear hypothesis,
we can construct a model using much less neurons and connections between them
and still achieve accurate results.

The simplest form of a NN is a single-layer, single-neuron model or a Perceptron
shown in Figure 1.7. It has a set of inputs, and based on the inputs and a bias value
it produces an output (i.e. 0 or 1). The wights indicate the strength of the input
values. The combination function calculates the weighted inputs and adds the bias
value to it. The activation function receives the weighted sum of the inputs and the

bias value, maps it to a certain range (e.g. 0 to 1) and compares it with a threshold
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Figure 1.7: A single-layer neural network structure [77].
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and sets the output (activation) value. The bias value is used to shift the activation

function to the left or right. Equation 1.1 summarizes the perceptron calculation.

N
y=g(>_ _ wixwi+Dbias) (1.1)

in which ¥ is the perceptron’s output, ¢ denotes the activation function!®, N is the
number of inputs, w; is the weight associated with input i, z; is input 7. For the
one perceptron NN model shown in Figure 1.7, a simple linear activation function
can be used to learn simple problems (e.g. to implement AND logic). To learn the
behavior of more complex problems, a more sophisticated NN structure and a non-
linear activation function needs to be used. By using a non-linear activation function
we can establish a non-linear relation between the output of the system and the inputs
which is essential to learn the behavior of complex problems.

To train the perceptron to learn the behavior of a function (e.g. an AND gate),
we start with a set of initial weights and feed the inputs to the percepteron. If the
output is not the expected value, the weights are updated using the delta rule. It
determines the amount of the changes in the weights of the network based on the
difference between the expected and the obtained output of the network multiplied
by a learning rate [23]. If the output of the network is the expected value, the weights
stay unchanged. If the output is larger or smaller than the expected value the weights
decreased or increased, respectively. The learning rate controls how much we change
weights at each step. A very small learning rate makes the algorithm very slow
whereas a learning rate that is too large may make the algorithm never converge.

After we update the weights, the process repeats until it produces the correct results

16 Activation function, in general, is a bounded non-decreasing nonlinear function [77].
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for every possible combination of input. A perceptron can be used as a linear binary
classifier. However, to model the behavior of more complex problems, a multilayer
perceptron model should be used.

Figure 1.8 shows an example of a multilayer NN. It consists of an input layer, one
or more hidden layers with variable number of neurons in each layer, and an output

layer.
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Figure 1.8: A multilayer neural network with one hidden layer with three neurons [77].

To produce an output for a given input vector, the activation value of each node
of the hidden layer are calculated using equation 1.1. The activation values generated
by neurons in the hidden layer are the inputs of the next layer and they pass forward
to the next hidden layer or the output layer which produces the final result.

The training algorithm for multilayer networks is called back propagation. 1t is a
form of Gradient Descent (GD) [77], but accounts for the fact that the derivatives
of the error function with respect to the hidden weights cannot be evaluated directly
and easily because of the non-linearities an layaring. The error is formulated as a
cost function that can be minimized using different optimization techniques such as
Gradient Descent. Detailed description of GD algorithm can be found in Chapter 10
of [77].

For the rest of this section we present the terminology and definition of some of
the techniques that are used in the NN model we developed and we are going to refer

to in the following chapters.
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Supervised learning: In supervised learning, the NN model is built based on
a set of samples for which the expected output values are known. The known set is
called the training set and is used, during training phase, to adjust the weights of the
network. Once the model is trained, it can predict the output for unseen inputs.

Feedforward Networks: A neural networks with no feedback loop from its
output to its inputs is called a feedforward neural network. The structure shown
in Figurel.8 is an example of a feedforward neural network. Feedforward NNs are
commonly used for supervised learning.

Hidden Layer Size: The structure of our NN model is composed of only one
hidden layer. The number of neurons in the hidden layer depends on the complexity
of the problem and is application specific. We examine hidden layer sizes 2 to 15 and
train 500 NNs of each size and select the hidden layer size with the smallest mean
squared error.

Training Process: A process in which the model learns the relationship between
the inputs and the target outputs of the model. The training process is a repetitive
process that tries to minimize the cost function using an optimization algorithm and
adjusting weights until the cost function, i.e. error of the network in predicting the
target output of the known exemplars, is minimized.

Over-Fitting: The problem of NN model fitting to the training set too closely
but failing to generalize and make accurate predictions for new exemplars is called
over-fitting problem.

Training, Test, Validation and Blind Sets: In neural networks, the set
of exemplars that is used to construct the model is divided into three sets; training
set, validation set and test set. The training set is used to adjust the weights of
the network using back-propagation algorithm. The validation set is used to prevent
over-fitting by discarding the NNs that perform well on the training set but produce
large error on the validation set. Once the model is trained, the test set is used to
test the performance and generalization capability of the model, meaning that how
well the model predict the output of exemplars that it has not seen before. The blind
set is a set of exemplars that we want to predict their output using our trained NN
mode.

Regularization: Regularization is one of the techniques to overcome over fitting.
It improves the generalization capability of the model. For example, one of the
methods used to regularized the model is to make the model simpler by penalizing

the weights by adding new terms to the cost function which results in smaller weights
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at the end of the training phase.

Ensemble NN: When a number of neural networks are trained and a combina-
tion of their outputs are used to produce the final result we call it neural network
ensemble. It helps to improve the generalization capability of the model. We use an

ensemble NN model to predict the power and performance of GPGPU applications.
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Chapter 2
Introduction and Thesis Roadmap

Application developers that are looking for speeding up the execution of their ap-
plications, may find GPUs as a good choice. Especially, with recent developments
in GPGPU programming languages, such as CUDA [65,68], OpenCL [30] and Ope-
nAcc [70], the time and effort they need to put in creating a version of their applica-
tions that can be run on a GPU is reduced considerably. However, using a GPU as an
accelerator is beneficial only if the application could utilize the GPU’s compute re-
sources and memory bandwidth. To do so, the application should have a large amount
of compute intensive parallelism and memory behavior that can be overlapped, and
therefore hidden, by computations.

To achieve this, the application developer needs to study the attributes of the
application and be familiar with the target GPU architecture. Thereafter, they can
decide whether running the application on the GPU is beneficial or not. If GPU
seems to be a good choice, how efficient the application execution on the target GPU
would be is a harder question to answer and depends on how well the application’s
compute and memory requirements are balanced with the resources available on the
target GPU.

Figure 2.1 shows the power and performance of AES [58] benchmark’s design space
running on a Fermi-like GPU. The surface on this figure is composed of more than
23,000 configurations each of which represents a different GPU configuration in terms
of the size of memory components such as caches, Memory Controller Block (MCB)s
and register files. The figure is a "projection” of the 7-dimensional design space to (a)
the number of memory controller blocks and (b) the constant-cache size. Both figures
illustrate the complex relations of power and performance to the GPU configuration.

The top right corner of the surfaces represents the configurations with the highest
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Figure 2.1: Projection of the design space to (a) number of memory controller blocks
and (b) constant cache size.
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performance and power dissipation. The corner closest to the origin, represents the
configurations with the lowest performance and power dissipation. As it can be seen
the power and performance are limited by characteristics of the applications as well
as available GPU resources.

Each application has its own power and performance requirements. We have devel-
oped models that link the application with the power and performance. The models
predict the power-performance optimum configurations. Then, we extend these mod-
els to identify configurations that behave ”"well” over many different applications.
As different applications have contradicting requirements, we use the term ”well” to
indicate that on the average, all applications benefit from the chosen configuration.

As we discussed in Chapter 1, Section 1.3, the power and performance of an appli-
cation depends on the characteristics of the application as well. For example, memory
access pattern, compute or memory intensiveness and the level of the parallelism are
some of the factors that can limit the achievable performance of the application. We
developed a model that predicts the optimum GPU configurations for GPGPU ap-
plications based on the static characteristics of the applications. We proposed joint
power-performance optimization techniques and other heuristics to improve the ac-
curacy of the proposed models.

We have evaluated the proposed models with a set of GPGPU benchmarks. The
results show that the proposed models predict the optimum power-performance con-
figurations for most of the cases. For the other cases, the power and performance
of the model predicted configurations are very close to the optimum configurations.
We could also successfully predict the power-performance configurations based on the

characteristics of the applications.
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In this thesis we were interested to answer the following questions.

1. Given a GPU configuration, can we predict its power and perfor-

mance when we run an application on it?

To answer this this question we proceeded as follows.

e We studied the design space and attributes of 24 GPGPU applications.

We introduce the benchmarks in Section 2.1.

e W showed that GPU’s performance is linked to its architectural param-
eters. We introduce a fast, low-cost and effective approach to optimize
resource allocation in future GPUs [47]. Section 2.2 introduces this ap-

proach.

e We develop a NN-based model to predict power and performance of GPGPU

applications [44]. We present more details in Section 2.3.

e We propose to use a multi-objective optimization technique to obtain a
subset of the design space that contains configurations that are power-

performance optimum [45]. We present more details in Section 2.4.

2. Given the characteristics of an application, can we predict the GPU
configuration that runs the application optimally in terms of power

and performance?

e We develop a model to predicts the power-performance optimum GPU
configurations based on code attributes [46]. We introduce this model in
Section 2.5.

3. Given a set of GPU applications, can we predict the GPU configura-

tion that performs well over all the applications?

e we introduced a method to predict the GPU configuration that all the
applications benefit from running on it. Section 2.6 briefly introduces this
method.

We have improved some of the modeling techniques as follows.



34

e We introduce an outlier detection heuristic to capture predictions with large

errors [49]. Section 2.7 briefly introduces this method.

e We propose an alternative to a heuristic used in the NN model that chooses the
validation set for training purpose and propose to the alternative with math-
ematical solvers and Quantum Annealing technique. This alternative speeds
up the training process significantly [48]. Section 2.8 briefly introduces this
method.

In the following sections, we will expand on the contribution statements and in-

troduce the techniques involved and the results obtained.

2.1 Benchmarks, Simulator and GPU Architecture

To evaluate the proposed models, we have used applications from two benchmark
suites, i.e. CUDA SDK Sample Codes [66], Rodinia benchmark suite [8] and some
other benchmarks that are widely used in GPGPU research area for power and per-
formance evaluation [1,6,28,58,60,75,86,86].

We have evaluated different models with the benchmarks reported in Table 2.1.
These benchmarks vary in terms of compute and memory demands, number of kernels
and level of parallelism. In choosing the benchmarks we were limited to the ones that
were compatible with the GPGPU simulator we use to validate the predictions made
by our models. Table 2.1 summarizes the benchmarks and their characteristics. We
will present more details about the benchmarks in the following chapters.

As many of the GPU architectures we explore are not implemented in silicon, we
use GPGPU-Sim simulator and configure it to implement different GPU architectures.
GPGPU-Sim is a cycle-level GPU power and performance simulator developed at
the University of British Columbia [5]. The latest GPU architecture GPGPU-Sim
supports is NVIDIA’s Fermi architecture. Therefore, we have used Fermi GPU as
our baseline GPU architecture as reported in Table 2.2. There are seven memory
related parameters not shown in the table which vary in different GPU architectures
that the models we propose explore their sizes to achieve application specific optimum

power-performance GPU architecture.
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Table 2.1: GPGPU Benchmarks used to evaluate the proposed models.

benchmark description

NN [6] Neural Network

LPS [28] 3D Laplace Solver

STO [1] SoreGPU

CP [86] Coulombic Potential

AES [58] Cryptography

RAY [60] Ray Tracing

BFS [§] Breadth first search

NQU [75] N Queens Solver

Needle [§] DNA sequence alignments

HotSpot [§] Thermal modeling

BackProp [8] Back propagation

SRAD [§] Speckle Reducing Anisotropic Diffusion

VecAdd [64] Vector addition

Gaussian [§] Linear system solver using Gaussian Elimination

DWT [64] Sparse Matrix Collection

Transpose [64] Transposing a floating point matrix

EigenValues [64] Computation of eigenvalues

ConvolutionTexture [64] A separable convolution filter of a 2D image
without using shared memory

MergeSort [64] Merge Sort

ConvolutionSeparable [64] A separable convolution filter of a 2D image

LIB [86] Swaption portfolio calculation

MUM [§] High Throughput Sequence alignment

ScalarProd [64] Scalar products of input vector pairs

Histogram [64] 64bin histogram calculation

2.2 Design Space Exploration for Efficient Resource

Allocation

As technology advancements provide designers with a growing chip real-estate, effec-
tive methods of exploiting the available resources becomes essential. The goal of this
work is to revisit GPU design and introduce a fast, low-cost and effective approach
to optimize resource allocation in future GPUs. Our solution utilizes the Plackett-
Burman (PB) methodology [76] and formulates a constraint optimization problem to
find the optimal GPU design for different available chip real-estate budgets without
resorting to exhaustive design space exploration. Our results show that for the ap-
plications and configurations investigated, our solution matches the design suggested

by an exhaustive search for most of the cases, and for the other cases the proposed
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Table 2.2: GPU configuration.

Parameter Value Parameter Value
Number of shaders 30 Warp width 32
Shader clock frequency 1.3 GHZ Scheduling PDOM
Max thread per shader 1024 max CTA/Shader 8

SIMD pipline width 32

solution is the second best design.

2.3 Design Space Exploration using a NN-Based

Power and Performance Predictor

In the model presented in Section 2.2, we assumed that the effect of changing the size
of each architectural parameter on performance is linear. This is true only for a small
sub-range of the effective range of each parameter. Especially, when the performance
is becoming saturated, the performance gain from having more of those units on the
GPU becomes smaller. For example, consider a memory intensive application for
which we change the number of memory controller blocks. The performance of the
benchmark may double if we change the number of memory controller blocks from 1 to
2, and from 2 to 4. But the performance may not be as sensitive when we increase it to
more than 4 memory controller blocks because of the memory access characteristics
of the application. Considering only the variation of the parameter that linearly
affects the performance reduces the solution space that the model searches for the
optimum result. However, the optimum result may not be in this short version of the
design space. Also, Plackett-Burman design does not account for intera-parameter
interactions.

If we want to consider the full effective range of each architectural parameter,
then we need a model that learns this non-linear behavior. We propose to link appli-
cation power and performance to GPU configuration. To this end, we use a neural
network based predictor to learn the relationship between the power and performance
of GPGPU applications and the configuration of the GPU. The advantage of a NN-
based predictor is its ability to learn the non-linear effect that changing the size of
architectural parameters has on the system’s response, i.e. power and performance.

For each benchmark we create a pool of GPU configurations by varying the size
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of seven architectural parameters such as, caches, register file and the number of
memory controller blocks. Then, we simulate the execution of the benchmarks on
different configurations to obtain the power and performance values. The size of the
configuration pool, i.e. the design space, depends on benchmark’s characteristics.

For each benchmark we build two models, one for power and one for performance.
We train the models with a small subset of the design space and use the trained
models to predict the power and performance of the rest of the design space.

We have evaluated the proposed models using GPGPU benchmarks listed in Ta-
ble 2.1, with different design space sizes. We were able to achieve acceptable general-
ization ability of the model , indicated by low prediction errors, for each benchmark
by utilizing a small subset of the design space for training. In order to determine
the accuracy of the model, we compared the outputs of the model against results
obtained from simulation. The trained models could successfully predict the activity

of the configurations in the design space with acceptable error.

2.4 Predicting Optimum Configurations Using Multi-
Objective Optimization Method

The NN-based power-performance predictor presented in Section 2.3 predicts, for a
given application, the power and performance of all configurations in the design space.
Based on the goal of the system, one may want to choose a subset of the design space
that meets a certain criterion. For example, configurations that offer the highest
performance with minimum power dissipation. To do so, one needs to examine the
power and performance values of all configurations in the design space and find the
power-performance optimum configurations.

Searching the whole design space is not a trivial task as for some benchmarks there
are thousands of configurations needed to be explored. Therefore, we propose to aug-
ment the model presented in Section 2.3 by employing a multi-objective optimization
technique.

We propose to use Pareto Optimal multi-objective optimization method [17] to
obtain the optimum configurations with respect to multiple objectives. The objec-
tives we have defined in this study are maximum performance and minimum power
dissipation.

However, we are using the NN model to obtain the required power and performance
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values to use in the Pareto Front optimization. At the end, given that the model is
not error free, we obtain the true (simulated) power and performance values for the
identified configurations and show that the obtained configurations are very close in
power and performance from the actual Pareto Front. As such, our proposed method
is accurate enough and results in semi-optimal configurations. Additionally, it is
computationally efficient as it utilizes the NN model and it only needs to simulate a

very small number of configurations.

2.5 Predicting Power-Performance Optimum Con-

figuration Using Code Attributes

The model we presented in Section 2.3 uses an application specific NN-based predictor
to explore and predict the design space of GPGPU applications. Although the pro-
posed model produces accurate results, the training time of the model grows with the
size of the design space. For applications with large design space the training phase
of the model takes days to complete. Also, to train the model the actual power and
performance values of the configurations in the training set are needed. We obtain
actual power and performance values using a simulator as we discussed earlier in this
chapter. Depending on the complexity of applications’ behavior and the size of the
design space, the training set may include hundreds of configurations and simulating
those configurations can take a long time.

We propose to model GPU architectural parameters as a function of attributes of
an application and hence obtain an application independent model. The model, when
built and trained, can predict the power-performance optimum configurations for any
given application based on the attributes of the application. To this end, we need to
train the model using a set of applications for which we have the power-performance
optimum configuration. The model we will present in Section 2.4 can be used for this
purpose.

In the training phase, the inputs of the model are GPGPU kernel attributes, such
as the grid size, thread block size and number of basic blocks and the optimum GPU
configurations for the applications in the training set. Once the training phase is

finished ! the model can predict a power-performance optimum configuration based

'The time requires to train a model depends on the complexity of the problem and may vary
from few hours to few days.
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on application’s attributes.

The advantage of this model over the model presented in Section 2.4 is that ob-
taining the attributes of an application is much faster than simulating the training set
configurations. Although the user needs to obtain the power-performance optimum
configurations for the applications in the training set, it is a one time task, and once

done, the model can be used to predict unseen applications’ optimum configurations.

2.6 Obtaining a Good Configuration for a Set of
Application Code

As we discussed in Section 2.4, we use Pareto Front optimization technique to obtain
a set of application-specific power-performance optimum configurations. We propose
a method to obtain a GPU configuration that performs well for a set of applications
with respect to variety of performance metrics such as high performance, low power

and optimum power-performance.

2.7 Outlier Detection Heuristics

The model presented in Section 2.3 produces accurate results. However, there are
some predictions with large errors (outliers). Although outliers comprise a small
portion of the design space, it is desirable to determine and exclude them from the
output of the model. We have devised methods to detect and filter out outliers
using the characteristics and geometry of the design space as well as the process of

developing the NN model.

2.8 Accelerating NN Ensemble Using Quantum An-

nealing

Although the NN model presented in Section 2.3 is a robust model, the model develop-
ment phase takes a long time? due to the heuristics that it uses to prevent over-fitting
and improve the generalization capability of the network. The heuristic that is used

to prevent over-fitting is called Guided-selection heuristic.

2For some benchmarks it takes several days depending on the computational platform used for
training.
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In our model, the configurations in the set that is used to develop the model during
the training phase is divided into training set, test set and validation set. Validation
set is used to prevent over-fitting.

The Guided-selection heuristic is used to select the validation set. In the validation
set we strive not to have exemplars that are unique and dissimilar from the ones in the
training set. The Guided-selection heuristic determines how unique are the various
exemplars by attempting to train NN without the said exemplar and determining the
generalization capabilities of the resulting models. It uses this information to select
a validation set that results in maximum generalization.

The method, because of the training requirement, is computationally expensive.
We propose an alternative faster method that judges the suitability of an exemplar
to be placed in the validation set based on its "distance” from the exemplars in
the training set. If the ”distance” is small, it could be placed in the validation
set. We have formulated the problem as a quadratic optimization problem and used
quantum annealing infrastructure to solve. The results show radical improvement in
the development time of the model, while preserving the generalization capability of
the NN model.

In the chapters that follow, we will present each of these models and refining

heuristics in more details.
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Chapter 3

Efficient Resource Allocation in
GPUs

In the previous chapter, we briefly introduced the models we have developed to study
the resource allocation, power and performance prediction, design space exploration,
outlier detection and optimization techniques used to predict the optimum GPGPU
configurations and accelerating training phase of the NN model. In this chapter, we
present details of the model we developed for efficient resource allocation in future
GPUs.

Employing Graphics Processing Units (GPUs) as accelerators for general-purpose
throughput-intensive workloads has become an important part of high performance
computing. As technology advancements provide designers with a growing chip real-
estate, choosing a particular GPU part or parts (e.g. registers, caches) on which we
would spend the limited transistor budget that result to a maximum improvement
of a targeted performance indicator becomes challenging. The goal of this work is
to revisit GPU design and introduce a fast, low-cost and effective approach to opti-
mize resource allocation in future GPUs. Our solution utilizes the Plackett-Burman
methodology [76] and formulates a constraint optimization problem to find the opti-
mal GPU design for different available chip real-estate budgets without resorting to
exhaustive design space exploration. Our results show that for the applications and
configurations investigated, our solution matches the design suggested by an exhaus-
tive search 48 out of 57 times, and for the cases the proposed solution did not match
the one found by the exhaustive search, the maximum error is less than 3.5%.

The remaining of this chapter is organized as follows. In Section 3.1 we review
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the Placket-Burman design and the Knapsack Problem that are used to develop the
model. In Section 3.2 we discuss our methodology. In Section 3.3 we present the

results, and review the related work in Section 3.4. We conclude with Section 3.5.

3.1 Background

3.1.1 Plackett Burman Design Technique

In design space exploration, one needs to conduct numerous experiments varying a
number of parameters to ensure full exploration. In designs with /N parameters, each
one taking one of L values, L’ experiments need to be conducted. Plackett and
Burman [76] introduced a method which can measure the effects of the N parame-
ters, where multi-parameter interaction is not present, by conducting X experiments,
where X is the next multiple of 4 strictly greater than N. A Plackett-Burman design
with fold-over, can quantify the effect of two interacting parameters. To capture the
pairwise interaction of the parameters [96] we have utilized a Plackett-Burman design
with fold-over.

Plackett and Burman [76] introduced templates of experiments for different num-
ber of parameters. Table 3.1 shows an example of such a template (with fold-over).
The rows correspond to the experiments while the columns correspond to the parame-
ters. A “+” (“—") sign indicates that for the experiment indicated, the corresponding
parameter is set to its maximum (minimum) value.

For each experiment i, a target performance metric 7T; is measured. After running
all experiments, it is possible to calculate the effect of each parameter on the design.
We denote by S, the effect of parameter oo on the target performance metric. S, can
be calculated by subtracting the target values corresponding to the low parameters
from those when they are high. For example, from Table 3.1, the effect Sg of param-
eter F is calculated as:

Sp=T\—To+ T35+ Ty +T5—Te—Tr—Ts— Ty +Tio— T11— Tio— T3+ T1a + T15 + T

The larger the magnitude the more influence the parameter has on the target
performance metric. We are using this in the techniques introduced in this chapter as

well as in deriving an additional descriptor of the NN models introduced in Chapter 4.
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Table 3.1: Placket-Burman design with fold-over; 7 parameters, 16 experiments.
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3.1.2 Knapsack Problem

Given a transistor budget to spend on a GPU’s resources, we need a method to
choose the architectural parameters to spend the transistor budget on that result to
a maximum improvement of a targeted performance indicator.

Using the PB design method, we have obtained the importance or value of each
architectural parameter. There is a transistor count associated to each parameter
that defines its cost (See Section 3.2.1). For a given transistor budget, the model
tries to find the GPU configuration that fits within the budget and maximized the
performance. This best fits the Knapsack problem [88].

Denoting by v; (w;) the value (weight) of an item of typej, b; the maximum num-
ber of items of type typej and C' the capacity of the knapsack, the knapsack problem

is stated as:

Select z; (j = 1, ..., n) items of typej so as to maximize z =Y . | v;z;
subject to Z?Zl w;z; < C;0<x; <b; and integer; j € N =1,...,n
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This is a Bounded Knapsack Problem (BKP) [88], a generalization of the 0-1
knapsack problem. We assume that v;, w;, b; and C' are positive integers. We used
Knapsack optimization technique to optimize the resource allocation under different
transistor budget scenarios. A sample code can be found in the Appendix A.1.

One can solve Knapsack problem using brute force method by trying all possible
solutions in the design space which is not computationally efficient. Other meth-
ods are exact methods [19], such as branch-and-bound and linear programming and
sub-optimal and probabilistic methods [24]. We solve the Knapsack problem using
integer linear programming method [19] as it produces exact solution and the solver

is available through Matlab’s optimization package.

3.2 Methodology

Imagine we are designing the next generation of a GPU and because of a larger chip
or smaller technology size, we can have 300 million more transistors on the chip.
On which architectural element should we spend them to maximize the performance
improvement of the new GPU?

The objective of the model we propose in this chapter is to find the GPU config-
uration that achieves maximum performance under a given transistor budget. Such
problem can be solved by an exhaustive design space exploration, which is computa-
tionally expensive.

Our approach formulates the problem as a knapsack problem which can be solved
efficiently [73]. In formulating the knapsack problem, one needs to identify the value
(v;) and weight (w;) parameters. While the weight parameter is easily identifiable
as the transistor count of each unit, the value parameter is not as directly identifi-
able. The value parameter simply shows the contribution of each of the architectural
units to the performance of the overall architecture and for a particular application.
This information is not readily available. We postulated that within the domain
of exploration, the contribution of each unit to the performance is proportional to
its cardinality and or size. The proportionality coefficient (i.e. the walue) though
is unknown. In this work, we shall show that the effect S, of parameter a as per

Plackett-Burman, can be used as the value.
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3.2.1 Establishing the transistor count

Configuring a GPU involves choosing the number of memory controllers, the size of
the data cache, the size of the register file and the size of the constant cache among
other parameters. We included the parameters that had significant influence on the
performance and we could estimate the transistor count of the parameters. For some
of the parameters, e.g. SIMD cores, it was not possible to estimate the transistor
count as there is not much information on the details of those parameters. However,
the method we are presenting can be scaled with any number of parameters.

We estimated the cost (in number of transistors) for the data cache, the constant
cache and the register file following the method cited in [82]. The method estimates
the transistor count of memory-based components by accounting for the size of the
component, the number of transistors required for each SRAM bit cell (4 transistors),
each read (1 transistor) and write ports (2 transistor) of the bit cell.

For the cost of the memory controller, as the NVIDIA data are proprietary, we
used the cost of a Xilinx memory controller core [95] as an estimation to NVIDIA’s
memory controller. However, the Xilinx design of the memory controller may not be
efficient since it uses FPGA instead of custom silicon. The memory controller core
supports SDRAM/DDR/DDR2/DDR3 memory. A DDR3 version of the core can be
implemented on Spartan-6 LXT [93] to achieve the technology size (i.e. 45 nm vs
Fermi’s 40nm) and clock speed (i.e. 533 MHz vs Fermi’s 700 MHz clock) close to the
Fermi. The implementation requires approximately 300K transistors [95]. The cost

for each unit are shown in Table 3.2.

Table 3.2: Transistor cost (in millions of transistors) of resource units

Parameter Size/Number Cost Parameter Size/Number Cost
memory controller 1 0.3 Constant cache 32KB 52
DL1 cache 32KB 87 Register file 32KB 170

3.2.2 Benchmarks

We used the following set of GPGPU benchmarks from NVIDIA’s CUDA Software
Development Kit (SDK) [64] and Rodinia [8] benchmark suits: AES Cryptography
(AES); Fast Walsh Transform (FWT); LIBOR Monte Carlo (LIB); 3D Laplace Solver
(LPS); Montcarlo; Neural Network Digit Recognition (NN); Scan; Srad; Black sc-



46

hole; Hotspot; Ray tracing (Ray); Matrix multiplication (Matrix); Back propagation
(Backprop).

These benchmarks were compiled and run on the GPGPU-Sim [5] simulator with
the system configuration shown in Table 3.4. The ranges of the sizes or cardinality of
the units used in configuring the GPU for our experiments, are shown in Table 3.3.
The variation in the values of these parameters resulted in a large number of possible
configurations. Totally, we experimented with 553 configurations. The simulations
resulted in performance estimates for each configuration and for each benchmark,

reported as Instructions Per Cycle (IPC).

Table 3.3: Benchmarks and low and high values of resources

Benchmark MCB DL1 Cache Const Cache Register File

AES 1-3 1KB,2KB 512B-8KB 4KB,8KB
FWT 1-4 4KB-32KB N/A 4KB,8KB
LIB 3-5 32KB-128KB 64KB-256KB 2KB,4KB
LPS 1-3 1KB,2KB N/A 2KB,4KB
Montcarlo 1-5 32KB,64KB  1KB,2KB 8KB,16KB
NN 1-4 SKB-32KB 512B,1KB 4KB,8KB
Scan 1-3 512B-2KB N/A 2KB-8KB
Srad 1-6 2KB-256KB  N/A 4KB-16KB
Blackschole 1-4 2KB-8KB N/A 4KB,8KB
Hotspot 1,2 1KB,2KB N/A 8KB,16KB
Ray 1-3 1KB,2KB 1KB-32KB 8KB,16kB
Matrix 1-5 1KB,2KB N/A 4KB,8KB
Backprop 1-3 1KB,2KB N/A 4KB,8KB

3.2.3 Use of Plackett-Burman and optimization

In order to determine the value parameters, we applied the Plackett-Burman method-
ology with fold-over for each benchmark. The number of parameters used was four
(i.e. number of memory controllers, the size of the data cache, the size of the register
file and the size of the constant cache). These parameters have significant influence
on the performance and we could estimate their transistor count.

The resulting effect values, S, (one for each of the configuration parameters), are
used as the walue parameters for the knapsack optimization problem while as the
weight parameters we used the transistor counts for each of the units as discussed in

Section 3.2.1 above.
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Table 3.4: GPU configuration.

Parameter Value Parameter Value
Number of shaders 30 Warp width 32
Shader clock frequency 1.3 GHZ Scheduling PDOM
Max thread per shader 1024 max CTA/Shader 8

SIMD pipeline width 32

We postulated earlier that the contribution of each of the units relates linearly
to the performance obtained. Figure 3.1 shows the performance (as IPC) as a func-
tion of the number of memory controllers and for different sizes of the Data Level 1
(DL1) cache for the LIB benchmark. As the figure shows, the linear dependence of
the performance on the number of controllers is evident for most of the domain of
exploration.

We used Matlab’s! linprog function to solve the knapsack problems. The linprog a
linear programming problem and accepts real solutions, we imposed a mapping from
the real solution space to an integer discrete space.
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number of memory controllers

Figure 3.1: Performance of LIB benchmark for different sizes of DL1 cache and num-
ber of memory controller blocks

3.3 Evaluation and Results

In this section we present the results. As mentioned earlier, in this model we have
studied four GPU resources as follows: memory controller block, DL1 cache, constant
cache and register file. Table 3.2 shows the estimated costs of the parameters in terms

of transistor counts while Table 3.3 shows the ranges of the configuration parameters.

'Matlab is a registered trademark of The Math Works, Inc. linprog is in the optimization toolbox.
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Note that not all benchmarks have constant memory access instructions. Therefore,
we have evaluated our method using three or four parameters depending on the
benchmark under simulation. We have limited the number of memory controller
blocks (MCB) to six, as more than five MCBs do not affect performance for most
benchmarks.

We run the optimization problem for a gradually increasing transistor budget and
for each budget, we obtain the resulting optimum-performance configuration. Figure
3.2 shows the resulting configurations for the NN benchmark. The horizontal axis
refers to the transistor budget while the vertical axis shows the number of units cor-
responding to the optimum configuration. In Figure 3.2, one can distinguish regions
of the transistor budget where the configuration does not change. For the NN bench-

2 marked by numbers 1

mark (please refer to Figure 3.2) we distinguish five regions
to 5 on Figure 3.2.

As an example, for a transistor budget of no more than 67 million transistors (i.e.
within region 2), the optimum configuration comprises four memory controller blocks
(MCBs), 2 units of DL1, one unit of Constant Cache and one unit of Register file.
Some explanation is necessary here as to the definition of a unit. While the memory
controller blocks are self evident, the units of the other parameters vary with the
benchmark. For example for the NN benchmark (please refer to Table 3.3), a unit of
DL1 Cache is 8KB, a unit of Constant Cache is 512B while a unit of Register File
is 4KB. In this work, we have used as a unit the minimum size considered for each
configuration parameter and for each benchmark, and then allowed the optimization
function to return as a solution a configuration comprising multiples of the units of
each parameter. For the said example, the optimum configuration obtained comprises
4 Memory Controller Blocks, 16 KB of DL1 Cache, 512B of Constant Cache, and a
4KB register file. Please note that the caches and register files can only be configured
in sizes that are power of two. If the solution of the optimization returned a config-
uration that had a parameter that violated the "power of two rule”, then the size of
this parameter was fixed to a power of two that was less than the size suggested by
the optimization, the excess transistor budget was returned to the transistor budget,
and another optimization was run on the remaining parameters.

To ensure that the configurations suggested by the optimization method are indeed
optimal, we also performed an exhaustive search of all possible configurations adhering

to the transistor budgets considered and compared the results. We shall analyze these

2We define a region as the range of transistor budget for which the configuration does not change.
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Figure 3.2: Optimum configuration regions for the NN benchmark.

results in Section 3.3.1 below. To conclude the example of the NN benchmark, Table

3.5 presents all possible configurations that adhere to the transistor budget of 67

million. The configurations are obtained by enumerating the solutions. As it can be

verified, the configuration suggested by the optimization solution (Confl12) has indeed

the optimum performance. It is worth noting that the design space size of the NN

benchmark is relatively small (48 configurations). For larger design spaces it will be

computationally more efficient to use the proposed model rather than checking all

possible solutions for different transistor budgets.

Table 3.5: All configurations for region 2 of the NN benchmark

parameter Confl Conf2 Conf3 Conf4 Conf5 Conf6
memory controller 1 1 1 1 2 2
constant cache 512B  512B  1KB 1KB 512B 512B
DL1 cache 8KB 16KB 8KB 16KB 8KB 16KB
register file 8KB 4KB 8KB 4KB 8KB 4KB
IPC 39.32 5271  39.74 52.59 48.78 59.28
cost 65.36  65.86 66.17 66.67  65.66 66.16
parameter Conf7 Conf8 Conf9 Confl0 Confll Confl2
memory controller 2 3 3 3 4 4
constant cache 1IKB 512B  512B 1KB 512B 512B
DL1 cache 8KB 8KB 16KB 8KB 8KB 16KB
register file SKB 8KB 4KB 8KB S8KB 4KB
IPC 48.90 52.83 61.55 52.49 54.98 62.38
cost 66.47 65.96 66.46 66.77  66.26 66.76

3.3.1 Results

Table 3.6 shows the Plackett-Burman results for the benchmarks.

Each column

marked with the name of the parameter reports the effect S, of the said parame-
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Table 3.6: Resulting parameter effects after Plackett-Burman for all benchmarks

Bench. MCB Rank DL1 cache Rank const cache Rank RF Rank
AES 57100 1 17742 4 35500 2 18922 3
FWT 127799 1 73903 2 — - 459 3
LIB 1482938 3 2284182 2 1051960 4 6037368 1
LPS 340704 1 136082 2 - 16736 3
Montcarlo 445073 1 293537 2 46469 3 26229 4
NN 1054553 2 1508787 1 5307 3 535 4
Scan 12372 1 9708 2 — - 1748 3
Srad 139159 1 2125 2 — - 117 3
Blackschole 3110257 1 142613 2 — - 29369 3
Hotspot 433926 1 133392 2 — - 4584 3
Ray 34441615 2 38417897 1 1405 4 5684461 3
Matrix 13693 1 7931 2 — - 1775 3
Backprop 14864 1 12020 2 — - 476 3

ter. The columns marked by ”Rank” represent the rank of the effect of the parameter
to its left. Thus, for the NN benchmark, we see that the DL1 Cache is ranked as
first, that is this benchmark’s performance is influenced primarily by the size of its
DL1 Cache. It is interesting to note that for most of the benchmarks, the num-
ber of memory controllers influences the performance the most, indicating that the
higher memory bandwidth may improve performance significantly, seconded by the
size of the DL1 cache, while the sizes of the Constant Cache and the Register File
have a lesser impact. However, for some benchmarks, e.g., NN, Ray, LIB and AES,
the parameters’ rank follows a different order. For example, AES is composed of a
single kernel which has 257 blocks of 8 warps. Two blocks can run concurrently on
each shader which increases the significance of the number of memory controllers to
provide sufficient bandwidth. As AES is optimized to store constants in constant
memory the performance is sensitive to the size of constant memory. On the other
hand, few local memory accesses reduce the sensitivity of performance to the DL1
cache. LIB runs two kernels, each having 64 blocks of 64 threads. Excessive register
file usage of each thread limits the number of concurrent blocks. Similar explanations
on the parameter sensitivity can be obtained for the other benchmarks.

Figure 3.3 shows the performance (as IPC) of the best (gray bars) and model-
suggested (black bars) configurations for all regions of each benchmark. On average,
there are 6 configurations in each region. As it can be seen, the optimization algo-
rithm suggested solutions match the optimum performance ones as found through
exhaustive search of all possible configurations, except for nine cases. Namely the
solutions suggested by the optimization procedure for Regions 1 and 4 of the AES
and Regions 4 and 5 of the Srad and Regions 2, 3, 4, 6 and 8 of the Ray benchmarks,



51

have performance that is slightly lower than the optimal solution found through ex-
haustive search. For these cases, the performance of the configuration obtained by the
optimization method is the second best solution among 14 configurations per region,
averaged over all the benchmarks.

The average error in predicted performance is about 0.8% with a maximum error
of 3.5%. We compared the results generated by the proposed model against randomly
generated results. The random model, randomly selects one of the possible configura-
tions from each region as the optimum configuration. We repeat the random process
for one million iterations and report the average error. On average, the performance
error of the randomly selected configuration relative to the actual optimum config-
uration is about 35%. On average, 16% of the times the random model generated
results better than the proposed model. As the results indicate the proposed model

is more informed than the random model.
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Figure 3.3: Performance Comparison between the Model-suggested and the best per-
forming configurations for different benchmarks

3.4 Related Work

Jia et al. [42] proposed an automated GPU performance exploration framework,

named Stargazer, based on stepwise regression modeling. Stargazer simulates de-
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sign points which have been sampled randomly from a full GPU design space and
uses these sample simulation to build a performance estimator. The results showed
that using 0.03% of full design space, Stargazer predicts the performance of any design
point with less than 1.1% error.

Palermo et al. [72] proposed a DSE methodology for application-specific multipro-
cessor system-on-chip. The proposed methodology uses design of experiment tech-
niques, e.g. random and full factorial, to find a set of good candidate architecture
configurations to minimize the number of simulations. Then using response surface
modeling and the simulation results, an analytical representation of the system’s ob-
jective function is generated.

Couvreur et al. [97] applied Multi-dimensional Multiple-choice Knapsack Problem
(MMKP) to design a MultiProcessor System-on-Chip (MPSoC) runtime manager.
Whenever the environment is changing, the runtime manager considers the specifi-
cation of available application mappings, information provided by the design time
exploration, the platform information, and the user requirements to select operating
points that minimize total energy consumption. Lilja et al. [96] applied Plackett-
Burman design to identify key processor parameters and analyzed their effect on
processor enhancement.

As far as we know, at the time of conducting this research, our model was the first
to linked the performance of the GPU to architectural parameters under transistor
budget limitation. The model development phase requires a few simulations to cal-
culate the influence of different confrontational parameters on the performance and

can easily be extended to larger problems with more parameters.

3.5 Conclusion

In this chapter, we presented a method that establishes a GPU configuration that
adheres to a transistor budget limit and obtains the optimum or near optimum per-
formance. Among all parameters in GPU design space, we used four parameters,
i.e. register file size, shared memory and data cache sizes and number of memory
controller, that we could estimate the costs in term of transistor count. We did not
include the remaining of the parameters, because of the difficulty in calculating the
costs. Therefore, the solutions the proposed model yields are sub-optimal solutions
as it does not consider the complete solution space.

Our method delivered the optimum performing configuration in 48 out of 57 cases,
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and for the nine cases where the configuration did not achieve optimum performance,
its performance lagged the optimum one by around 3.5% maximum error and 0.8%
average error. Our method is very efficient in that it requires far fewer simulations to
achieve its results. For example, for the case of the SRAD benchmark, an exhaustive
design exploration would have required the simulation of 144 configurations, while
our method arrives at the optimum configuration by simulating just 16.

The method we presented in this chapter was built based on the assumption that
the changes in the configuration of the GPU linearly affects the performance. In the
next chapter we will show that the effect is not linear and propose a model that learns
the non-linear relationship between the architectural parameters and the power and

performance of a GPU.
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Chapter 4

Neural Network Based GPGPU

Power and Performance Predictor

Application and architectural parameters influence the power and performance of
GPUs. Studying all possible configurations of an application on a real GPU is not
feasible because of 1) the time consuming nature of the problem and II) limitations
in configuring architectural parameters. GPGPU power and performance simulators
and analytical models can be used for this purpose and they provide more flexibility
to configure architectural parameters. The downside of using simulators is that the
execution time is longer than running the application on a real hardware.

In the previous chapter we employed Plackett-Burman design and linear integer
programming to predict optimum configurations for GPGPU applications under area
constraints. That model showed that the performance can be modeled as a function
of the architectural parameters of the GPU . A limitation of that model was the
assumption that the performance is linearly related to the parameters. However, as
we showed in Figure 2.1 of Chapter 2, the power and performance relations almost
linear with the architectural parameters except for the extreme values of the param-
eter. Therefore, the linear relationship assumption reduces the search space of the
solution, leaving out some of the possible optimum solutions. In order to capture this
non-linearity, in this chapter, we propose to model the power and performance as a
function of architectural parameters of the GPU. The proposed model uses a neural
network to learn this relationship and predict the power and performance of GPGPU
applications based on the GPU configuration.

The model is composed of three steps.
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e In the first step, the model reduces the size of the design space by limiting the
range of each configuration parameter to values that are actually contributing
to performance. In this step, the model eliminates GPU configurations that
have low hardware resource utilization which means they are power inefficient

and are not of interest of the system designer.

e In the second step, the model utilizes a neural-network based predictor and
a small randomly selected subset of the design space for training proposes to

predict power and performance of all configurations in the design space.

e In the third step, the model employs a heuristic to evaluate the accuracy of the
predictions made by the model and indicate the possible outliers which will be

excluded from the final results.

The neural network-based prediction model that we use was introduced to address
the problem of generalization. It is an ensemble neural network system and has been
used previously in Quantitative Structure-Activity Relationship (QSAR) studies in
particular to predict enzyme-inhibitory activities [34]. The predictor uses mechanisms
and heuristics to train one or more neural networks with high generalization abilities.

In our case, we train the predictor based on examples of GPU architectural con-
figurations and the performance and power of specific benchmarks running on those
configurations. To each of the configurations there corresponds an exemplar compris-
ing a vector of descriptors and the expected (experimentally derived from simulations)
power and performance. Since the power/performance characteristics are also bench-
mark specific, for this work, we develop benchmark specific predictors.

It is worth mentioning that the GPU configuration is determined statically and
the configuration will be fixed for the entire execution of any benchmark that runs
on the GPU. Also, we assume the GPU is dedicated for computing and not graphic
processing.

The configuration descriptor comprises (a) the number of memory controllers, (b)
register file size, (c¢) shared memory size, (d) constant cache size, (e) data-level-one
cache size, (f) data-level-two cache size, (g) instruction cache size and (h) the amount
of parallelism. We have also introduced the effect of each parameter on the power
and performance to the predictor by adding Plackett-Burman Design [76] results to
the descriptor vectors.

The predictors accurately predict power and performance of GPGPU applications

for most of the configurations in the design space with average prediction error of less
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than 6.5%. It is worth mentioning that the error of the NN-based model is larger than
the model we presented in the previous chapter, because the domain of the previous
model was sub-domain of the NN-based model for which we consider more configu-
rational parameters. Also, in the previous model we employed the Plackett-Burman
design technique which explores only a range of each configurational parameter that
maintains the linear relationship between the performance and the parameters. But,
the NN-based model goes beyond that and explores a wider range for each param-
eter. Therefore, the NN-based model searches a much larger solution space as it is
not limited by the assumption that the power and performance values are linearly
related to the configurational parameters of the GPU. For configurations with high
prediction errors, an outlier detection mechanism is used to filter them out from the
output of the predictor. The proposed filter captures most of the extreme outliers
and improves the accuracy of the predictor.

We have evaluated the proposed model using four GPGPU benchmarks, i.e., AES,
CP, LPS and STO [8], with various design space sizes !. The range of the architectural
parameters are listed in Table 4.1. In order to determine the accuracy of the predictor,
we simulated the whole design space for each benchmark and compared it against the
predictor’s outputs. The trained predictor could successfully predict the activity of
the remaining configurations in the design space with mean error as low as 3.5%
(AES), 1.77% (CP), 6.5% (LPS) and 6.5% (STO).

Although the mean error of the predictor is low, there are some configurations with
large prediction errors which we call outliers. The prediction errors of the outliers
go as high as 69%, 54% 102% and 89% for AES, CP, LPS and STO, respectively.
Although outliers comprise a small portion of the design space, it is desirable to be
able to determine and exclude them from the output of the predictor. To this end, we
have devised methods to detect and filter out outliers using the characteristics and
geometry of the design space as well as the process of developing the NN predictor.
We proposed this outlier detection method in our previous work [49]. Using the
proposed outlier detection mechanism, we could filter as many as 35%, 9%, 27% and
7% of the outliers for AES, CP, LPS and STO, respectively.

As we shall see in Chapter 5 we have improved the computational complexity of
the training method and were able to model 16 more benchmarks.

The chapter is organized as follows. Section 4.1 represents background on GPU

!'The GPU clock frequncy is the same for all the configurations in the design space. We do not
consider the effect of changing the configurational parameters on the clock frequency of the GPU.
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architecture, simulations, benchmarks and the NN model used. Section 4.2 discusses

our methodology. Section 4.3 presents the results and Section 4.4 concludes.

4.1 Background

4.1.1 GPU Architecture

We evaluate the proposed method on NVIDIA’s Fermi GPU architecture. We pre-
sented the detailes of the Fermi in Chapter 1 on page 11. Table 2.2 on page 36
summarizes the configuration of the GPU that is simulated in this work. However,
the values of the configuration parameters, i.e. the number of memory controller
blocks, the size of register, shared memory, DL1, Data Level 2 (DL2) and Instruction
Level 1 (IL1), vary for each configuration in the design space (c.f. Table 4.1).

4.1.2 Simulations and Benchmarks

We have used GPGPU-Sim version 3.1.2., a cycle-level GPU power and performance
simulator [5]. For each example in the training set we have configured the simulator
and obtained the average power and performance metrics. We have evaluated the pro-
posed model with four benchmarks?, i.e., STO with 420 design space configurations,
LPS with 1280 configurations, CP with 3432 and AES with 23040 configurations. It
takes around 60, 600, 1400 and 2000 hours to simulate the STO, LPS, Cp and AES
benchmarks, respectively. A short description of each benchmark is presented in Ta-
ble 2.1 on page 35. We used a randomly selected, small subset of the design space for
training purposes, 5%, 5%, 5% and 2.5% of the design spaces of the STO, LPS, CP
and AES benchmarks, respectively.

4.1.3 Descriptor Vector Expansion

The descriptor vector for each GPU configuration includes 7 parameters as mentioned
earlier in this chapter. Through experimentation we found that including information

on the sensitivity of the performance as calculated by the Plackett-Burman approach,

2To evaluate the accuracy of the model, we simulate the whole design space for each benchmark
which, depending on the size of the design space, can take days to complete. Therefore, we could
not afford to evaluate the model with all the benchmarks we had access to.
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improved the accuracy of the resulting model. We have therefore expanded the de-
scriptor vector by including an additional descriptor, named PB, the value of which
is derived through the Pluckett-Burman approach.

As discussed in Chapter 3, Section 3.1.1, we obtain the magnitude of the effect of
each parameter to identify the importance of the parameter in determining perfor-
mance (or power). After obtaining the effects of all parameters for a configuration C;,
we calculate a single value for the configuration by adding up all the effects weighted
by the value of their corresponding parameter. Each of the weights is normalized to
the minimum value of the corresponding parameter. The calculated value shows the
total influence of the architectural parameters of the GPU on the power or perfor-
mance. We denote the number of units of a parameter o by W, and calculate the

Plackett-Burman value for configuration ¢ as follows:

PBZ = ZS:A Waﬂ' X Sa,i (4.1)

where W, ; is the normalized value (weight) of parameter « for configuration C; and
Sa,i 1s the Placket-Burman effect of parameter o on performance (or power). As an
example of determining the normalized weights consider that parameter A is the size
of the register file. In the design space under consideration, its minimum value is 2KB.
Assume that configuration C; was a register file of size 3KB. Then Wy ; = % =1.5

Plackett-burman design considers only the minimum and maximum of each pa-
rameter. If there is a non-linear relationship between the parameters and the power
or performance, the Plackett-Burman design may not capture this non-linearity. We
propose to explore the influence of the configurations in three regions of the design
space separately, i.e., the whole design space, lower sub-space of the design space and
upper sub-space of the design space.

To this end, we use the median of each configuration parameter to identify the up-
per and Lower design sub-spaces. The upper sub-space comprises parameters whose
values vary between their corresponding median and maximum while for the lower
subspace the parameter values vary between their median and minimum. Any con-
figuration may belong either to the upper or lower subspace, or it may not belong
to either of these two subspaces. For each of the subspaces plus the whole design
space, we apply the Placket-Burman approach separately, and calculate three sets
of S parameters. Then for each configuration, we determine whether it belongs to

either of the two subspaces when upon, we calculate the PB descriptor using the S
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parameters corresponding to the identified subspace. If the configuration does not
belong to either of the two subspaces, then we use the S parameters corresponding
to the whole design space.

Alo, we learned through our experiments that the balance between the number
of memory controller blocks, DL.L1 and DL2 cache sizes plays a significant role in the
system’s response. Therefore, we introduced an additional descriptor which represents
how well these parameters are balanced. For each configuration we calculate this as

follows:

MCBs * DL2
DL1

in which MCB is the number of memory controller blocks.

NewDescriptor = (4.2)

4.1.4 NN Ensemble

In this section we discuss the methodology we use to create the model. The particular
method that we have used is an ensemble method.

In a supervised learning technique, the model uses a sample data set with known
outputs to relate the outputs of the system as a function of the inputs. Then, the
function is used to predict the output of the system for new data. How well the model
generalizes its learning to new data is critical. In a NN model, some of the initial
parameters of the model, i.e. learning rate, weights, training and validation sets, are
chosen randomly. Every time that the model is trained, it ends up with a slightly
different mapping function, and therefore, it may end up in a different, perhaps, local
minimum?.

The process of training NNs is an ill-posed problem [59], in that infinitely many
solutions satisfy the training criteria, i.e. of having minimum error for the examples in
the training set. Generalization, that is choosing the correct function that will respond
correctly to an unknown example requires some kind of regularization, i.e. imposing
an additional criterion that will limit the choice of the infinite different solutions of the
training process. The NN ensemble we use trains many models and produces the final
result as a combination of the outputs of the trained models [31,51]. The model has
been used successfully on a number of applications including fault classification [74]

and to predict biological activity in QSAR problems [34].

3The loss function of a neural network is usually not convex and may have many local minimums.
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The universe of discourse for the present study, comprises the sets of configurations
of a GPU. Each set of configurations (customized for each benchmark) is divided into
a blind set and a model development set (Figure 4.1). The blind set is used to test
the accuracy of the model, and does not participate in its development. The model
development set is a small subset of the design space comprising between 2.5% to 5%

of the design space.

Design Space
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:
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Figure 4.1: The block diagram of the NN ensemble.

To provide the model multiple views of the problem, our methodology creates
12 randomly selected test sets from the model development set and the balance of
configurations is allocated to the corresponding residual set. Each pair of the test and
its corresponding residual sets is called a sequence. The test set is used to choose the
models with the best generalization capability and its size is application dependent

and is determined based on the size of the data set and complexity of the problem. We
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use test sets of 3, 4, 6 and 20 configurations for STO, LPS, CP and AES benchmarks,
respectively.

The residual set is used to construct models. For each sequence, the residual set
is further divided into the validation set and the training set. The training set is used
to train the NNs and the validation set is used to prevent over-training. The general
approach is to select the validation set randomly. However, if the configurations in
the validation set are quite different from the configurations in the training set, the
NN cannot make an accurate predict for it as it has not seen such configuration in the
training phase. On the other hand, if we choose the validation set from configurations
that their information is carried by the remaining configurations in the training set,
we provide the model with more information potentially improving its generalization
abilities.

To divide the residual set into training and validation sets, we use the Guided-
selection [51] heuristic that identifies the exemplars that are unique and dissimilar
from the ones in the training set and excludes them from the validation set. Using
the leave-one-out method, the Guided-selection heuristic determines how unique are
the various exemplars by attempting to train a NN without the said exemplar and
calculating the NN response for the left out exemplar to determin the generalization
capability of the resulting model. It identifies the exemplars that, when left out,
resulted in the highest error from the aforementioned group of NNs, as the exemplars
with “high information content” and selects the validation set from the rest of the
exemplars.

Now that the exemplars in the training and validation sets are identified, for each
sequence, we use these sets to train another large group (500) of NNs. We use these
trained neural networks in the next steps of development of our model.

In our ensemble model the assumption is that the domain of discourse is smooth.
To expose the smoothness characteristics of the domain of discourse, the Sensitivity
heuristic exposes the set of trained neural networks obtained earlier to perturbed ex-
emplars. We expect that minor perturbations of the input to a set of trained NN would
not have a significant effect on their responses. Therefore, the Sensitivity heuristic
discards the NNs that their responses change significantly. The remaining neural
networks will have a similar behavior towards the effects of the noise perturbations
on their training set elements.

After this step we need to integrate the responses of these sequences and make

predictions for the configurations in the blind set. For each exemplar in the blind
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set, we construct a different specialized model comprising NNs from a subset of the
sequences. We choose the sequences which, first, their NNs respond in a similar
manner to the said exemplar or their responses to be statistically close to each other,
i.e. follow a narrow Gaussian distribution. Second, we want the response distribution
of different sequences to be similar to each other. We use statistical tests e.g. t-test to
identify sequences that are not self similar. We reject these and retain the remaining
ones. The average response of the remaining sequences to the blind exemplar is
deemed the response of the model. This is the model refinement heuristic. For the

complete description of this procedure, please refer to [49].

4.2 Methodology

As we mentioned at the beginning of this chapter, to make predictions for the con-
figurations in the blind set, the model goes through three steps; a) determining the
effective design space, b) exploring the design space and ¢) detecting the outliers. In

this section we present details of each step.

4.2.1 Determining The Effective Design Space

The first thing that the proposed model does, is to decide a range for each configu-
ration parameter. It does that, by limiting the range of each parameter to the values
that contribute to GPU performance. For example, the number of memory controller
blocks determine the memory bandwidth and the more of these units we have on the
chip, the higher the memory bandwidth will be. On the other hand, the performance
saturates after a certain number of this unit which is application specific.

In this step, for each benchmark, we perform an exhaustive test for each configu-
ration parameter to determine its effective range. To this end, for a given parameter,
we set all other parameters to their extreme values, to make sure that they are not
performance bottleneck, and then we vary the parameter of interest until the perfor-
mance saturates.

For example, to determine the range for the DL1 cache for AES benchmark, we
set all other parameters to extreme values, e.g. number of MCBs to 15, DL1 cache
size to 4 MB etc. Then we simulate the benchmark for configurations that their DL1
cache varies from 500-Byte to 1 MB (16 different configurations). Then we limit
the range of the DL1 cache for the AES benchmark to the values that influenced
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the performance. On average, for each benchmark we need around 70 simulations to
determine the range of all 7 parameters. At the end of this step, for each benchmark,
the size of the design space is determined and the model moves on to the next step.

Table 4.1 reports the configuration parameters that are obtained from the first
step of the model and are used to create the design space as well as their size variations

for each benchmark.

Table 4.1: Range of variable GPU configuration parameters.

Parameter LPS STO AES CP

MCB 2-5 3-5 1-6 1-6

Shared memory 4-32 KB 32-64 KB 8-64 KB 48 KB

DL1 cache 1-8 KB 1-8 KB 1-3 Kb 4-32 KB

DL2 cache 1-8 KB 1-4 KB 500 Byte-4 KB 12-32 KB

Inst. cache 2 KB 8-32 KB 3-6 KB 500 Byte-1 KB
Register file 4-32 KB 16-32 KB 4-32 KB 2-16 KB
Constant cache 8 KB 8 KB 500 Byte-4 KB 500 Byte-6 KB

4.2.2 Constructing the Model

To explore the design space, the model uses a NN-based predictor, as discussed in
Section 4.1.4 to accurately predict power and performance of the GPU configurations.

The predictor uses a heuristic method to filter the outliers.

Normalization and Scaling

To each of the configurations there corresponds an exemplar comprising a vector of
descriptors defining the GPGPU configuration and the expected (experimentally de-
rived from simulation) power and performance. Before training the predictor, we
process and normalize the data set. We use Principal component analysis (PCA)
and we normalize the data using Standard Scores (Z-score [29]) to convert all the
descriptors to a common scale with mean of zero and standard deviation of one while
keeping the shape of the distribution of the descriptors. After Z-score normaliza-
tion, we divide the values of each descriptor by the maximum absolute value of the

normalized descriptor to scale the data between -1 and 1 *.

4For AES, we didn’t use PCA and Z-score and only normalized the data by scaling them between
-1 and 1.
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NN Predictor Development

We presented a detailed discussion about how our NN model are developed in Sec-
tion 4.1.4. For each benchmark, we use only a small percentage (5%) of the exemplars
to train our ensembles. The trained ensembles, on average make very accurate pre-
dictions, but the models are not error-free and there are outliers. In the next section

we present our outlier detection heuristic.

4.2.3 Outlier Detection

The model we discussed in the previous section makes accurate predictions for most of
the configurations in the Blind set. However, it miss-predicts some of the exemplars.
We define a prediction as an outlier if the prediction error is larger than the mean of
errors plus two standard deviations. This is quite possible, since the blind set may
include exemplars that represent functionality that is completely different from the
one expressed by the exemplars included in the training set.

In order to attempt to identify such possible outliers, we have developed a filtering
heuristic that attempts to identify such aberrant behaving exemplars. The rationale
of the heuristic developed is centered on the role the test set plays in the training of the
NN. The test set is used to identify the NN that would generalize correctly. Therefore,
for an unknown configuration, we examine how far or close its response is from the
responses of the test set configurations that are close to it. If the configuration is not
an outlier we should see small difference. Otherwise the difference should be large
meaning that the NN fails to generalize correctly. We proceed as follows.

As discussed in Section 4.1.4, at this stage, for each unknown exemplar (blind),
the model has identified a number of h sequences that comprise the blind-exemplar
specific model. We extract the exemplars that comprise the test sets of the said
sequences and select k closest neighbors to the unknown exemplar®. The idea for
choosing only the k£ closest neighbors from the test set is that configurations that
fall close to each other in the space of configuration parameters, should have similar
responses (i.e. power or performance). We have examined different numbers for k
and the results we have obtained show that choosing 4 closest neighbors produces
the best results for most of the benchmarks. Then, we obtain the difference between
the average response of the test set exemplars (R) and the response of the unknown

exemplar (R') as follows:

SWe use the Euclidean distance to calculate the distance between two configurations.
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Diff =R — 53" Zle R;; (4.3)

which ¢ and j enumerate the sequences and the closest neighbor exemplars in each
sequence, respectively.

The filter identifies 5% of the configurations in the Blind set with the largest
response difference as possible outlier. Our experiments showed that 5% of the blind
set configurations with highest distance values includes most of the extreme outliers
with minimum false positives. The filter is implemented in Matlab and the source

code can be found in Appendix A.2.

4.3 Results

In this section we report power and performance prediction and the outlier detection
heuristic results evaluated on NVIDIA’s GTX480 Fermi GPU architecture (Table
2.2 on page 36) using GPGPU-Sim [5]. We have evaluated the model with four
benchmarks as the process of simulating all design space configurations and training
the NN models are time consuming mainly due to the number of NNs that the Guided-
selection heuristic trains to identify the validation set. In Chapter 5 we propose a fast
and accurate alternative to the Guided-selection heuristic that enables us to evaluate
more benchmarks.

In order to determine the accuracy of the predictor, we simulated the whole design
space of the benchmarks and compared them against the predictions generated by
the predictor. We train the predictor, as outlined in Sections 4.1.4 and 4.2.2 and
predict the power and performance of the the remaining of the design space. Outliers
are detected through filtering as per section and 4.2.3.

Table 4.2 and Figure 4.2 summarize the results of the power and performance
predictors for the AES, CP, LPS and STO benchmarks (labeled original). As it
can be seen from the table, despite the low average error there exist outliers which
comprises less than 5% of the validation sets over all predictors for three benchmarks
(column marked as "% of outliers (original)” in Table 4.2).

In Table 4.2 we report the performance of the predictor that utilizes the filter (la-
beled filtered). As the table shows, for AES and LPS, the filter captures the extreme
outliers for both power and performance predictors and improves the geometric mean
of errors (GMEs) of both predictors. For CP, the filter improves the GME but fails
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Table 4.2: The power and performance prediction results.

Benchmark Predictor GME Max error % of outliers GME Max error
(original) (original)  (original) (Filtered) (Filtered)
AES Performance 3.54% 69% 5% 3.36% 46%
Power 1.77% 63% 4% 1.67% 383%
CP Performance 1.77% 48.6% 3.8% 1.72% 38%
Power 1.53% 53.94% 3.90% 1.49% 29.37%
LPS Performance 6.1% 83% 5% 5.85% 58%
Power 6.5% 102% 5% 6.4% 64%
STO Performance 6.5% 89% 3.5% 6.5% 89%
Power 6% 49% 5% 6% 49%
B GME (ORG) DIGME (Filtered)
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Figure 4.2: (a) GME and (b) maximum error before and after applying the filter.

to capture the extreme outliers. For STO, the filter does not improve the GME of
the predictors and fails to capture any of the extreme outliers. We think that this
is due to the fact that the number of configurations in the filter is quite small (21
configurations for STO).

Table 4.3 reports the filter coverage, which is the percentage of the outliers that
is captured by the filter, and the efficiency of the filter, which is the percentage of the
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Table 4.3: The filter coverage and efficiency.

Benchmark predictor Filter coverage Filter efficiency remaining outliers
AES Performance 28.8% 35% 3.6%
902 out of 22540 Power 35% 28% 2.7%
CpP Performance 8.94% 6.75% 3.62%
Power 3.91% 3.07% 3.97%
LPS Performance 27% 25% 3.9
Power 8.34% 8% 4.8%
STO Performance 7% 5% 3.4%
Power 0% 0% 5.3%

Table 4.4: The coverage and efficiency of the random filter.

Benchmark predictor Filter coverage Filter efficiency remaining outliers

mean, best mean, best mean, best
AES Performance 5%, 4.9% 5%, 6.5% 5%, 4.9%
Power 5%, 6.6% 4%, 5.3% 4.1%, 4%
CP Performance 5.03%, 9.76%  3.79%, 7.36% 3.77%, 3.58%
Power 5.03%, 8.59%  3.94%, 3.75% 3.92%, 3.78%
LPS Performance 5.4%, 16.6% 5.1%, 15.7% 4.9%, 4.3%
Power 5.2%, 18.7% 4.9%, 17.6% 4.9%, 4.2%
STO Performance 5.4%, 28.5% 3.6%, 19% 3.4%, 2.6%
Power 4.9%, 23.8% 4.9%, 23.8% 5.1%, 4.1%

configurations in the filtered data that are actually outliers. The table also report
the percentage of the outliers in the remaining data after filtering. As it can be seen,
the proposed filter performs well and reduces the percentage of the outliers in the
remaining data for most of the cases.

We also compare the performance of the filter to a filter that randomly selects
the same number of configurations. We run the random filter for 100 times, and
compare the average and the best of those 100 runs to the result obtained from the
proposed filter. Table 4.4 reports the random filter results. As the table shows,
the proposed filter has better coverage and efficiency and leaves less outliers in the
remaining data than the random filter (except for the power predictors of the CP and
STO benchmarks). Also, it outperforms the best results obtained through random
filter for both models of the AES and the performance model of the LPS benchmark.

In Figure 4.3 we compare the efficiency of the filter before and after applying the

filter to the data. As can be seen for most of cases, except the power model of the
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STO benchmark, the filter reduces the percentage of the outliers in the data.

M Original H Filtered Original H Filtered
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LPS STO AES LPS
Performance Model Power Model
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Figure 4.3: Filter efficiency.

4.4 Conclusion

We proposed a a NN-based application specific power and performance predictor
for GPGPU applications. The model uses a small portion of the design space for
training and could accurately predict the power and performance of the rest of the
design space. The predictor uses an outlier detection heuristic to detect and filter
the outliers to increase the accuracy of the predictor. Using the proposed model,
one can apply optimization techniques to obtain a subset of the design space that
meets certain constrain on power or performance or both. As we shall see in the
next chapter, we apply a multi-objective optimization technique to obtain power-

performance optimum configurations.
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Chapter 5

Accelerating Neural Network

Training with Quantum Annealing

One of the factors that we have shown affects the generalization capability of a NN
model is the selection of the validation set. In the standard approach, the data set
that is used to develop the model is divided into training, test, and validation sets
randomly. However, if the validation set includes exemplars that are quite dissimilar
to those in the training set, the model would not have adequate information to reach a
correct decision. The NN-based GPGPU power and performance predictor introduced
in Chapter 4 utilizes the Guided-selection heuristic [51] to select the most-appropriate
members of the training and validation sets.

Although the Guided-selection heuristic resulted in the construction of a robust
model, however, it increases the time required to train the model. On average, the
Guided-selection heuristic takes about 90% of the training time. In this chapter, we
propose an alternative approach to Guided-selection heuristic that can be formulated
as quadratic optimization problem. We use a variety of efficient solvers including
quantum annealing infrastructure to solve it. The results show radical improvement
in the development time of the model, while preserving accuracy. This technique is
used as the alternative to the Guided-selection heuristic in the model presented in
Chapter 4 to select the validation and training sets. This new model is evaluated with
the same set of benchmarks used in Chapter 4 for comparison. After we show that
the new model that utilizes this technique have the same generalization ability as the
original model, then we evaluate it with more benchmarks. The detailed discussion on

the ensemble NN and GPU architecture and benchmarks can be found in the model
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presented in Chapter 4.

Our contribution is as follows:

1. We propose alternative approaches for our Guide-selection heuristics by formu-

lating it as an optimization problem.

2. We propose the use of mathematical solvers and quantum annealing techniques

to solve the optimization problem.

3. We show that the alternative approach accelerate the NN model training while

preserving accuracy.

4. We evaluate the alternative approach with 16 more benchmarks and report the

NN-predictor results and the performance of the outlier filter.

The rest of this chapter is organized as follows. Section 5.1 goes over methods used
to solve optimization problem. Section 5.2 discusses our methodology. Section 5.3

presents the results, and Section 5.4 concludes.

5.1 Optimization Methods

5.1.1 Exhaustive Search

Given a cost function (C5), where & is a vector of parameters, the unconstrained
optimization problem is the one that determines a particular vector o,,; that optimizes
the cost function, that is, &, = argmin,(Cs). In performing an exhaustive search,
one evaluates the cost function on all possible values of the parameter vector and
selects the value that minimizes the cost function. Such an approach is exceedingly
computationally expensive. Therefore, computationally efficient heuristic approaches
have been developed that do not guarantee the optimal solution, but yielded an

acceptable sub-optimal one.

5.1.2 Tabu Search

Tabu search is a well-known metaheuristic search algorithm which tries to avoid get-
ting trapped in local minima by remembering the recently visited best configura-
tions and disallowing revisiting such configurations for a certain number of itera-
tions [25], [26], [78].
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Figure 5.1: Quantum annealing vs thermal annealing.

5.1.3 Quantum Annealing

Quantum annealing utilizes the well-known quantum tunneling effect to ensure that
a system can escape local minima as it explores the state space of an energy function
on its way to settling in a ground state. Quantum annealing relies on quantum
fluctuations, and by gradually reducing the magnitude of fluctuation anneals the
system down to its minimum cost state. The quantum fluctuations help tunneling
through the energy barriers and avoid local minima. In thermal annealing, however,
the system climbs the individual energy barriers by utilizing thermal fluctuations.
This is shown in Figure 5.1. Therefore, quantum annealing is more effective in solving
multi-variable optimization problems [10].

D-Wave Systems has implemented a sequence of quantum computational systems
that use quantum annealing to find the ground state of an artificial Ising system [43].
The latest implementation of these systems include up to 2000 superconducting flux
quantum bits (qubits) with programmable spin—spin couplings. The behavior of such

a system is described by an Ising Hamiltonian as

N N
H,=> ho;+ Y Jijoio; (5.1)
i=1 ij=1
where o7 is the z-component of the Pauli matrix for spin ¢, h; is the energy bias, J;;
is the coupling energy between spins ¢ and j, and N is the number of qubits in the
system. Quantum annealing on such a system is performed by slowly evolving the

system Hamiltonian [43]
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H(t) =T(t)> Ao} + A(t)H,, (5.2)

where I' decreases from 1 to 0 while A increases from 0 to 1 as time passes, o} is z-
component of the Pauli matrix for spin 7, and A; parameterizes quantum mechanical
tunneling between two lowest states of the system. If the annealing is done sufficiently
slow, the system remains at the found state, ending up at the ground state of H, at
the end of the annealing. The Hamiltonian of Equation 5.1 can be written in vector
form as H(s) = s .Js+sTh, expressing a quadratic unconstrained binary optimization
(QUBO) problem [99].

Many problems in machine learning, pattern recognition, and deep neural net-
works can be formulated as combinational optimization problems to take advantage
of quantum annealing. Such problems are notoriously difficult to solve, as in Equa-
tion 5.2, H(t) depends on o and the complexity of finding the combinations of o
that optimize H(t) is exponential to the number of ¢. The advantage of quantum

annealing is that it converges to an optimum solution faster than other techniques.

5.1.4 SQA

Simulated Quantum Annealing (SQA) [16] is a numerical method that is used to
emulate quantum annealing using Quantum Monte Calro (QMC) numerical simula-

tions [83]. SQA can be used in simulating time-dependent quantum systems.

5.2 Methodology

An alternative approach to the Guided-selection heuristic is to select the validation set
from the exemplars that are most similar to exemplars in the training set. We propose,
therefore, to partition the Model Development Set into a training and validation set
so as the sum of the distances of the elements of the validation set from the training
set would be minimum. This can be expressed as a constraint optimization problem

as follows:
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‘ N
o = argmin,, Zi:l(l — ;) Zj(Uinj)
N 2 (5.3)
provided that T'(o) = (Z o — M) =0
i=1

where o; is one if 7 is in the training set and zero if it belongs to validation set,
N is the total number of exemplars in the model training set, and M is the size
of the training set. Assuming an exemplar is denoted by a vector of d descriptors,
e.g. m = [my,..mg], Ap, is the distance between two exemplars m and n, and is

calculated as follows:

Ay = \/ ST (- )2 (5.4)

Additionally, we need to ensure that the number of data chosen is exactly M,

thus, selecting o so that T'(0) = 0 expresses this constraint:

N 2 N
T(o) = (Zai — M) => oi0;+ M*—2M ) o;
i=1 i,j i=1

= ZaiaijMQ —2M? = Zaiaj — M?
i,J

i’j

(5.5)

Adding a constraint term to the cost function ensures that the number of data

chosen for the training set is exactly M. The cost function is expressed as follows:

N

o = argmin,, Z 1(1 — 0;) Z (0:A5) + Z 005 — M? (5.6)
1= Vi (2¥)

5.3 Experimental Setup and Results

This section presents the experimental results of applying heuristic techniques, in-

cluding quantum annealing, to the optimization problem described in Sections 5.2.
In the models we have developed in chapter 4, we used the ensemble NN model as

a power-performance predictor to explore the design space of GPGPU applications.

To evaluate the accuracy of the model, we simulated all of the configurations with
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GPGPU-SIM [5]. Table 5.1 shows the benchmarks used to evaluate the method,
their design space sizes, their training and validation set sizes, and the search space
that the optimization technique must explore. The training and validation sets are

determined using the Guided-selection heuristic.

Table 5.1: GPGPU benchmarks

Benchmark Design Training Validation = Number of
Space Size Set Size  Set Size Solutions
AES 23040 480 4 2,184,297.480
CP 3432 168 4 32,018,910
LPS 1024 48 4 194,580
STO 432 19 3 969

5.3.1 Guided-selection Heuristic Alternative Results

The optimization problem is solved using exhaustive search, the tabu solver, SQA, and
quantum annealing. For quantum annealing, we used the D-Wave 2X [22] quantum
computer from D-Wave. It implements a quantum annealing algorithm using 1000
qubits. It solves a Quadratic Unconstrained Binary Optimization (QUBO) problems.
Binary variables and correlations between them are mapped to qubits and couplings
between them, respectively [22]. As the size of problems suitable for solving using
the D-Wave 2X computer is limited!, we were able to solve the optimization problem
for only the STO benchmark. For comparison, we produce the solutions obtained by
the Guided-selection heuristic as well as by Tabu and SQA for all four benchmarks.
Note that the Guided-selection heuristic does not partition the model development
set based on the minimum distance of exemplars in the training and validation sets.
Rather it accomplishes the partitioning based on the actual generalization abilities of
trained NN on the respective training and validation sets. We have postulated that
the partition based on the minimum distance between the training and validation
sets will result in generalizing capable NN. This section will examine whether is
hypothesis is correct. To this end we will do two comparisons. First whether the
QUBO formulation of the problem and its solutions are equivalent to the exhaustive
search and second, whether the minimum distance partition will produce similar

quality generalizing NN.

'The qubits are not fully connected which is required to have a controllable connection between
qubits to act collectively.
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Table 5.2 reports the distance values and the execution time for each solver while
section 5.3.2 presents the accuracy of the model when the alternative heuristic is

employed.

Table 5.2: Distances and timings of different solvers

Benchmark Exhaustive  Guided Tabu SQA  D-Wave 2X
Search Selection
AES 4454.96 5522 4554.96  4454.96
Distance CP 645.90 820.09  645.90 - -
LPS 156.11 183.50 156.11 156.24 -
STO 87.99 96.70 87.99 87.99 88.15
AES 500,000 180,000 0.15 1324 -
Timing CPp 3,158,000 126,000  0.009 - -
(seconds) LPS 264 72,000 0.001 566 -
STO 0.6 25,200  0.00001 1.3 70

As Table 5.2 shows, the tabu solver produces the same minimum distance config-
urations as the exhaustive search does, and with an execution time of less than one
second. When we were conducting this study, we did not have SQA solver results
for the CP benchmark, but for the other benchmarks, the SQA solver produces op-
timum results (AES and STO) or results very close to the optimum ones (LPS with
less than 0.1% error). Compared to the optimum results, results produced by the
D-Wave 2X have less than 0.2% error, on average. It is worth noting that the error
made by the Guided-selection heuristic is due to the fact that it does not search for
minimum distance configurations; it trains many NNs to select the training set ex-
emplars. However, the results are reasonably close to the optimum and this supports
our postulate.

Table 5.2 also shows the execution time of different solvers. The time it takes for
the exhaustive search heuristic to produce the optimum distance configurations grows
exponentially with the size of the problem. For example, we ran the exhaustive search
for AES on four nodes, each equipped with an Intel Xeon Phi processor and 115 GB
of RAM, and, utilizing 240 cores in total, it took more than six days to calculate the
optimum results. For the other three benchmarks, the exhaustive search was run on a
single core. As the size of the problem grows, the Guided-selection heuristic becomes
faster than the exhaustive search heuristic. The tabu solver produces optimum results
in less than one second. The SQA solver is slower than the tabu solver, as it simulates
the quantum annealing process. The run time of the D-Wave 2X system is greater

than expected, as it requires tuning, pre-processing, and post-processing to get the
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optimum or close to optimum results.

5.3.2 Incorporating the Proposed Mechanism into the En-
semble Neural Network Model

In this section, we study the effect of using our alternative method for Guided-
selection heuristic in a NN-based performance predictor and compare the results
with the results produced by the original method. Table 5.3 reports the geometric
mean of errors, the maximum error, and the number of outliers (that is, where pre-
diction errors are larger than 15%) of the NN-based predictors using validation sets
produced by different solvers. Although the exhaustive search, Tabu and SQA have
identical solutions (table 5.2), NN model results are slightly different for different

solvers (see Table 5.3) because for each run of the NN model, initial weight values

are set randomly.

Table 5.3: NN-based predictor performance comparison for different methods

Benchmark Exhaustive Guided Tabu SQA D-Wave 2X
Search Selection
AES 2.46% 3.54%  2.33% 2.33% -
Geometric CpP 1.80% 1.78%  1.78% - -
Mean LPS 6.12% 6.1% 5.92% 5.98% -
of Errors STO 8.62% 6.5% 8.81% 8.35% 8.90%
AES 351% 69% 405%  297% -
Maximum CP 46% 48% 39% - -
Error LPS 106% 83% 89%  95% -
STO 108% 89% 139%  102% 138%
AES 367 1132 296 321
Number of CP 117 123 139
Outliers LPS 42 48 48 50 -
STO 22 14 18 22 25

In general, the results of using the validation set obtained through the alternative
optimization path are close to the ones obtained using the original Guided-selection
heuristic. It seems that in the case of AES, where the search space is very large,
the solution obtained using optimization is better than the one obtained using the
Guided-selection heuristic. Also, the number of outliers is smaller in the optimization-
obtained validation set. However, the opposite is true when the search space is

considerably smaller, as in the case of STO.
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It seems that when the number of exemplars is small (STO), the more informed
Guided-selection heuristic is more effective, whereas when the number of exemplars
is large, searching a validation-guided selection that is very similar in structure to the

training set improves the results.

5.3.3 Evaluating the Model with More Benchmarks

We showed that choosing the validation and training sets using the optimization
technique instead of the Guided-selection heuristic does not affect the generalization
capability of the ensemble NN. The new approach significantly reduced the time it
takes to select the validation set which is approximately 90% of the training time. For
example, as Table 5.2 shows, for AES, the new approach is 1.2 million times faster
than the Guided selection heuristic. This enables us to evaluate the model with more
benchmarks.

we can now evaluate the model with more benchmarks.

In this section we evaluate the model with 16 more benchmarks and present the
performance of the ensemble NN model and the outlier filtering heuristic (See Chap-
ter 4 for details). The optimization technique is solved using SQA (see section 5.1.4
for details).

Table 5.4 reports the benchmarks and the range of architectural parameters.

Table 5.5 summarizes the results of the power and performance predictors (labeled
original). As it can be seen from the table, despite the low average error there exist
outliers which comprises less than 6% of the blind sets over all predictors for all
benchmarks (column marked as ”% of outliers (original)” in Table 5.5).

We pass the prediction results through our outlier detector to exclude the outliers
from the results. In Table 5.5 we report the performance of the predictor that
utilizes the filter (labeled filtered). The filter tags 5% of the output of the predictor
as potential outliers. As the table shows, for most of the benchmarks, the filter
captures the extreme outliers for both power and performance predictors and improves
the Geometric Mean of Error (GME)s of both predictors. For Gaussian and the
performance model of Transpose, the filter improves the GME but fails to capture
the extreme outliers. For the power model of Transpose, the filter does not improve
the GME and fails to capture any of the extreme outliers. We think that this is
due to the fact that the number of configurations in the filter is small (5 and 11

configurations for Gaussian and Transpose, respectively).
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Table 5.4: Range of variable GPU configuration parameters.

Benchmark MCB Register Shared  Constant DL1 DL2 IL1
file (KB) memory cache (KB) (KB) (KB)

(KB)  (KB)
NN 1-8 4-16 8 8 1-16 1-32 2
RAY 1-5 8-32 8 8 1-32 1-8 4-8
Needle 1-7 2-8 8 8 1-32 1-256 2
Hotspot 1-3 16-32 4-16 8 2-32 0.5-16  1-2
Backprop 1-7 8-32 2-8 8 0.5-256  0.5-32  0.5-1
SRAD 1-7 8-32 8-32 8 0.5-32  0.5-128 14
Gaussian 1-3 4 8 8 0.5-8 0.5-4 0.5-1
DWT 1-7 8-32 8 8 0.5-8 0.5-32  0.5-1
Transpose 1-8 8 8 8 8 0.5-256  0.5-2
EigenValues 6-8 16-64 16-64 8 8 4-16 0.5-4
ConvTexture 1-8 8-64 8 8 8 0.5-64  0.5-2
MergeSort 1-5 16-64 8-32 8 0.5-64 0.5-64 0.5-2
ConvSeparable 1-7 4-32 8-32 8 0.5-16  0.5-64  2-8
MUM 1-7 8-16 8 8 0.5-64  0.5-256 1-4
Histogram 1-3 4-32 8-32 8 0.5-64  0.5-32  0.5-2
WP 1-5 4-32 8 8 1-16 1-8 1-16

Table 5.6 reports the filter coverage, which is the percentage of the outliers that
is captured by the filter, and the efficiency of the filter, which is the percentage of the
configurations in the filtered data that are actually outliers. The table also reports
the percentage of the outliers in the remaining data. We also compare these results
to a filter that randomly selects the same number of configurations and report the
results in the table (in parenthesis we report the average and the maximum values of
100 runs of the filter).

As it can be seen in the table, the proposed filter performs well and, on average, it
has better coverage and efficiency and leaves less outliers in the remaining data than
the random filter. Also, it outperforms the best results obtained through random

filter (maximum values) for both performance and power predictors.
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5.4 Conclusion

In this chapter we studied the performance of quantum annealing techniques when
used in training ensemble Neural Networks.

We identified a sections of the training process, i.e. Guided-selection of exem-
plars where the heuristics involved could be expressed as quadratic unconstrained
optimization problem.

We evaluated the proposed approach both on the quality of the solutions obtained
by a variety of solvers including the D-Wave 2X system, and the impact the proposed
approach has on the training of our ensemble NN.

Our study shows that quantum annealing techniques (i.e., SQA and D-Wave 2X)
produce optimum or near optimum solutions to the optimization problem studied.
Further, our study showed that by replacing the original heuristic of our training
methodology with the proposed optimization method produced models that in most

cases perform better than the models produced by our original method.
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Benchmark Predictor GME Max error % of outliers GME Max error
(original) (original)  (original) (Filtered) (Filtered)
NN Prf 4.11% 88% 3.74% 3.78% 53%
Power 3.14% 63% 4.68% 2.91% 53%
RAY Prf 8.21% 379% 2.5% 7.36% 137%
Power 5.98% 75% 4.31% 5.65% 70%
Needle Prf 7.93% 106% 5.53% 7.35% 82%
Power 6.45% 81% 5.2% 5.99% 68%
Hotspot Prf 6.35% 113% 3.08% 6.03% 91%
Power 5.83% 89% 2.89% 5.57% 69%
Backprop Prf 7.02% 157% 3.31% 6.48% 115%
Power 4.6% 63% 4.2% 4.29% 60%
SRAD Prf 8.95% 177% 3.21% 7.87% 137%
Power 6.91% 81% 4.31% 6.48% 5%
Gaussian Prf 7.16% 46% 5% 6.69% 46%
Power 3.14% 28% 5% 2.95% 28%
DWT Prf 7.39% 130% 2.99% 6.74% 104%
Power 5.99% 106% 2.92% 5.54% 73%
Transpose Prf 2.14% 25% 2.92% 2.04% 25%
Power 0.13% 5% 2.5% 0.14% 5%
EigenValues Prf 0.72% 4.5% 3.7% 0.68% 3.6%
Power 0.12% 0.6% 2.77% 0.12% 0.5%
ConvTexture  Prf 7.21% 141% 3.78% 6.68% 89%
Power 6.5% 73% 4.82% 6.01% 54%
MergeSort Prf 4.5% 206% 3.43% 4.23% 54%
Power 2.64% 37% 5.07% 2.46% 31%
ConvSeparable Prf 7.69% 175% 4.2% 6.96% 103%
Power 5.66% 70% 4.06% 5.32% 66%
MUM Prf 8.81% 414% 3.54% 7.54% 104%
Power 6.23% 2% 4.14% 5.87% 67%
Histogram Prf 8.94% 166% 3.82% 8.35% 105%
Power 7.65% 79% 4.44% 7.21% 73%
WP Prf 5.18% 69% 4.21% 4.84% 52%
Power 4.62% 73% 4% 4.32% 63%
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Benchmark predictor Filter coverage Filter efficiency remaining outliers
(Rand mean, Rand Max) (Rand mean, Rand Max) (Rand mean, Rand Max)
NN Prf 50% (4.9%, 16.7%) 10% (4%, 13.8%) 1.96% (4.2%, 3.6%)
Power  33% (5%, 17.9%) 33% (5.1%, 17.2%) 3.27% (5.2%, 4.6%)
RAY Prf 1% (5.7%, 22.2%) 41% (3.2%, 4.4%) 0.58% (2.8%, 2.27%)
Power  48% (4.6%, 13%) 44% (12.5%, 14.8%) 2.33% (4.8%, 4.4%)
Needle Prf 43% (4.2%, 14.3%) 51% (5.1%, 17.1%) 3.31% (6.1%, 5.5%)
Power 29% (4.6%, 13.2%) 31% (5%, 14.3%) 3.88% (5.5%, 5%)
HotSpot Prf 47% (5.9%, 16.4%) 20% (4.7%, 11.9%) 1.73% (3.9%, 3.3%)
Power  38% (5.4%, 18%) 22% (4.6%, 13.6%) 1.88% (4.2%, 4%)
BackProp Prf 47% (5.2%, 9%) 33% (3.1%, 5.2%) 1.84% (3%, 2.9%)
Power  41% (5.2%, 8.6%) 36% (3.9%, 6.5%) 2.62% (3.8%, 3.7%)
SRAD Prf 49% (5%, 7.5%) 33% (3.4%, 5.1%) 1.72% (3.4%, 3.3%)
Power 39% (5%, 7%) % (4.5%, 6.4%) % (4.5%, 4.4%)
Gaussian Prf 50% (6.5%, 40%) 60% (6.4%, 40%) 2.61% (4.5%, 2.9%)
Power  33% (3.7%, 33.3%) 40% (4.4%, 40%) 3.48% (5.6%, 3.9%)
DWT Prf 57% (5.1%, 16%) 36% (3.4%, 10.6%) 1.36% (3.3%, 2.9%)
Power  51% (5.3%, 21%) 33% (3.4%, 13.6%) 1.5% (3.2%, 2.7%)
Transpose Prf 43% (4.5%, 28.6%) 27% (2.8%, 18.2%) 1.75% (3.1%, 2.3%)
Power  50% (4.7%, 33.3%) 27% (2.6%, 18.2%) 1.31% (2.6%, 1.8%)
EigenValuse Prf 50% (5.4%, 25%) 40% (4.3%, 20%) 1.94% (3.9%, 3.1%)
Power  33% (4.3%, 22.2%) 20% (2.6%, 13.3%) 1.94% (2.9%, 2.4%)
ConvTexture  Prf 41% (5%, 17.3%) 34% (4.1%, 14.3%) 2.32% (4.2%, 3.7%)
Power  38% (4.8%, 13.5%) 40% (5.1%, 14.7%) 3.14% (5.4%, 4.9%)
MergeSort Prf 39% (5.2%, 11%) 28% (3.7%, 7.9%) 2.19% (3.6%, 3.4%)
Power  40% (5.2%, 8.9%) 42% (5.6%, 9.5%) 3.21% (5.3%, 5.1%)
ConvSeparable Prf 57% (5%, 7%) 50% (4.4%, 6.2%) 1.90% (4.4%, 4.3%)
Power  38% (4.9%, 7.5%) 32% (4.2%, 6.4%) 2.66% (4.3%, 4.2%)
MUM Prf 61% (4.7%, 9.2%) 46% (3.5%, 6.9%) 1.44% (3.7%, 3.5%)
Power  42% (5.2%, 10.1%) 36% (4.5%, 8.8%) 2.53% (4.3%, 4.1%)
Histogram Prf 39% (4.7%, 10%) 32% (4%, 8.5%) 2.43% (4.3%, 4%)
Power  35% (4.9%, 11.3%) 33% (4.8%, 11.1%) 3.0% (4.9%, 4.6%)
WP Prf 31% (4.7%, 11%) 28% (4.2%, 9.8%) 3.02% (4.4%, 4.1%)
Power  36% (4.7%, 10.1%) 30% (3.9%, 8.5%) 2.66% (4.2%, 4%)
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Chapter 6

MultiObjective GPU Design Space

Exploration Optimization

The model we discussed in the previous chapter predicts the power and performance of
the configurations in the design space of a GPGPU benchmark. The filtering heuristic
is used to detect and exclude the configurations that are likely to be outliers from the
output of the model. As the size of the design space could be as large as thousands
of configurations, to efficiently search for a configuration that meets a certain design
goal, in this chapter we propose to use multi-objective Pareto Front (PF) optimization
technique. Therefore, in this chapter we further develop the model presented in
previous chapter and apply Pareto Optimal technique to the results generated by the
predictor to obtain a subset of the design space of a GPGPU application that its
configurations are power-performance optimum. After obtaining application-specific
optimum configurations, we propose a method that searches the Pareto Optimal
configuration space of all benchmarks and finds a configuration that performs well
over any set of applications.

The rest of this chapter is organized as follows. In Section 6.1 we review the
Pareto Optimal optimization technique. In Section 6.2 we present the methodology
and simulations and benchmarks we have used to evaluate our technique. Section 6.3

presents the results and Section 6.4 concludes.
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6.1 Pareto Optimal Optimization Technique

Having the responses (i.e. power and performance) of all the configurations in the
design space, one can seek configurations that meet certain restrictions on power and
performance such as configurations that offer high performance with minimum power
dissipation. Such configurations can be obtained using the Pareto Front optimization
algorithm [17].

The problem as stated is one of a multi-objective optimization. Since in a multi-
dimensional space, one cannot establish an ordering relation, one rather uses the
dominance relation.

Each configuration is associated with a certain power and performance. These
are obtainable either directly through simulation of a benchmark, or indirectly pre-
dicted by a model. To describe the Pareto Front algorithm, we associate to each
configuration a characteristic. A characteristic of configuration ¢ is the vector X; =
[f(z;), g(x;)] where f and g are real functions that associate power and performance
values to x;, respectively. Although the characteristic is defined specifically as a
two-dimensional vector of functions of power and performance, in general, its dimen-
sionality may be larger than 2 and comprise functions of arbitrary cost characteristics.

In general, given a set of m characteristics S = (X1,...X,,) and n objectives
(f1(S),...fn(S)), a characteristic X; is said to dominate a characteristic X5 (also

written as X = X5) iff [102]

Vie{l,...,n}: fi(X1) > fi(Xa) A >j5€{l,....,n}: f;(Xy) > f;(X2) (6.1)

Once the dominance relation is defined, one can define the non-dominated set of
characteristics S’. Given a set of characteristics S, the non-dominated set S’ is a
subset of S such that each element in S’ is not dominated by any other element not
belonging in S’

If the set of configurations associated with the characteristics S encompasses the
design space, then the non-dominated set S’ is called the globally Pareto-optimal
set or simply Pareto Optimal set. To obtain the Pareto-optimal set (a.k.a Pareto
Front) one systematically adds configurations to the Pareto-optimal set if they are

non-dominated by any of the configurations already in the Pareto Front. The first
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characteristic added is one that is optimum with reference to one of the objectives!.
Details can be found in [63]. The Pareto Front optimization code implemented in

Matlab is presented in Appendix A.3.

6.2 Methodology

In the NN-based predictor we developed in the previous chapter, we used the ensemble
NN to predict the power and performance of all GPU configurations in the design
space for each benchmark and applied our filtering technique to the predicted values
to detect and exclude the possible outliers. Now, we apply Pareto Front optimization
techniques to obtain the power-performance optimum configurations.

The Pareto Front optimization algorithm requires that all the objectives are opti-
mized identically, i.e. all of them maximized or minimized. Since power and perfor-
mance are opposing, i.e. one seeks high performance and low power, we have negated
the performance so as our new objective is that of minimum power and minimum

negative performance.

6.2.1 Scaling the Power and Performance values

The performance and power values of the GPU architectures have different ranges
(this can be seen in Figure 2.1 on page 32). As we will be using the Euclidean distance
between two configurations in power-performance space to calculate the error of the
model, we need to scale both performance and power values of the benchmarks to
a fixed range to ensure that both power and performance are weighted equally and
to make the calculated distances and therefore the errors comparable across all the
benchmarks. Therefore, before performing any calculation, we scale both power and

performance to the same range of 1 to 10 using the following equation.

1 (prfi—prfmin)*(10—1)
prfz o p'rfMa:cAiprfMin —|_ 1

where pr f; is the performance (or power) of the configuration we want to scale, prf is

(6.2)

the scaled performance (or power), pr fouin and pr fy,q. are the minimum and maximum

performance (or power) of the original data.

!Descriptions for Pareto Optimal algorithm in this section are paraphrased from [63] and the
terminology adapted to refer to the problem at hand, i.e. that of seeking configurations that exhibit
maximum performance at low power.
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6.2.2 Quality of Obtained Predicted Pareto Front

Since the performance and power values that the model predicts are not without
prediction errors, we want to determine how close to the Actual Pareto Front is the
Pareto Front obtained through the developed predictor (Predicted Pareto Front). As
the size of the Predicted Pareto Front set is usually small, we simulate the Pareto
Front configurations and obtain the actual power and performance values to com-
pare with the Actual Pareto Front configurations. Thus from this point forward, we
shall use the developed power and performance models to choose the Pareto Front
configurations, however, the values of the power and performance corresponding to
the said configurations will be obtained from actual, i.e. simulations. Thus the term
Predicted Pareto Front will refer to the set of configurations obtained by using the
developed power and performance models, however, the power/performance values
corresponding to these configurations will be the actual ones obtained through simu-
lation.

We shall define some notation and terminology following which, we shall present
our method.

Denote by F!, the Pareto Front associated with code B'. Then the Pareto Front
F'is a set of configurations C! each running the same code B! i.e. F' = {Cli =
1,...K}. We shall use the notation C; to simply denote a configuration without
consideration of which code it runs, while the notation CJZ~ denotes configuration j
running code B'. With each configuration C; running code B!, we associate the
vector Pé = (pwrl,prf!) of the average power and performance achieved. We also
associate the characteristic vector X! = (pwr!, —prf!). The characteristic vector is
used in the Pareto Front algorithm and ensures that both power and performance
are optimized identically i.e. both power and the negative of performance are both
mazimized or minimized as required by the Pareto algorithm.

Denote the Actual Pareto Front by F! and the Predicted Pareto Front by F”,
given a configuration C’é- from F", we denote its distance 5; from the Actual Pareto
Front F'. The distance is defined with respect to the Actual Pareto Configuration

—~1
that is closest to C’ é The closest configuration to C”; is denoted as C'; = Cl o
rgml'n(dlj)

and d;; = [P, P|. ie. Cl € F'.
The distance 5’2 can now be defined as the normalized difference of the power-

performance pair of the Predicted Pareto Front configuration C”z- from its closest

—~1 L pl
Actual Pareto Front configuration C”; as defined above. That is (5’3 = (5’; = HT%ZPHJ”.
i

o~
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We use 5’; = g’z as the relative error (RE) between two configurations. All the power
and performance values are actual values obtained from simulations. After obtaining
the relative errors of all configurations in the Predicted Pareto Front to the closest
Actual Pareto Front, we calculate the geometric mean of relative errors.

Expanded Predicted Pareto Front:

The cardinality of the Predicted Pareto Front is most often smaller than that of
the Actual Pareto Front. We have elected therefore to expand the Predicted Pareto
Front by including configurations that are close to the configurations included in the
Actual Pareto Front. We proceed as follows.

Denote bye D' the design space with n configurations associated with code B!. For
each configuration C; in F " we calculate its distance from each configuration in the
design space, i.e. ¢';p. Then, we interpolate the distribution of the distance values

in 0'; p with a Gaussian distribution?

and denote the the standard deviation by ¢’;
and the average of the standard deviations of all configurations in F” by . We use
1% of the ¢’ as the distance threshold (Dis_Thr) as it resulted to a expanded pareto
set equal in size to that of teh actual ones. Then we examine each configuration C;
in D' to determine if it is within the Dis_Thr distance to any of the configurations

in F" and create the Expanded Pareto Front set, i.e. EF':

EF = F,
Vie{l,...n} and V&;;€ b p: if ¢,;<DisThr (6.3)
then EF' = FEF UC;

Using the standard deviation as a closeness metric depends on the shape of the
design space and may not work for some data sets. For example, for a design space
with a small variation in the distance values, (i.e. small standard deviation and
Dis Thr) this method may not expand the Predicted Pareto set no matter how close
the configurations are to Pareto Fronts. However, this method worked for all the
benchmarks we used in this study and resulted in an Extended Pareto Front that is
close in cardinality to the Actual Pareto Front. The results show that the relative
errors between Actual Pareto Front and Extended Pareto Front are relatively the
same as the relative errors between Actual Pareto Front and Predicted Pareto Front.

Therefore we decided no to report those results.

2We use Matlab’s ” fit” that fits a curve or surface to data.
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6.2.3 Random Sets

To demonstrate that the models we have developed are informed, we compare the Pre-
dicted and Expanded Pareto Fronts with identical-cardinality sets that are generated
randomly:.

Thus, utilizing Matlab’s ” randsample” function, we generate a random set by ran-
domly choosing configurations from the design space, equal in number to the car-
dinality of the Predicted Pareto Front. Subsequently, we expand this random set
using the same process outlined in Section 6.2.2. We repeat this process for 9604
times which provide results with 0.01% confidence interval and 95% confidence level.
For each iteration of the process, we obtain the relative errors of configurations in
both the random set and the expanded random set to the configurations in the Ac-
tual Pareto Front using the procedure outlined in Section 6.2.2 above (Equation 6.3).
Then we report the geometric mean of all 9604 relative errors. We also report the
percentage of the random samples with relative errors larger than the relative errors
of the Predicted Pareto Front and Expanded Pareto Front.

6.3 Results

In Chapter 5, we reported the power and performance predictions made by our NN
model for 20 benchmarks. We use the same simulations and prediction results as
reported in Section 5.3.2 and Section 5.3.3. In this section we present the results of
the Pareto Front optimizer for these benchmarks.

We obtain Pareto Front configurations using power and performance values ob-
tained from simulations (i.e. Actual Pareto Front configurations) and compare them
to the Pareto Front configurations predicted by our model (see Section 6.2.2) . We also
compare the Predicted Pareto Front configurations with Randomly selected Pareto
Front configurations as outlined in Section 6.2.3.

Table 6.1 reports the size of the Actual and Predicted Pareto Front for the bench-
marks. Using the actual responses for the Predicted Pareto Front, the average relative
error between configurations in the Predicted Pareto Front and the closest configu-
rations in the Actual Pareto Front (marked as "RE (P,A)”) are listed in the table.
Except for EigenValues, the relative errors are small. The EigenValues only have
one Actual Pareto Front configuration that is miss-predicted by the model. As an

example, in Figure 6.1, we show the Pareto Front sets for the STO benchmark using
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Figure 6.1: Actual and Predicted Pareto Front for STO benchmark.

the simulation results (Actual) and NN predictor results (Predicted). The actual
values from simulation results are used for both sets in the graph. As the figure de-
picts, the Predicted Pareto Front configurations are very close to the Actual Pareto
Front configurations. It is worth noting that the number of Predicted Pareto Front
configurations are less than the Actual ones.

To compensate for the size difference between Actual and Predicted Pareto sets,
we decided to expand the Predicted Pareto Front set to be the same size as the Actual
Pareto Front set and examine how it affects the quality of the Predicted Pareto Front
set. Table 6.1 reports the relative error between the Expanded Pareto Front and the
closest neighbors in the Actual Pareto Front (marked as "RE(E, A)”). For most of
the benchmarks, expanding the Predicted Pareto Front result in larger relative errors.

We generate 9604 sets of randomly selected configurations from the design space
and generate the random and expanded random sets. We compare these random
sets and the expanded random sets to the Actual Pareto Front. Table 6.1 reports
the average relative errors of the randomly selected sets to the Actual Pareto Fronts
(marked as "GME (R, A)” and "GME (E, A)”). Also, the relative error between
expanded random sets and the Actual Pareto Fronts (marked as "GME (ER, A)”)
are listed in the table. As the table shows, the results generated by our model always
outperforms the results that the random process generates.

The last two columns of the Table 6.1 report the fraction of the 9604 random
configurations outperforming the Predictor or the Expanded Pareto Fronts in terms
of error (labeled RBM and ERBM in the table, respectively). The fraction is reported
as a percentage. Note that the size of the Actual and Expanded Pareto fronts are the
same. As it can be seen, the model outperforms the Random process for most of the

benchmarks, except for EigenValues and Transpose benchmarks (due to their small
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Table 6.1: Pareto Front results summary.

Apr Ppr RE RE GME GME RBM ERBM
size size (A,P) (AEP) (AR) (AER)
1072 %1072 x1072 %1072

NN 95 32 007 0.18 049  0.59 0 0.03
RAY 87 27 134 203 212 2.53 1.01  6.40
Needle 154 19 035 0.31 0.39 0.42 17.8 224
Hotspot 48 31 067 0.75 1.86  2.04 0 0
Backprop 383 69 0.18 0.19 1.16 1.33 0 0
SRAD 118 141 037  0.36 1.29 1.41 0 0
Gaussian 25 16 1.42 1.35 1.97 2.02 2.6 7.3
DWT 327 91 0.09 0.10 0.12  0.12 0.08  2.09
Transpose 13 22 0.16 0.16 0.16 0.16 54 62
EigenValues 1 13 164 176 98 114 85 94
ConvTexture 122 68  0.38 1.62 1.25 1.57 0 5.8
MergeSort 64 51 040 0.56 1.82 1.95 0 0
ConvSeparable 137 141 0.54  0.65 1.45 1.68 0 0
MUM 158 88 0.18  0.23 1.26 1.49 0 0
Histogram 117 113 032  0.52 257 3.72 0 0
WP 113 53 056  0.88 1.34 1.35 0 0
LPS 57 41 051  0.57 207 21 0.8 4.8
STO 8 37 047 049 0.53  0.57 25.9 19.2
CP 304 159 0.23 0.24 0.58  0.59 6.4 3.1
AES 143 105 0.33  0.36 1.12 1.17 0 0

design space size).

6.3.1 Obtaining a Good Configuration for a Set of Applica-

tion Codes

The Pareto Front sets we obtained in the previous section contain the benchmark-
specific power-performance optimum configurations. This means that for a particular
benchmark we have identified configurations resulting in optimum, in the Pareto
Sense, power and performance. However, since each Pareto Front is associated with

a particular benchmark, running an alternate benchmark on one of the Pareto Front
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configurations, will result in non-Pareto-Front Power and Performance for the chosen
alternate benchmark.

The goal in this section is to develop methods to obtain configurations on which
a set of a variety of codes (e.g. benchmarks) would perform “well”.

We have purposely used the term “perform well”, since there are many alternate
interpretations. For our purposes, we understand that a code “performs well” on a
configuration, the closer its power-performance metrics are to the Pareto Front of the
said code.

In Section 6.2.2 we defined the distance with respect to F' that is closest to
C}. The distance can be defined with respect to the “center” of the Pareto Front or
we can use the projections of the distances on the power or performance dimensions
as a closeness metric. The center of the Pareto Front is denoted as 5’; and it is
defined as a fictitious configuration on which the code B! achieves an average power
pur! = %= S pwrl and average performance ];7:?[ == S prfl

The distance 55- can now be defined as the normalized difference of the power-

performance pair of configuration C'Jl- from the center configuration 5’]1 as defined

~1

. 3 PLP.
above. That is 6! = §t = Hi—l]H
J J 1Pl

From the definitions above, one can deduct that @l is zero if the configuration
belongs to the Pareto Set. However if one considers the distance to C’jl» , this is not
zero, but it is smaller to the center-distance of configurations outside the Pareto Set.

Having defined the notion of the distance (5; of a configuration C]l- running a
particular benchmark code B!, we need to consider the situation where two or more
configurations run 2 or more codes, and develop ways of comparing their efficacy. The
notion of the distance of a configuration from a Pareto Set, as defined above, plays a
crucial role.

Assume two configurations C,, and C, each running a number of codes B';l =
1,...N. For each of the configurations and for each of the codes run, we can derive
the distances 6! ;1 =1,...N and 6\ ;1 =1,... N from the corresponding Pareto Sets.
We can now define the the vector of distances A, = [0},,82,,...5N]" associated with
configuration C,,, and a vector norm ||-|| 3. We are now in a position to introduce an or-
dering relation that will compare two configurations running a number of benchmark
codes. Essentially, we consider one configuration to be more effective than another

configuration when it runs a number of benchmark codes, if the resulting power per-

3In this work we consider the Iy and the I, norms.
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formance metrics of the said configuration are “closer” to their corresponding Pareto
Sets as compared to the those of the latter configuration. In particular, configuration
C,, is more effective than configuration C),, when running a set of Benchmark codes
B':1 =1,...N, denoting it as C,, = C, iff the norm of its distance vector is lesser
than the corresponding norm of configuration C, i.e. Cp, = C, <= || Anl < ||AL]-

Given now a set of K configurations running any number of benchmark codes, it is
easy to determine the configuration(s) C,,: that most efficiently run this set of codes.
To do this, we utilize the ordering relation = introduced above as C,, = C,,,Vm €
1...K].

Table 6.2: Overal optimum GPGPU configuration.

[ norm [, norm center of PF  performance power

optimum optimum

MCB 1 8 5 7 1
Register file 8 16 32 32 4

Shared 32 64 8 32 8
Constant 8 8 8 8 8

DL1 32 8 8 32 2

DL2 2 8 4 128 0.5

IL1 1 0.5 16 4 0.5
Performance 55.76 154.86 126.26 245.36 40.46
Power 17.39 52.70 42.02 74.28 13.03

Table 6.2 reports the configurations that “perform well” using Iy norm, [, norm,
closest to the center of Pareto Front, performance-only and power-only distance met-
rics. Also, for each configuration we report the average performance and the average
power values over all the benchmarks.

As the table shows, using the proposed method, we could predict the best power,

the best performance and a medium power /performance configurations.

6.4 Conclusion

In this chapter we proposed a multiobjective design space exploration optimization
model for GPGPU applications. The model uses the GPGPU power performance
predictor presented in the previous chapter. We obtained the Actual and Predicted
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Pareto Front sets and showed that the Pareto Front produced with our model com-
prises configurations that are very close to the configurations of the Actual Pareto
Front. Such configurations can be used efficiently in power /performance optimization.

The model that we have developed so far is application specific and for every
new benchmark we need to build the model and obtain the power and performance
values of the configurations in the training set. This can be time consuming as some
benchmarks have large design space.

In the next chapter we will propose a new model that relates the power and

performance of GPGPU applications to the code attributes.
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Chapter 7

Optimum Power-Performance
GPU Configuration Prediction
based on Code Attributes

In Chapter 4 we developed application specific models that predict the power and
performance for a given configuration and with optimization method presented in
Chapter 6 we can choose the power-performance optimum Pareto set configurations.

Although the model makes accurate predictions, developing such a model is still
time consuming, as a separate model needs to be developed from each application.
In this chapter we propose to model GPU architectural parameters as functions of
attributes of an application and hence obtain an application independent model.
The inputs of the model are GPGPU kernel attributes such as the grid size, thread
block size and number of basic blocks. The model predicts a GPU configuration
that achieves optimum or near optimum efficiency when the benchmark runs on the
predicted configuration. The definition of efficiency depends on design goal. For
example in an embedded system one can define it as minimum power dissipation
and in a server it can be the maximum performance. We have not dealt with power
and defined efficiency as maximum performance. However, the model can easily
be modified to yield the minimum power configuration. We refer to the maximum
performance configuration of a benchmark as ” performance-optimum” configuration.

Figure 7.1 shows the block diagram of the model. The model starts with a set
of benchmarks for which their Pareto Front configurations are known. We call these

benchmarks the Training Set which is composed of K benchmarks (indicated from
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Figure 7.1: Block diagram of the proposed model.

=4

A to K in Figure 7.1). The Pareto Front configurations can be obtained using the
optimization method presented in Chapter 6. In Figure 7.1, we show the Pareto
front configurations with yellow circles and highlight the performance-optimum con-
figuration with a red circle. A vector of 7 architectural parameters defines each
configuration. These are the same parameters used to develop our NN-based model
and presented in Section 4.1.1 on page 57.

The range of values of the architectural parameters varies largely from one bench-
mark to another which means a large configuration space for the model to explore.
As The model has only 24 samples (benchmarks) of the space, we have decided to
use a coarser granularity by sub-sampling the configuration space by dividing the
range of each architectural parameter into a number of sub-ranges. Now, instead of a
vector of architectural parameters, we define each configuration with a vector of sub-
ranges and call it a ”Super-Configuration” (SConfig in Figure 7.1). Therefore, each
Super-Configuration represents a subset of the configuration space. This is shown in
Figure 7.2. Please note that we are only interested on the configuration space that
results to an optimum performance and thus we do not provide the modeling process
with the actual power and performance figures. We expect that once a configuration
is identified, we can determine the performance and power of a specific application on
the identified configuration using simulations or power and performance models. Also,
the model receives the attributes of each benchmark which define the benchmark’s
characteristics.

We have developed two different models, one based on clustering and one based
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Configuration space Super-Configuration space

Figure 7.2: Mapping from configuration to Super-Configuration space.

on classification and we compare their results. The models predict the performance-
optimum Super-configuration given the code attributes of an unknown code. Given
that a Super-Configuration really corresponds to the subranges of configuration pa-
rameters, we use exhaustive search (i.e. simulations) of the code on the configurations
of the Super-Configuration to identify the performance-optimum one. We have cho-
sen to set the number of clusters and classes equal to the number of sub-ranges.
In Figure 7.3, the configurations represented by the Super-Configuration are plotted
and the Pareto optimal configurations are marked by green circles. The output of the
model is the Pareto optimal configuration that offers the highest performance (the
red configuration in Figure 7.3). More details on the clustering and prediction phase

of the model will be presented in Sections 7.1 and 7.2.
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Figure 7.3: Obtaining the power-performance performance-optimum configuration
from the predicted Super-Configuration.
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To evaluate the quality of the predictions made by the model, we compare the
relative error between the predicted configuration for each benchmark and the ac-
tual optimum configuration and show that the power and performance of the two are
very close. We also compare the result produced by our model with randomly se-
lected configurations and show that the model predicted configuration delivers power
and performance closer to actual best configuration compared to randomly selected
configuration in the majority of the cases.

In summary our contributions are as follows:

e We study characteristics and attributes of 24 GPGPU benchmarks.

e We propose to model architectural parameters of GPU as a function of the

attributes of the application that it runs.
e We propose to use clustering and a NN-based classifier to implement the model.

e We use the proposed model to predict the best power-performance GPU con-

figuration for each benchmark.

e We show that the proposed model can make predictions very close to actual

best power-performance configuration.

The rest of this chapter is organized as follows. Section 7.1 represents background
on GPU architecture, the profiler we used to study applications’ attributes and the
clustering and classification methods we used in our model. Section 7.2 discusses our

methodology. Section 7.3 presents the results and Section 7.4 concludes.

7.1 Background

7.1.1 GPU Architecture

We evaluate the proposed method on NVIDIA’s Fermi GPU architecture as discussed
in Chapter 1, Section 1.2 page 11. Table 2.2 on page 36 summarizes the baseline
configuration of the GPU that is simulated in this work. The values of some other
configuration parameters, i.e. the number of memory controller blocks, the size of
register, shared memory, DL1, DL2 and IL1, are determined by the proposed model
and are application-specific. Table 7.3 reports the value of these parameters for the

power-performance optimum GPU configurations for different benchmarks.
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7.1.2 Simulations and Benchmarks

We have used GPGPU-Sim version 3.1.2, a cycle-level GPU power and performance
simulator [5]. We have evaluated the proposed model with 24 benchmarks listed in
Table 2.1 in Chapter 2. For each benchmark, we evaluate the power and performance
of all the configurations in the design space to select the optimum configuration using
Pareto Front optimization technique discussed in Chapter 6. We use the Actual
Pareto Front configurations in this chapter. However, as we have seen in Chapter 6,
the Predicted Pareto Front is very close to the Actual Pareto Front and can be used
to save the time required to simulate all design space configurations and the Actual
Pareto Fronts.

The range of different architecture parameters can be found in Table 5.4 on
page 78. Table 7.2 reports the size of the design space of different benchmarks.
As can be seen, we have evaluated benchmarks with different complexities in terms
of their memory demands which are reflected in their design space sizes which varies
from NQU with 8 to AES with 23040 configurations in their design spaces.

7.1.3 Profiling

To obtain the attributes of GPGPU applications we used NVIDIA assembly code
SASS Instrumentor (SASSI) [84]. SASSI is a low level GPU instrumentation tool
which allows the user to inject user-written instrumentation code at any instruction
specified by the user. SASSI can be used to obtain the application’s static and run-
time information.

Figure 7.4 shows the block diagram of SASSI instrumentation flow. Application
code is compiled and an intermediate code called PTX (parallel thread execution) [69]
is generated. SASSI instrumentation codes are embedded into the PTX file. Then,
ptxas (PTX assembler) generates binary object files from the PTX file. A backend
compiler translates the PTX instructions into machine code to run on the GPU. For
the backend compiler, NVIDIA supports ahead-of-time compilation of the kernel code
via a PTX assembler (ptxas). To instrument a code, we need to tell SASSI where
it should insert instrumentation and what information to extract. For example, to
count the number of integer instructions in a GPU application, we can tell SASSI,
in the "handler” file (see Figure 7.4), to insert instrumentation code before each
integer instruction and inside that instrumentation code, we increment a counter.

The instrumented code runs on a GPU and SASSI reports the extracted data in a
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formatted file. In this study, we use SASSI to obtain benchmark attributes such
as number of kernels, number of basic blocks of each kernel and number of integer

instructions of each basic block.
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Figure 7.4: Instrumentation flow of SASSI [85].

Table 7.1 summarizes the attributes of the benchmarks obtained using SASSI. As
some benchmarks have more than one kernel and each kernel has a different number
of threads , we have defined "dominant parallelism” as an indicator of the amount of
parallelism for most of the benchmark’s execution time which is the average number
of threads running in parallel on the GPU for at least 80% of the benchmark’s run
time. The number of Integer (Int), floating point (FP), Control Flow (CF), barrier
and load/store instructions are averaged per basic block. To reflect the variation of
the size of basic blocks and different type of instructions among basic blocks, we also
use the average of variance of basic block sizes and each instruction type per basic
block in the model (variations are not shown in the table). In total, the attribute
vector of each benchmark is composed of 17 descriptors (the average of variances are

not shown in the table).

7.1.4 Clustering

Having a set of data points in a N-Dimensional space, the objective of the well known
"K-means” clustering algorithm [56] is to divide the data points into K clusters in
a way that the mean of the distances of the data points to their clusters’ center is
minimum. The algorithm starts by selecting K random points in the N-dimensional
space as clusters’ centroids. Then, it iteratively assigns each data point to the closest
centroid and calculates the mean of the distances and relocate the centroids and

updates assignments until the mean of the distances is minimum. As the algorithm
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benchmark number of Grid Block Dominant number of Basic Block
kernels Size Size Parallelism  Basic Blocks Size

NN [6] 4 1162 49 120 22 100

LPS [2§] 1 100 128 3840 27 5

STO [1] 1 384 128 3840 342 10

CP [86] 1 256 128 1920 19 4

AES [58] 1 257 256 11520 13 22

RAY [60] 1 512 128 9600 87 8

BFS [§] 2 256 256 11520 10 7

NQU [75] 1 256 96 4320 27 5

Needle [8] 255 64 16 240 58 15

HotSpot [8] 1 1849 256 11520 29 6

BackProp [§] 2 4096 256 19200 17 12

SRAD 8] 4 64 256 23040 58 4

VecAdd [64] 1 196 256 7680 4 5

Gaussian (8] 47 9 256 3840 11 8

DWT [64] 2 256 512 7680 13 6

Transpose [64] 24 4 16 720 57 5

EigenValues [64] 5 1 512 7680 71 5

ConvolutionTexture [64] 4 176 192 5760 8 29

MergeSort [64] 17 32 241 10845 64 10

ConvolutionSeparable [64] 6 96 96 4320 10 67

LIB [86] 2 64 64 1920 96 7

MUM [§] 1 20 256 3840 31 6

ScalarProd [64] 1 128 256 3840 23 4

Histogram [64] 12 221 228 10260 79 9

benchmark number of number of number of number of number of
Integer Floating Point Control Flow Barrier Load/Store
Instructions Instructions Instructions  Instructions Instructions

NN 47 19 1 0 30

LPS 3 0 1 0 1

STO 6 0 1 0 1

CP 1 1 1 0 0

AES 10 0 0 2 8

RAY 1 4 1 0 1

BFS 3 0 1 0 1

NQU 2 0 1 0 2

Needle 8 0 0 1 6

HotSpot 2 1 1 0 0

BackProp 5 1 0 1 2

SRAD 3 1 1 0 1

VecAdd 2 0 1 0 1

Gaussian 4 0 0 0 2

DWT 3 1 0 0 1

Transpose 3 0 1 0 1

EigenValues 1 1 1 0 1

ConvolutionTexture 3 9 1 4 5

MergeSort 6 0 1 0 2

ConvolutionSeparable 8 27 0 0 29

LIB 2 2 1 0 1

MUM 3 0 1 0 0

ScalarProd 2 0 1 0 0

Histogram 4 0 1 0 3
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starts by a set of random centroids the solution may be a local minimum. Repeating
the algorithm for several times can increase the chance of finding the global minimum
or a minimum close to it.

In this study, to each benchmark we assign a set of code attributes and a set of
architectural parameters that describe the optimum configuration. For each archi-
tectural parameter, p;, we cluster the space of the code attributes into a number of
clusters, CL = [cly, . .. cl,] in which ¢ is the number of clusters (we try 2 and 3 clusters
in this study). Each cluster, cl;, is assigned with the value, v; of the said architecture
parameter that is associated with the majority of the attribute descriptors included
in the cluster. To predict the value of p; for a new benchmark, B', we calculate the
distance of its attribute vector to the centroid of all clusters, o, = [d],...d,], and
denote the closest cluster and the value associated with it by 25\; and v;, respectively.
To avoid the local minimum, we repeat this process for 10,000 times and assign the
v; value adhered by the majority of the repetitions to p; of the new benchmark. We
use Matlab’s k-means function from statistic toolbox in our model. A sample code

implemented in Matlab is presented in Appendix A.4.

7.1.5 Classification

As an alternative method to clustering we use the classifier reported in [35]. The
classifier is very similar to the regression NN ensemble presented in Chapter 4, Sec-
tion 4.1.4. Both models use the same structure and heuristics but they use different
error metrics. For example, as we discussed on page 61, the sensitivity heuristic ex-
poses the set of trained neural networks obtained earlier to the perturbed exemplars.
In the regression model, it discards the ones that their output largely affected by small
input perturbations. In the classifier model, it discards the NNs that the predicted
class changes for small input perturbations. More details can be found in [35].

In this particular problem, we develop a multi-classification model as to each
code-attribute vector is assigned a configuration comprising several architectural pa-

rameters. Therefore, we develop 7 models, one for each architectural parameters.

7.2 Methodology

In this section we present more details on the different steps the proposed model takes

to predict the optimum configuration for each GPGPU application.



101

As we discussed in the beginning of this chapter, the model trains on the attributes
and optimal configurations of the benchmarks in the training set and the trained
model is used to determine the optimal configuration of an arbitrary benchmark based
on its attributes. The attributes of each benchmark are obtained using the SASSI
instrumentation tool from NVIDIA [84]. We run the instrumented benchmarks on
NVIDIA’s Quadro K420 GPU. It is worth mentioning that the architecture of the
GPU that runs the instrumented benchmark is irrelevant as we only use attributes of
the benchmarks that are specific to the kernel code itself not the architecture of the
GPU. The optimum configurations are obtained using the Pareto Front algorithm
as discussed in Chapter 6. Each configuration is described by a vector of seven
architectural parameters, i.e. number of memory controller blocks (MCB), Register
File (RF) size, Shared Memory (SM) size, constant (Cnst), data level one (DL1), data
level 2 (DL2) and instruction cache (IL1) sizes.

As we mentioned earlier in this chapter, we divide the range of each architectural
parameter into a number of sub-ranges. This coarse-quantizes the configurations
space to compensate for the small number of available benchmarks used in this study
(24). Thus, each configuration parameter is characterized as ”large”, "medium” and
"small” if the model uses three sub-ranges, or "large” and ”small” if it uses two sub-
ranges. The descriptors of the obtained Pareto-Optimal configurations of the said
benchmark are then mapped onto the above mentioned coarse quantized space.

The sub-ranges are defined using the minimum and maximum values of the pa-
rameters over all the benchmarks. For example, if for benchmark A, the number of
MCBs varies from 1 to 3, and for benchmark B it varies from 4 to 8, the overall range
is from 1 to 8.

We represent each GPU configuration with a Super-Configuration which is formed
by replacing the architectural parameters by the sub-ranges they belong to. There-
fore, each Super-Configuration represents a number of GPU configurations. This will
reduce the size of the configuration space the model needs to explore at the final step
by decreasing the granularity of the architectural parameters.

We develop a model using the benchmarks in the training set and use the model
to predict the performance-optimum configuration for an unknown benchmark based
on the similarity of its code attributes to those which are used in the training process.

As mentioned in Section 7.1.2, we had a small set of 24 benchmarks (listed in
Table 7.2) to evaluate our approach. We used leave-one-out cross validation where we

trained the model on 23 of the 24 benchmarks and reported the model’s performance
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on the 24th benchmarks. We have used either K-Means clustering (C.F. Section 7.1.4)
or classification (C.F. Section 7.1.5) to develop our models.

For each benchmark, we used a vector of 17 attributes obtained through profiling
the benchmark as discussed in Section 7.1.3 and associated the Pareto Front super-

Configuration as presented above and detailed in Section 7.2.1.

7.2.1 Obtaining the Optimum Configurations from Predicted

Super-Configuration

The resulting configuration classes (Super-Configuration) represent a number of ac-
tual configurations, as shown in Figure 7.3 on page 95. For example, in our case,
there are 7 configuration descriptors. If each configuration range includes 2 ele-
ments, then the maximum number of configurations represented by the chosen Super-
Configuration is 27 = 128. Table 7.2 shows the number of configurations in each
predicted Super-Configuration for the chosen benchmark with 2 and 3 configuration
ranges. On average, the size of the super-Configurations are 11% and 8% of the design
space size for models with 2 and 3 configuration ranges. As we mentioned earlier in
this section, because we select the ranges of the parameters over all the benchmarks,
different benchmarks will have different number of configuration classes as well as
components in each configuration class, based on their design space characteristics.
In Table 7.2 we also report the number of configurations for the model with IL1 cache
size removed from the configuration vectors. The reason is that through our experi-
ments we realized the results of the model is sensitive to this parameter and we were
interested to see how excluding the IL1 from configuration vectors would affect the
performance of the model. We will discuss this in more detail in Section 7.3.3.

The next step in our process is to determine the Pareto-Optimal configuration
among the configurations represented by the chosen Super-Configuration (see Fig-
ure 7.3). We determine this by either simulating the test code in all possible con-
figurations in the selected Super-Configuration or by using our power-performance
models [45].

The values reported in Table 7.1 are the attributes of the benchmarks and the val-
ues reported in Table 7.3 are the performance-optimum configuration for each bench-
mark along with the power and performance values associated to each configuration.
Next to each parameter we report the the sub-ranges associated to each parameter in

parentheses for the model with 3 sub-ranges. We normalize the attributes and scale
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Table 7.2: The number of configurations in each predicted Super-Configuration for
different number of sub-ranges.

benchmark 2 3 2 total
sub-ranges sub-ranges sub-ranges configs
excluding IL1
NN 16 12 22 641
LPS 192 144 192 1280
STO 24 12 36 432
CpP 48 18 48 3432
AES 228 96 228 23040
RAY 48 48 48 720
BFS 24 6 24 576
NQU 2 2 2 8
Needle 235 135 235 760
HotSpot 336 336 336 2012
BackProp 504 324 504 6897
SRAD 504 558 504 11541
VecAdd 120 90 120 720
Gaussian 20 20 20 120
DWT 210 70 210 1470
Transpose 64 42 64 240
EigenValues 18 18 18 324
ConvolutionTexture 64 42 64 768
MergeSort 388 196 383 4222
ConvolutionSeparable 3648 1008 3648 11842
LIB 36 72 36 540
MUM 36 294 36 3360
ScalarProd 288 294 288 7547

Histogram 388 196 388 4193
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them to numbers between -1 and +1 before applying clustering or classification.

Table 7.3: Performance-optimum configurations and the corresponding sub-range

Prf

(IPC)

Power
(Watt)

numbers.
benchmark number of RF
MCBs size
NN [4] 7(3) SKB(1)
LPS [28] 5(2) 32KB(3)
STO [1] 5(2) 32KB(3)
CP [s6] 6(3) SKB(1)
AES [58] 6(3) 32KB(3)
RAY [60] 5(2) 32KB(3)
BFS [8] 8(3) 32KB(3)
NQU [75] 2(1) 32KB(3)
Needle (8] 7(3) 2KB(1)
HotSpot [8] 3(1) 32KB(3)
BackProp [8] 7(3) 32KB(3)
SRAD 7(3) 32(3)
VecAdd 8(3) 16(2)
Gaussian 3(1) 4(1)
DWT 7(3) 32(3)
Transpose 3(1) 8(1)
EigenValues 8(3) 16(2)
ConvolutionTexture 8(3) 16(2)
MergeSort 5(2) 32(3)
ConvolutionSeparable 7(3) 32(3)
LIB 4(2) 16(2)
MUM 7(3) 16(2)
ScalarProd 7(3) 16(2)
Histogram 3(1) 32(3)

34

600
238
451
655
484
136
34

11

506
404
362
178
115
531

648
222
307
11

67

378
156

67
83
81
7
95
133
63
22
16
114
111
91
124
34
138
20
25
114
52
82
63
113
179

7.2.2 Evaluation

We use three methods to evaluate the accuracy of the model.

Distance

We calculate the distance of a configuration (A) to the actual optimum configuration

(Act), and normalize it with respect to the actual configuration in the performance-

power space as follow:

Normalized_Distance = \/ (

IPCy—IPC gct)%4(Power o—Power s.¢)?
(II:)C’Act)2—’_(Powe"ﬂAct)2

(7.1)
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Ranking

We rank the obtained configuration compared to all possible configurations in the
design space. To this effect, we obtained the distance of each configuration in the
design space from the performance-optimum one and then ranked the model-obtained
configuration. We report the ranking score of the obtained configuration as the per-
centage of configurations that have distances smaller than the one of the obtained

configuration.

Random

We also compare the results produced by the model to randomly selected configura-
tions. To select the random configurations, we randomly select the same number of
original configurations that the Super-Configuration represents. Then we apply the
Pareto Optimal optimization and choose the one with the highest performance and
compare it to the actual optimum configuration. We repeat the random experiment
a number of times to satisfy 0.01% confidence interval and 95% confidence level. We
report the average of the relative errors obtained as well as the percentage of cases

that the model yields better results than the random experiment.

7.3 Experimental Setup and Results

In this section we present the results of the model for both K-Means and Classification

techniques.

7.3.1 K-Means Clustering

Table 7.4 reports the ranking score of the predicted optimal configurations.

As the table shows, The model could predict the optimum configurations for 10
and 6 benchmarks for models with 2 and 3 clusters, respectively. For most of the
others, the predicted configuration has power and performance close to the optimum
configuration. On average, around 9% and 14% of the total configurations have
better power-performance score than the predictions made by the models with 2
and 3 clusters, respectively. Part of the error of the model is due to some of the
architectural parameters of some of the benchmarks that have unique values. For

example, STO is the only benchmark with 32-KB IL1 cache size and its performance
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Table 7.4: Ranking score of the selected optimal configurations using K-means clus-
tering method.

benchmark 2 sub-ranges 3 sub-ranges 2 sub-ranges
2 clusters 3 clusters 2 clusters
excluding IL1

NN 1.72% 1.72% 1.72%
LPS 0.00% 0.00% 0.00%
STO 36.57% 61.81% 3.24%
CP 22.93% 53.32% 22.93%
AES 0.04% 0.41% 0.04%
RAY 0.00% 0.00% 0.00%
BFS 17.97% 42.19% 17.97%
NQU 0.00% 0.00% 0.00%
Needle 3.42% 2.05% 3.42%
HotSpot 0.00% 0.00% 0.00%
BackProp 0.00% 0.04% 0.00%
SRAD 0.03% 0.90% 0.03%
VecAdd 0.14% 0.14% 0.14%
Gaussian 0.00% 0.00% 0.00%
DWT 0.00% 0.00% 0.00%
Transpose 59.58% 90.00% 59.58%
EigenValues 62.96% 62.96% 62.96%
ConvolutionTexture 2.08% 18.10% 2.08%
MergeSort 0.00% 1.40% 0.00%
ConvolutionSeparable 0.00% 0.41% 0.00%
LIB 0.19% 0.19% 0.19%
MUM 14.88% 13.04% 14.88%
ScalarProd 0.04% 0.52% 0.04%
Histogram 0.00% 0.19% 0.00%

Average 9.27% 14.56% 7.88%
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is sensitive to this parameter. Therefore, we report in Table 7.4 the ranking scores
of the model without IL1 cache parameter to see how making the parameter ranges
more balanced affects the performance of the model. In Section 7.3.3 we will analyze
these results in more details.

We have also compared the optimum configurations predicted by the model to
to the randomly selected configurations using the method discussed in Section 7.2.2.
The models with 2 and 3 sub-ranges, on average, produce predictions better that the
random method in 68% and 52% of the predictions. We believe these results will be

improved if we use larger set of benchmarks to build the model with.

7.3.2 Classification

Table 7.5 shows the ranking scores for the multi-classification models with different
number of classes. The model could predict the optimum configuration for 9 and 7
benchmarks for the models that use 2 and 3 classes, respectively. Comparing two
models, on average, the multi-classifier model makes more accurate results, specially
when the number of sub-ranges are larger and the space is sparser. On average,
the multi-classifier models with 2 and 3 sub-ranges produce better results than the
random method in 70% and 60% of predictions, respectively. For a detailed analysis

of the results please refer to Section 7.3.3.

7.3.3 Analysis

Although both models produce acceptable predictions for most of the benchmarks, for
some, e.g. STO, CP, BFS, Transpose and FEigenValues, the ranking scores are high.
The main reason for the high scores is the small data set used to develop the model.
The other reason is that for some of the parameters the number of benchmarks in
each sub-range is imbalanced. For example, as reported in Table 7.3, for IL1 cache,
only the STO’s IL1 size is in sub-range 3 and all other benchmarks are categorized in
sub-range 1. This is true for DL1 and constant cache as well. This has a significant
impact on the accuracy of the model as there will be not enough exemplars in some
of the sub-ranges. For example, the model miss-predicts the shared memory and
instruction cache size of the STO benchmark because STO’s instruction cache sub-
range is unique and no other benchmark share that sub-range with STO. Also, only
two other benchmarks have the same shared memory size as STO has. As the Power

and performance of STO is sensitive to the instruction cache size, the prediction
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Table 7.5: Ranking score of the selected optimal configurations using classification
method.

benchmark 2 sub-ranges 3 sub-ranges 2 sub-ranges
2 classes 3 classes 2 classes
excluding IL1

NN 2.65% 6.40% 0.78%
LPS 0.00% 0.31% 0.00%
STO 28.94% 62.96% 2.78%
CP 0.12% 25.87T% 0.12%
AES 0.04% 0.43% 0.04%
RAY 0.00% 0.00% 0.00%
BFS 17.97% 42.97% 17.97%
NQU 0.00% 0.00% 0.00%
Needle 8.34% 27.22% 8.34%
HotSpot 0.00% 0.00% 0.00%
BackProp 0.00% 0.05% 0.00%
SRAD 0.02% 0.66% 0.02%
VecAdd 0.00% 0.00% 0.00%
Gaussian 0.00% 0.00% 0.00%
DWT 1.22% 1.22% 1.22%
Transpose 60.00% 92.50% 60.00%
EigenValues 95.37% 57.41% 95.37%
ConvolutionTexture 10.81% 2.47% 10.81%
MergeSort 0.00% 1.35% 0.00%
ConvolutionSeparable 0.06% 0.41% 0.06%
LIB 0.37% 0.00% 0.37%
MUM 0.09% 0.00% 0.09%
ScalarProd 0.03% 0.48% 0.03%
Histogram 0.00% 0.19% 0.00%

Average 9.42% 13.45% 8.25%
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error is high. For BFS, the model miss-predicts the size of DL1 and DL2 caches.
The optimum configuration for BFS has the largest DL.1 and DL2 caches among all
other benchmarks. Especially, its 256 KB DL1 cache size is unique and the power and
performance of the benchmark is sensitive to its size. For EigenValues, the model
miss predicts the register file size and the shared memory size. This benchmark is
one of three benchmarks with Shared memory size of sub-range 2. For Transpose,
the model miss predicts the number of memory controller blocks and the register file
size. We are studying the possible reasons that may cause the miss predictions of
these parameters.

To further study the impact of the parameters with imbalanced sub-ranges on
the prediction results, we have excluded the instruction cache from the models and
compared the results with the original models. Excluding the instruction cache from
the models with 2 sub-ranges and predicting the remaining 6 parameters reduced the
ranking score of the STO for the clustering model from 36.57% to 3.24%. For the
classifier model it reduced the ranking score of the STO and NN benchmarks from
2.65% and 28.94% to 0.78% and 2.78%, respectively. The results are reported in
Table 7.4 and Table 7.5. Excluding the IL1 from the models, increases the Super-
Configuration size of the STO and NN slightly (see Table 7.2).

The other observation from Table 7.4 and 7.5 is that the error of the model is
proportional to the number of sub-ranges. This was expected as the number of sub-
ranges affects the search space of the problem. With larger number of sub-ranges,
each benchmark will have more super-Configuration in their design space and each
super-Configuration will include less number of actual configurations. The downside
of having few sub-ranges is that the predicted super-Configuration will contain more
actual configurations which the user of the model needs to simulate to find the best
power-performance configuration. Therefore, the number of sub-ranges is a trade-off
between the prediction accuracy and number of simulations required to be done by
the user of the model.

Furthermore, we examined the architectural parameters and observed that there
are correlations between some of the parameters. For example, the number of memory
controller blocks and DL2 cache size, DL1 and DL2 cache sizes, IL1 cache size and
shared memory size are correlated. We are working on a new multi-classifier model
that takes into account the correlation between architectural parameters. We believe

this could improve the accuracy of the model.
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7.4 Conclusion and Discussion

In this chapter we proposed a method to predict the power-performance optimum
configuration of a GPU based on code-specific attributes. We have used models
based on K-Means and non-linear classification [35]. Our results have established
that code specific attributes can be used to obtain power and performance and in
fact to obtain power-performance optimum configurations for a GPU.

Our method was accurate for most of the benchmarks we tested (18/24). However,
our method was less accurate in 6 of the cases mainly because of the sparsity of the
training set. Specifically the mispredicted cases were outliers having configurations
that were unique and not represented by the remaining benchmarks.

The model presented in this chapter, relies on the NN-based predictor discussed
in Chapter 4 to obtain the application specific optimum GPU configuration. The
training time of the model depends on the size and complexity of the problem. In the
next chapter we will explore techniques to accelerate the run time of the NN-based

predictor presented in Chapter 4.
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Chapter 8
Conclusion and Future Work

GPGPU applications usually have large amount of parallelism and different appli-
cations have different memory and computational demands. To run an application
efficiently on a GPU, one needs to explore the hardware design space of GPU based
on memory and computational requirements of the application. We proposed a num-
ber of different models for efficient resource allocation and design space exploration
for GPGPU applications.

The first model, utilizes the Plackett-Burman methodology and formulates a con-
straint optimization problem to find the optimal GPU design for different available
chip real-estate budgets without resorting to exhaustive design space exploration.

The GPGPU design space explorer, uses NN-based power and performance pre-
dictor, a filtering mechanism and Pareto Optimal optimization technique to predict
application-specific power-performance optimum configurations. We showed that the
optimum configurations produced by the model is very close to ones produced using
simulation results. We proposed a method to obtain the configuration that performs
well for any set of applications. The execution time of the proposed model was sig-
nificantly reduced by formulating the time consuming part of its training phase in
form of a quadratic optimization problem and solving it using quantum annealing
techniques.

We also studied the influence of kernel attributes on the decisions made at ar-
chitecture level and showed that the optimum configuration is influenced by kernel
attributes. We developed a model to relate the power-performance optimum config-
uration of GPGPU benchmarks to the static kernel attributes.

The models presented in this work can be used by a) users of GPGPU applications

to determine the power-performance optimum GPU configurations, b) GPU manu-
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facturers to decide on the configuration of the next generation of GPUs, software
developers to obtain insight on optimization opportunities to improve the efficiency

of running applications on GPUs.

8.1 Future Direction

Here we present a few ideas and suggestions for future work.

1. Running a benchmark on the configurations predicted by the proposed mod-
els will result in optimum power-performance for the overall execution of the
benchmark. Some benchmarks are composed of multiple kernels with different
memory and computational requirements. The accuracy of the model can be
improved by studying each kernel and determine the ones that the power and

performance are most sensitive to.

The execution of a kernel can be composed of different phases each of which with
its own unique memory and computational demands. Predicting the optimum
configurations based on the requirements of the major phases of the kernel can

also improve the performance of the proposed models.

2. The model that could predict the optimum configuration at kernel or phase
granularity (instead of application granularity), can be used along side power
gating technique to adjust the GPU configuration at run time based on the

demands of the major phases of the kernel.

3. The methods presented in this work were evaluated on a Fermi-like GPU ar-
chitecture. We used the Fermi architecture since the tools available for it were
reliable and mature. We believe that similar results could be held should the
experimentation were to target one of the newer architectures. NVIDIA’s newer
architecture can run multiple kernels on GPU simultaneously. It is interesting

to see how the proposed models can be applied to such environment.

4. In the model we proposed to predict the optimum power-performance config-
uration for a GPGPU application, we assumed the software parameters of the
application are set and fixed. A model, based on the same methodology, can be
developed to explore the software design space of an application to predict the
best software configurations for a certain GPU that result in optimum power

and performance.
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5. The NN-based model is a feed-forward neural network. It is interesting to see
how other neural network architectures such as Radial Basis Function (RBF)

networks perform when they are used to build the model.

6. The optimum configurations predicted by our models can be translated into
software optimization hints for the programmer of the system. For example, if
the optimum configurations for a given benchmark have high number of mem-
ory controller blocks, it means the application accesses the off-chip DRAM
frequently and therefore, using software managed cache to reduce the off-chip

traffic can be beneficial to improve the performance.



Appendix A

Additional Information

A.1 Integer Linear Programming
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In Chapter 3 we proposed to formulate GPGPU resource allocation as Knapsack op-

timization problem and solved it using Integer Linear Programming (ILP) technique.

In this section we present the Matlab source code used in the model. The code below

shows the source code for BFS benchmark with three architectural parameters.

% The value of each parameter

p=—[216145 6535 28065];

3|% The cost of each parameter

w=[0.3 2.71875 21.25];
% Initial number of units for each parameter

x0=[1 1 1];

f
A=[w(1) w(2) w(3)];

5| Final _Bound_For_C=50;

index=1;

% main loop

for b=sum(w):0.3: Final_Bound_For_C

[x,fval ,exitflag ,output ,lambda] = linprog(f,A,b,[],[],!b,ub,x0);

x_continous (:,index )=x;
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x_final (:,index)=round(x);
index=index+1;

end

cost=x_final "xw’;

29|% Plot the results

hold on
plot (sum(w) :0.3: Final_Bound_-For_C, x_final (1,:), linewidth’,2)
plot (sum(w) :0.3: Final_Bound_For_C, x_final (2,:),’r’, linewidth’,2)

33| plot (sum(w) :0.3: Final_Bound_For_C, x_final (3,:),’k’, linewidth’,2)

5| axis ([24 Final_Bound_For_C 0 5])

legend ('MCB’ , 'DL1. Cache’, 'RF ")

xlabel (’Cost (transistor budget)’, fontsize’ ,14)
ylabel (’Configurations’, fontsize ’ ,14)

grid on

Listing A.1: Solving Knapsack optimization problem using ILP.

Figure A.1 shows the best configuration per cost for BFS benchmark generated
by running the code above under the Matlab.
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Figure A.1: The optimum resource allocation for BFS benchmark.
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A.2 Outlier Detection Heuristic

In Chapter 4 we proposed a heuristic method to filyet extreme outliers. The code

below is the source code of the filter implemented in Matlab.

clear all;

cle;

% read inputs
All_Data;

Blind_res;
BlindData;
data_All_file;

load (’Set.mat ) ;
load (’Seq-Indexes’);

% Initial parameters — application specific

;| Neighbours_T =4;

data_blind=data_all_2;

TrainSet_Complete;

Y=data_blind (:,1:8); % Normalized Test Set.
IPC_Error_Col=18; % for performance

[tp, num_of_Dimensions] = size (Y);

num=[1l:tp] ’;
AllData=[num, AllData |;
[ADa, ADb]=size (AllData);

)| Pre_TestActiv=AllData (: ,IPC_Error_Col—1)./10; % Predicted activities of

the test set.
IPC_Error_Data=AllData (: ,IPC_Error_Col);

5| Max_IPC_Error_Outlier=mean (IPC_Error_Data)+2xsqrt (var (IPC_Error_Data)) ;

%Max_IPC_Error_Outlier=15;

Num_of_Outlier . IPC = sum(AllData (:,IPC_Error_Col)>Max_IPC_Error_Outlier)

Num IPC_OutL_L60 = sum(AllData (: ,IPC_Error_Col)>60);

Num_IPC_OutL_L50 = sum(AllData (: ,IPC_Error_Col)>50) — Num_IPC_OutL_L60;

Num_IPC_OutL_L40 = sum(AllData (: ,IPC_Error_Col)>40) — Num_IPC_OutL_L50 —
Num_IPC_OutL_L60;

Num IPC_OutL_L30 = sum(AllData (: ,IPC_Error_Col)>30) — Num_IPC_OutL_L40 —
Num_IPC_OutL_L50 — Num_IPC_OutL_L60;

[tp, num_of Dimensions| = size (Y);

Data_Blind_Size = tp;
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Filter _Book=[0.5 1 2 3 4 5 10 15 20 30 40 50];
All_Act_T_Mean =[];

% Main loop that checks all the sequences.
for k=1:size(Set,1);

X T=cell2mat (Set (k,4)); % Test set for SeqX

Listing A.2: Outlier filter.

A.3 Pareto Front Optimization

In this section we present the Matlab code to obtain the Pareto Front configurations

of an application.

clear all

clc

3|% Reading the inputs

Control=0;

Design_Space;

DS_IPC_Power=DS;
Actual=DS_IPC_Power (:,[8,9]) ;

% Preparing data for PF algorithm
Sim=[Actual (:,1)*—1 Actual(:,2)];

% Calling the function that calculates PF

3| [SimPar SimInd]=prtp (Sim) ;

Actual _Pareto= sortrows ([SimPar (:,1)*—1 SimPar(:,2) SimInd’],—1);
Actual_Index=SimlInd;

% Preparing data to plot

k=1;

I=1

for i=1:size (DS_IPC_Power,1)
if ("sum(ismember (Actual_Index ,i)))

Actual_Remaining_Index (j ,:)=i;

=it

end
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end

Actual_Remaining_Pareto=Sim (Actual_Remaining_Index ,:) ;

if (Control==0)
plot (Actual_Pareto (:,1),Actual_Pareto (:,2),’rx")
hold on
plot (Actual_Remaining_Pareto (:,1)*—1,Actual_Remaining_Pareto (:,2),’b
+7)

5| end

Complete_Actual_Pareto=DS_IPC_Power(SimlInd ,:) ;
Complete_Non_Actual_Pareto=DS_IPC_Power (Actual_Remaining_Index ,:) ;

% Plotting the data

Listing A.3: Pareto Front algorithm.

A.4 Kmeans Clustering

In this section we present a Matlab sample code that clusters the input application
code attribute vectors, assigns a IL1 cache size to each cluster based on majority vote
system and based on the distance to the centroids of the clusters, predicts the IL1

cache size of a new application.

clear all

cle

% Reading input data
GPGPU_Dataset ;

% Initialization

MCB = 18 ;
Reg = 19 ;
Shard = 20 ;
Constant = 21 ;
DLl = 22
;| DL2 = 23

IL1 = 24

)
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KM _Rep=5;
Num_Descriptors = 17;
Config = IL1;
Repet=10000;
Num_Clusters=3;

ii=1;

3|% main loop

for rep = 1: Repet
% rep for each application

for kk=1:size (GPGPUDataSet,1)
Blind_Index = kk;
GPGPU_Dataset ;

GPUDataTargets = GPGPUDataSet (: , Config) ;
% Strip the dataset out of labels and the indices

GPUDataDescriptors = GPGPUDataSet (: ,1: Num_Descriptors) ;

[a,b]=size (GPUDataDescriptors) ;
% mnormalize data

GPUDataDescriptorsNormalized=2x(GPUDataDescriptors— ones(a,1)*
min ( GPUDataDescriptors))./(ones(a,1l) *(max( GPUDataDescriptors )—min (
GPUDataDescriptors) ) ) —1;

GPUDatasetNormalized = | GPUDataDescriptorsNormalized ,
GPUDataTargets |;

Train_Index=setdiff (1:size (GPGPUDataSet,1) ,Blind_Index);

Listing A.4: Kmeans clustering.
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