
Instituto Tecnológico y de Estudios Superiores de Monterrey
 
 

Campus Monterrey 
 
 

School of Engineering and Sciences 
 
 

 
 

   

GPGPU Workload Characterization Using Memory Bottleneck Detection 
and Hierarchical Clustering Analysis 

 
A thesis presented by 

 

Luis Alberto Freire Bermudez 
 

Submitted to the 
School of Engineering and Sciences 

in partial fulfillment of the requirements for the degree of 
 

Master of Science 
 

In 
 

Electronics Engineering 
 
 
 

 

 
 
 

Monterrey Nuevo León, December 3th, 2018 







Dedication
 
 
 
 

Este trabajo lo dedico primeramente a Dios, mis huellas en la arena son las suyas. 

A mis padres, porque perdí la cuenta de las veces que me levantaron. Esto es de 
ustedes. 

A mis hermanas, la vida es más bella cada vez que las recuerdo. Siempre las llevo en 
mi corazón. 

A mi abuelita y a mis primos, que siempre están conmigo en la distancia. 

A mis amigos, que siguen aquí a pesar del tiempo. 

 

Finalmente, quiero dedicarle estas páginas de manera muy especial a Laura, Carlos, 
Leonardo, Alejandro, Colón, Sixter y Ana María; hasta que nos volvamos a ver. 

 

  



Acknowledgements

 
I express my gratitude to Tecnológico de Monterrey for awarding me with an important 
scholarship during my studies. Thanks to CONACyT for the financial support, which 
allowed me to continue my studies without any inopportuneness. 
 I would like to thank my advisor, Dr. Alfonso Ávila Ortega for his dedication towards 
this work and patience. I very much appreciate the hours of mentorship and caring, his 
guidance made this work possible. 
 In a very special way, I wish to express my deepest thanks to Professor Nikil Dutt 
at the University of California Irvine, for inviting me to be part of his research group during 
my stay at UCI and for his valuable contributions to this thesis. Also, I would like to thank 
Dr. Rosario Cammarota for his insightful comments to finish this work. 
 My deepest gratitude goes to the Tecnológico de Monterrey community, both the 
teachers and the students made of this an unforgettable experience. 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 



GPGPU Workload Characterization Using Memory Bottleneck 
Detection and Hierarchical Clustering Analysis 

by 
 

Luis Alberto Freire Bermudez 
 
 
Abstract 

 

The use of Graphic Processing Units (GPU) for General Computing (GPGPU) has 
become increasingly common in recent years. In this type of processor, memory 
bottlenecks are a critical issue and the way data are commissioned to the partitions can 
cause several requests to get stalled behind each other, waiting for resources.  

In this thesis, a methodology to characterize GPGPU kernels based on their 
likeability to create bottlenecks in the GPGPU memory hierarchy is presented. A GPGPU 
simulator is used to obtain unique fingerprints from more than 100 workloads and classify 
them using a Hierarchical Clustering Analysis.  

The thesis also shows that that optimizations made to the kernels impact its run 
time memory bottleneck generation and that this behavior is successfully detected by the 
methodology. Two major groups of kernels were defined, naïve and optimized ones, and 
to characterize a set of exploration kernels within those groups with an effectiveness rate 
of over 75% for the two groups. A discussion is also held about how different levels of 
optimizations can be identified by our clustering engine and how those results could be 
use by subsequent approaches to predict bottleneck related issues in new kernels added 
to the cluster. Overall, a simple and transparent methodology to study bottleneck 
generation on GPGPU kernels is proposed which proves useful for future applications 
like static chararacterizer and statics predictor.  
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Chapter 1 

 

Introduction 
 
Development of Complementary Metal Oxide Semiconductor (CMOS) technology has 
been the milestone for the success of information technology age. While inventiveness 
and imagination continue to drive society forward, processors have been struggling to 
keep up in the past decade. The difficulty of power dissipation has prevented RISC 
(Reduced Instruction Set Computer) and CISC (Complex Instruction Set Computer) 
processors from reaching practical operating frequencies beyond the 5 GHZ. 
Miniaturization also presents problems as Moore correctly stated several years ago. 
Since applications such as deep learning, high accuracy simulations and medical 
research demand up to the task computing power, developers have turned to Graphics 
Processing Units (GPU) in order to handle the expected performance of a state-of-the-art 
application and prepare for future demands. General computing is has been taking 
advantage of parallel devices, this trend has come to rename Graphic Processors as 
GPGPUs (General Purpose Graphic Processing Units) when they are used for general 
applications [1].  

Availability of massive Parallel Devices have proven useful in handling 
computations, but because it is a relatively novel technology, research in optimization is 
still scratching the surface of GPUs potential. On the other hand, differences between 
serial and parallel programming models alienates the technology from traditional 



developers, efforts to overcome this includes environments like CUDA [2] and OpenCL 
[3] that aim to make parallel programing accessible and understandable. 

While efforts for optimizing serial processing have proven to be useful and effective 
[4], [5], Parallel Processing still presents great challenges and opportunities mainly due 
to their complexity. In almost every system, research in throughput enhancements have 
demonstrated to be more effective for the processing units that for the memory, so the 
difference between the time it takes to extract data from storage and processing it remains 
one of the most problematic bottlenecks for developing applications  [6], [7], [8]. This is 
still applicable to parallel computing, and even tough an operation can take advantage of 
a multicore setting, the way data is requested to the memory can make several requests 
to get stalled waiting for a certain resource in the hierarchy, causing a type of bottleneck 
that affects performance.  

While both programmers and architects have clear opinions about the causes of 
this performance gap, finding and quantifying the real problems remains a topic for 
performance modeling tools [9]. To study these type of bottlenecks statistical and 
mathematical approaches have been proposed. Current techniques despite being useful 
and accurate, tend to depend either on complex modeling or intensive training. 
Characterization of this kind of performance degradation in GPGPU applications is 
scarce, which leaves room for improvement and proposition of new ideas. 
 
 
 

1.1 Motivation 
 

The frequency in which memory bottleneck caused by stalled requests occur, make them 
a critical issue when dealing with GPGPU applications optimization. Developers would 
take advantage of a tool that provides guidance for writing applications in a way that 
minimizes this type of bottleneck, so it keeps execution time as low as possible. 

Although their consequences are evident after the execution, the nature of these 
performance pitfalls makes their study particularly hard. Memory bottleneck previously 
described occur at run-time and therefore virtually undetectable before and during 
execution. Current approaches consist of making sense of several performance counters 
and correlate them with know architecture characteristics in order to study the bottleneck 
effects and causes. Nowadays existing technologies allow us to simulate with accuracy 
the execution of GPGPU applications. These make possible a proper run time study of 
the memory behavior during the program execution without having to rely on offline 
metrics. These simulators can be used to precisely characterize specific bottleneck 
related issues and correlate them with performance pitfalls.This kind of methodology 
would make it easy to construct a fairly transparent and relatively simple GPGPU static 
performance predictors that take into consideration memory bottleneck prediction and 
correction. One part of the method should be able to detect and keep a record on how 
the program behaved during the entire execution and identify patterns related to know 
performance pitfalls. It also must be able to select appropriate places in the hierarchy to 
study and look for unwanted behavior. The methodology must be able to distinguish the 
patterns in one application among several other, without needing to run an excessive 
amount of training subjects. It is a goal of this work to construct not just an effective 



methodology, but a transparent one that can be easily understood, applied and, if 
necessary, modified in the future. 

In summary, the goal is to construct a methodology that successfully characterizes 
GPGPU applications based on their likelihood to cause a memory bottleneck at run-time.  
The methodology must work in a way that it can serve as a basis for constructing a static 
bottleneck predictor using the information about run-time pattern identified in the future. 
 
 
 

1.2 Research Questions 
 

Based on a brief State-of-the-Art review, the following hypothesis are proposed: 
 
I) Run-Time memory bottlenecks in GPGPU applications can be detected using a 

GPGPU simulator 
Ii) Geometric approximations are valid bottleneck detection methods 
Iii) GPGPU applications can be characterized using a reduced application signature 

without losing accuracy 
IV) Hierarchical Clustering Analysis can be used to classify applications and detect 

bottleneck related issues among different kernels 
 
 
 

1.3 Solution Overview 
 

Characterization of run-time metrics has been largely used to study and compare 
software behavior. In terms of serial processing, Cammarota et al. in 2011 gathered run-
time metrics to prune a set of candidate systems for software, eliminating the ones that 
slowed down the computation [10]. They defined an application signature as a vector of 
Pearson correlation coefficients between resource stall counts and cpi. In this work, a 
minimum spanning tree was selected as the algorithm to classify kernels. 

Another way to stablish similarities is to make a Hierarchical Clustering Analysis 
for characterizing GPU benchmarks, as demonstrated by Che et al. in 2010 [11]. 
Extracting some ideas from their work, and measuring run-time data like in [10], Gonzales 
et al. applied them to GPU computing [12]. They showed that the analysis generally 

among other applications. 
Benchmark characteristics can also be used to predict performance. Che and 

Skadron studied in 2013 the approach of gathering benchmark characteristics to predict 
the performance on an application of interest by mapping it to the workload space using 
nearest  techniques [13]. It is possible to observe the advantages of 
characterization and similarity techniques to study the performance of GPU applications. 
In this work, GPGPU applications will be characterized based on their likelihood to create 
memory bottlenecks and the classified using a Hierarchical Clustering Analysis to 
distinguish levels of optimization among other workloads. 



 
 

1.4 Main Contributions 

A method for extracting memory request behavior history from a kernel running on a 
GPGPU simulator using queues is proposed. Thi research effort is based upon previous 
research using a different kind of kernel signature that is still valid for prepresenting the 
memory bottleneck generation rate of the workload. Hierarchical clustering analysis is 
used to classify more than 120 kernels extracted from 49 GPGPU applications.  
Exploration kernels, whose performance is generally known are used to test the 
characterization. The methodology shows that there is a tendency to identify different 
levels of optimization in different sub clusters of the hierarchy. 
 
 
 

1.5 Thesis Organization 

Chapter 2 constitutes the background of our work. Firstly, the state of the art is presented 
including performance models and machine learning techniques for characterization. 
Additionally, theoretical notions like GPU Architecture and Clustering algorithms are 
visited so the unfamiliar reader could get used to these concepts. Chapter 3 provides a 
detailed description of the three stages of our proposed methodology, which is the main 
contribution of this work. Chapter 4 shows the results obtained by the proposed 
methodology. In addition, a discussion is presented looking for a validation of the 
methods. Chapter 5 presents the conclusions, highlights the obtained contributions and 
introduces future work 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 
 
 
 
 
 
 
 
 
 

Chapter 2 

Background 
 
 
 

2.1 State of the art 
 

The study of performance and application characterization presented in this Chapter 
includes novel approaches in performance models for understating execution and 
predicting performance, Architecture simulators, compilers, and learning techniques. 
 
 
 

A. Performance Models 

Performance has always been a concern when dealing with CPU or GPU applications 
since architectures are now more complex, their behavior is difficult to predict, but 
necessary in order to avoid testing applications by trial and error [1]. In terms of GPU, 
accelerated applications performance models still have several research areas such as 
complexity. In this section, approaches to propose more accurate or simple performance 
models for GPUs are described. One of the main factors preventing developers from 
writing optimal parallel applications is the enormous size of the design space and several 
approaches have been proposed to simplify design tasks using models. Mirsoleimani and 
Khunjusj proposed in 2015 a two-tier algorithm which builds a multiple linear regression 
model from a small set of simulated data instead of using the whole set of design point 
for their targeted architectures [14]. They were able to construct a GPU performance 
predictor which could predict the performance of any point in the design space with an 
average prediction error between 1% and 5% for different benchmark applications. 
Following that trend Tran and Lee proposed in 2015 a model for tuning the number of 



Blocks and number of threads per block for a GPU kernel to a size that could reach 
optimal performance [15]. This approach has the potential to reduce design space and to 
prevent the programmers from performing this challenging task. 

Bottlenecks in the hierarchy remain, in many cases, the principal reason for 
performance drawbacks, several efforts have been made to build models that represent 
and identify bottleneck behavior. In 2009, Georgia Institute of technology proposed a 
simple analytical model to estimate the number of parallel memory requests by 
considering the number of running threads and memory bandwidth and by doing so, 
estimating the execution time of massively parallel programs. Their goal was to provide 
insight into performance bottleneck of GPU applications to reduce design space for 
programmers [16]. Madougou et al. developed Black Forest in 2016, a statistical tool for 
predicting performance and analyzing bottlenecks in GPU applications based on random 
forest modeling and using hardware performance counters data [17]. Their method was 
tested using three different kernels as study cases and it is shown that it can predict 
execution time in a fairly accurate way and that bottlenecks are identified in each case.  

With memory still being a critical design point for GPU applications, research in 
modeling has also leaned towards understanding the impact of memory usage when 
developing parallel accelerated programs. With the intention of providing insights into the 
performance of memory-intensive kernels, Hu, Liu and Hu proposed in 2014 a pipelined 
global memory that incorporates uncoalesced memory access pattern, as the author's 
state is the most critical global memory performance related factor, and provide a basis 
for predicting the performance of memory-intensive kernels [18]. Another model was 
proposed in 2015 by Konstantinis and Cotronis, which provides performance estimation 
of CUDA kernels on GPU hardware in an automated manner by looking at compute-
memory bound to characterize kernels [19]. Using a set of kernels and device features 
they were able to get an absolute error in predictions of 10.1% in the average case. In 
terms of frequency, the way it impacts the performance was studied by  Gupta et al., who 
presented a light-weight adaptive runtime performance model that predicts the frame 
processing time [20]. Their model was adaptative to different workloads, which made it 
suitable for online performance study. They later used this model to estimate the frame 
time sensitivity to the GPU frequency on mobile platforms. Benchmark characteristics can 
also be used to predict performance, like in [13] were the approach of gathering 
benchmark characteristics to predict the performance on an application of interest by 
mapping it to the workload space was studied. This work obtained a mean of 21.9% of 
prediction error.  
Jiao et al. Presented in 2010 a power and performance characterization of GPU kernels 
revealing that energy saving mechanisms behave differently on GPU than on CPU and 
that this behavior can be detected by characterization [21]. Abe et al. in 2014 
characterized and also modeled GPU-accelerated Systems across multiple generations 
of architectures [22]. Their approach took in consideration the impact of voltage and 
frequency in each platform and used characteristics from previous executions to provide 
a statistical model to predict performance in different generations of architectures. 
Nagasaka et al. presented in 2010 a statistical modeling approach for estimating power 
consumption using information from performance counters [23]. Since it is not always true 
that an operation could take advantage of a parallel architecture,  
presented an efficient OpenCL task Scheduling scheme for determining at run-time which 



kernels are more likely to take advantage of a parallel device [24]. In this research, static 
code structure metrics are combined with runtime features to build a predictive model. 

 
 
 

B. GPU simulators, emulators and compilers 

In the past years, several simulators hardware models and emulators have been 
developed to obtain a testing platform for novel processing methods that could increase 
performance. These frameworks have helped to propose new methodologies that used 
collected data that would be nearly impossible to obtain from real hardware. In 2009, the 
University of British Columbia Characterized several non-graphics applications written in 

GPGPU-Sim, a novel detailed 
microarchite
(PTX) virtual instruction set. [25]. Performance of different benchmarks was studied using 
GPGPU-Sim presenting performance analysis and bottleneck observations. 
 Kerr, Diamos and Yalamanchili used a full PTX (Parallel Thread eXecution 
architecture) emulator inside Ocelot: an open source infrastructure developed for the 
purpose of understanding data parallel applications, which can execute compiled kernels 
from the CUDA compiler [26]. The authors used this framework to characterize several 
kernels and applications. In 2010, Collange et al. presented Barra: A Parallel functional 
Simulator for GPGPU that generates detailed statistics on executions in GPU a simulated 
architecture [27]. Barra was developed inside the UNISIM environment and used cubin 
files as input. On the side of the compiler, efforts are focused in developing compilers 
capable to address the two major challenges of developing high performance GPGPU 
programs: effective utilization of GPU memory hierarchy and judicious management of 
parallelism. In the same year, Yang et al. developed a compiler that analyzes the code, 
identifies its memory access patterns and generates and optimized kernel obtaining 
promising results while maintaining the understandability of the resulting kernel [28].  
 
 
 

C. Workload Characterizers and Learning guided techniques 

Another approach for understanding application characteristics or predict performance is 
Machine Learning, even though it may require intensive training they have the advantage 
of not requiring manual intervention to learn and detect patterns. This section explores 
previous research works that either characterize workloads or predicted performance 
using learning techniques. 
 Che et al. presented in 2010 a characterization of Rodinia Benchmark on an 
NVIDIA GeForce GTX480, comparing it to Parsec to search for similarities and 
differences using a Hierarchical Clustering Analysis [11]. Their metrics consisted of 
Instructions per Cycle (IPC), Memory Instruction mix, and warp divergence. According to 
the authors, important differences between benchmarks were observed. Effort from 
Goswami et al., at the University of Florida, focused on creating a characterization 



methodology using microarchitecture agnostic characteristics to provide a meaningful 
way for architects to select a set of workloads appropriate to their research [29]. Their 
methodology was able to capture important behaviors such as coalescing and divergence 
characteristics. 
 Cammarota et al. Gathered run time metrics and used a similarity analysis to prune 
a set of target candidate systems from those that were more likely to reduce performance 
[10]. They defined an application signature as a vector of Pearson correlation coefficients 
between resource stall counts and cpi. To cluster the serial applications two algorithms 
based on minimum spanning tree were proposed in this research. Following this trend, 
research by Gonzales-Lugo et al. applied similar algorithms to GPU computing, selecting 
run time metrics and classifying kernels using hierarchical cluster analysis [12]. They 
showed that the analysis generally distinguished between levels of optimization, but they 

 With the purpose of having a 
tool to estimate GPU performance for a piece of code before writing a GPU 
implementation, the University of Wisconsin-Madison proposed on 2015 Cross-
Architecture Performance Prediction (XAPP) [30]. Their approach examined program 
properties and hardware characteristics to train a machine learning algorithm to recognize 
if the piece of code is worth being written for a GPU platform. Georgia Institute of 
Technology reported on 2010 an empirical evaluation of 25 CUDA applications on four 
GPUs and three CPUs [31]. A combination of different metrics for each application, 
gathered before kernel execution, was used to stablish relationships between program 
behavior and performance. A modeling framework is used then, in an attempt to predict 
the performance of similar applications on different processors.  
 Amaris et al. compared three different machine learning approaches: Linear 
regression, support vector machines and random forests with a BSP-based analytical 
model, to predict the execution time of GPU applications [32].  A Research group from 
The University of Texas at Austin in collaboration with AMD described a GPU 
performance and power estimation model that uses machine learning techniques [33]. 
This model was trained using measured performance and power data from several 
applications being run at different configurations. They combined hardware counters 
gathered from new kernels with the model to estimate performance and power with 
different GPU configurations. On the same way, IBM research department in 2014, 
presented an approach which applies supervised learning algorithms to predict the 
speedup obtained from porting a program to a GPU kernel. For GPU applications, the 
model can predict the best platform to run the kernel [34]. 
 
 
 
 
 

2.2 Analysis of research opportunity 
 
GPU performance analysis remains a challenging task, and tool support is mandatory for 
the large adoption of systematic performance engineering [17]. Even tough great 
breakthroughs have been made in terms of mathematical models and machine learning 
algorithms, they both have several limitations like the extension of hardware knowledge 



required or the lack of training data as was remarked by the work of the University of 
Wisconsin [30].  

From the presented literature review, it can be inferred that a learning algorithm 
that performs a study of memory bottlenecks in GPGPU applications still presents areas 
of opportunity. One of the things that would benefit future approaches is the creation of a 
method for characterizing GPGPU programs that are transparent and therefore easy to 
understand. Looking towards prediction, the characterization must be able to work using 
a small training set and shall serve as a basis for identifying potential hazards at compiling 
time in the future. The review also presented hierarchical clustering analysis as a valid 
technique for characterizing applications, but unlike previous work, that identifies 
bottlenecks after execution based on offline performance metrics, our work focusses on 
dynamic characterization based of memory bottleneck generation, which can serve as a 
profiler to use in many future applications like bottleneck prediction. As stated by 
Nagasaka et al., characterization and modeling by performance counters measurements 
have limitations [23], for that reason, our approach combines Architecture simulators with 
learning techniques as an alternative to performance models. The use of a simulator 
allows us to gather metrics that would be virtually impossible to obtain from a real GPU, 
literature also backs up the decision of using Fermi as the target architecture since it 
demonstrates that it is still valid. Our approach is also the first one to propose a geometric 
approximation to characterize bottlenecks. The use of clustering allows us to stablish a 
hierarchy of similarity, rather than limiting to pointing out bottleneck issues. 







2.2 Theoretical Background 
 

A. GPU 

The background presented in this section is based on a review made upon NVIDIA 
Fermi architecture and NVIDIA Cuda Programming Model. 
 
Architecture Overview 

Fermi GPUs have 16 Streaming Processors(SM). Every streaming processor consists of 
computing units called CUDA cores (CC), this particular architecture has 32 cores per 
Streaming Processor for a total of 512 CUDA cores. The streaming processor is 
composed also by the instruction cache, warp schedulers, load and store units and a part 
Shared par L1 cache configurable Memory. Each CUDA processor has a fully pipelined 
integer arithmetic logic unit (ALU) and Floating-Point Unit (FPU). Fermi GPU is also 

equipped with an L2 cache that covers GPU local DRAM as well as system memory. The 
architecture also features the GigaThread global scheduler, which distributes  blocks to 
the streaming processors, the Host Interface and 6 different memory partitions that 
constitute memory level 3. Overview of Fermi architecture is presented by Figure 2.1 
 
 
The Programing Model 

CUDA is the hardware and software model that enables NVIDIA GPUs to execute 
programs written with C,C++,Fortran, OpenCL and other languages [35]. The 
computational elements kernels, that 
are pieces of code that run on a parallel device (in GPU context). An application may 

Figure 2.1: Fermi Architecture Overview [35], [36] 



consist of one or more kernels. The compiler transforms the kernels into many threads 
that execute the same operation. A thread can be seen as the iteration of a loop that 
works with, ideally, different data than the rest of them to help accelerate a computation. 
When an image needs processing, for example, the entire workload of pixels is 
decomposed so that each kernel can operate in only one pixel. Each thread has access 
to a local memory that is private for itself. 
 Several threads are grouped into thread blocks that can contain more than 1,500 

threads. Every thread in a block are run on a single Streaming Multiprocessor (SM), and 
within the SM all the thread can cooperate and share resources like the Shared Memory. 
The threads can execute in any order, in either concurrent or sequential fashion. Every 
thread has a thread id within its block. Thread blocks are divided into warps of 32 threads 
for execution. A warp is a fundamental unit of dispatch within a single SM [36]. 
Programmers can generally ignore warp execution since it is a hardware related aspect 
of the programming model, but the knowledge about its operation can improve 
performance. 
 Returning to the thread blocks, these blocks are grouped into grids, each of which 
executes a unique kernel, the grid can read inputs and write outputs to global memory. 
Thread blocks and grids each have identifiers that specify their position within the kernel 

Figure 2.2: CUDA Hierarchy of threads, blocks and grids [35] 



thread hierarchy. The GPU instantiates a kernel on a grid consisting of parallel thread 
blocks. Each thread within a thread block executes an instance of the kernel and has a 
thread ID within its block. Blocks have a Block ID within its grid. Figure 2.2 displays the 
hierarchy of threads, blocks and grids. 
 
 
The Modeled Architecture 

Overall GPU architecture modeled by GPGPU-Sim is showed in Figure 3.2. The 
GPU modeled by GPGPU-Sim is composed of Single Instruction Multiple Thread (SIMT) 
cores connected via an on-chip connection network to memory partitions that interface to 
graphics GDDR DRAM. SIMT cores are equivalent to Streaming Multiprocessors (SM), 
as referred to by NVIDIA or Compute Unit (CU) as referred by AMD. Several SIMT cores 
are grouped together under core clusters and share a common port to the interconnection 
network. Each SIMT core cluster has a single response FIFO that holds the packets 
delivered from the interconnecting network (ICNT) and distribute them to the different 
cores. Each core also simulated 4 different on-chip level 1 memories: shared memory 
and data cache, both with reading and writing capabilities, constant cache and texture 
cache with reading only capabilities. The interconnection network consists of a modified 
version of Bookism, a standalone network simulator as described in [37].  
 The memory system in GPGPU-Sim is modeled by a set of memory partitions.
Each memory partition contains an L2 cache bank, a DRAM access scheduler and the 
off-chip DRAM channel. Various queues facilitate the flow of memory requests and 
responses between them. The memory request packets enter the Memory Partition from 
the interconnect via the ICNT->L2 queue. The L2 cache bank pops one request per L2 
clock cycle from the ICNT->L2 queue for servicing. Any memory requests for the off-chip 
DRAM generated by the L2 are pushed into the L2->dram queue. If the L2 cache is 
disabled, packets are popped from the ICNT->L2 and pushed directly into the L2->DRAM 
queue, still at the L2 clock frequency. Fill requests returning from off-chip DRAM are 
popped from DRAM->L2 queue and consumed by the L2 cache bank. Read replies from 
the L2 to the SIMT core are pushed through the L2->ICNT queue. Requests exiting the 
L2->DRAM queue reside in the DRAM latency queue for a fixed number of SIMT core 
clock cycles. Each DRAM clock cycle, the DRAM channel can pop memory request from 
the DRAM latency queue to be serviced by off-chip DRAM and push one serviced memory 
request into the DRAM->L2 queue. More details about the simulator can be found in [38]. 
 
 

B. Hierarchical Clustering Analysis 

Cluster Analysis is a group of techniques that intend to make groups of objects based 
on a set of characteristics selected by the user. The objective of the techniques is to 
form a cluster that exhibits high homogeneity within the clusters and high heterogeneity 
between the clusters. The primary objective of this type of analysis is to place the most 
similar individuals into the same groups. There are many ways to accomplish this task, 
and the configuration of procedures must be decided by the user. The two principal 
approaches that need to be selected are: a measure of similarity and a way to form 



clusters. This section, based on [39], explores some of the approaches that are within 
the scope or were considered for this work. 
 
 
Similarity Measurement 

The first step is to decide a way to determine similarity between to objects, this is an 
empirical measure of correspondence or resemblance. The two main types of similarity 
measures are Correlational Measures and Distance measures. Correlational Measures 
consists on calculating the correlation coefficient between the profiles of two objects, high 
correlations indicate similarity. These types of measures were not used in our approach. 
 Distance measures represent  similarity as the proximity of observations to one 
another across the variables in the cluster, larger values denote lesser similarity. The 
most common similarity metrics used in cluster analysis are the following: Euclidean 
distance: Commonly referred to as straight-line distance is the length between two points 
in the space. If the space consists of two dimensions, the Euclidean distance between 
points ( ) and ( ) is the length of the hypothenuse of a right triangle, as stated in 
Figure 2.3. Squared Euclidean distance: Similar to the last metric, is the sum of the 
square differences without taking the square root. This similarity metrics speeds up 
computation. Manhattan distance: These metrics used the sum of the absolute 
differences of the variables as the way to determine similarities. The fastest metrics to 
compute but can lead to errors if there exists a high correlation between the variables. 
Mahala Nobis distance: A generalized distance measure that uses the correlation 
between variables giving equal weight to each of them. Although convenient in many 
cases, it is not yet available on many platforms. 
 

Figure 2.3: Euclidean Distance between to individuals [39] 

 
Clustering techniques 

The two basic types of hierarchical clustering procedures are agglomerative methods and 
divisive method. Agglomerative methods, the ones used in our research, consists on 
considering every individual as a cluster and then it is successively joined to other clusters 



until a single cluster is obtained. The clustering algorithm in a hierarchical procedure 
defines how similarity between to clusters will be determined. The five most popular 
agglomerative clustering algorithms are the following: Single-Linkage: Defines the 
similarity as the shortest distance from any object in one cluster to any other object in the 
other, as presented in. In clusters that are poorly delineated, single linkage can end up 
chaining clusters that are not similar because of the poor contrast between their outer 
elements. Complete-Linkage: Similar to Single-Linkage method, but it is based on the 
maximum distance instead. This approach, like the last one only represents one aspect 
of the data, and do not consider the rest of the elements of the cluster. Figure 2.4 presents 
Single and Complete linkage.  

Average Linkage: In contrast to the last two methods, average linkage considers 
the similarity between any two clusters as the average similarity of all individuals in one 
cluster with all the individuals in another. This approach tends to generate clusters with 
small within-cluster variation. Centroid Method: In this method, the similarity metrics is 
the distance between two cluster centroids. Centroids are the mean between every 
individual in a cluster. Every time a new individual is added, the centroid is recalculated. 
This approach may produce confusing results. : In this procedure, the 
selection of which two clusters to combine is based on which combination of clusters 
minimizes the within-cluster sum of squares across the complete set of disjoint or 
separate clusters [39]. The clusters combined are the ones that minimize the increase in 

the same number of observations. 
 After determining similarity between every cluster, a hierarchical representation 
where any individual can trace its membership to the rest of them through an unbroken 
path can be obtained, this representation is called dendrogram and is presented in Figure 
2.5. 

Figure 2.4: Single-Linkage and Complete-Linkage distance measures [39] 



Figure 2.5: Dendrogram in hierarchical Clustering [39] 



Chapter 3 

Methodology 

We build up on [12], proposing a novel method to characterize runtime bottleneck 
generation behavior in GPGPU applications using a GPGPU simulator. Our goal is to use 
this method to successfully identify kernels that share a similar level of performance 
degradation due to memory bottleneck generation among other kernels using a 
hierarchical clustering analysis. 

Our approach consists of three main stages. (A) First, we obtain data for memory 
requests commissioned to the memory partitions throughout the CUDA kernel execution 
in a GPGPU simulator. (B) Then, we use that data to obtain a signature of the kernel. (C) 
Finally, we use the signatures obtained from all the kernels and use them to perform a 
hierarchical cluster analysis.  

 

Figure 3.1: Methodology Flowchart 



3.1 Obtaining Memory Queues Behavior History 

A. GPGPU-Sim Overview 

To obtain a history of how memory requests were stalled along the memory hierarchy 
during the kernel execution, a GPGPU simulator was used. 

GPGPU-Sim was developed by Tor Aamodt along with his graduate students at 
the University of British Columbia. GPGPU-Sim provides a detailed simulation model of 
a contemporary GPU (such as NVIDIA's Fermi and GT200 architectures) running CUDA 
and/or OpenCL workloads. It Obtains IPC correlation of 98.3% (NVIDIA GT 200) and 
97.3% (NVIDIA Fermi), [25]. The modeled architecture can be found in Figure 3.2 and 
was discussed in Chapter 2.2. 

 

Figure 3.2: GPGPU-Sim Overall modeled architecture [38] 

 
 
For this work, the selected architecture was GTX480 which has six memory 

partitions, simulated under GPGPU-Sim version 3.2.2. Some configuration options can 
be found in Table 3.1 while an extended list is shown in Apendix C. The simulator allow 
us to inpect and use memory hierarchy that is valid for different architectures, which would 
be usefull for future modifications and expantions. In terms of NVIDIA architectures, 
Fermi, Kepler and Maxwell differ in the constitution of internal caches, for example, but 
rely on similar levels of memory: Global, Shared and Local  [40].  



Table 3.1: Configuration Options for simulated GTX480 Architecture

 

B. Extending GPGPU-Sim 

Instrumentation was made using C++ to enhance GPGPU-Sim. Five Counters were 
placed in the marked stages of the memory hierarchy in each memory partition, (The 
simulated architecture divides the memory into 6 memory partitions, so there is a total of 
30 counters). Figure 3.3.a denotes all the stages simulated by GPGPU-Sim for any 
memory requests, Table 3.2 provides details for the corresponding marks in the hierarchy. 
The flow of a request package is monitored using these different stages, so the simulator 
can keep track of its status. This feature was used to build a data structure that could 
detect changes in requests status and by doing so, maintain a history of the number of 
requests being stalled at every one of the stages throughout the entire kernel execution. 
Part of the instrumentation consisted in placing Queue Counters (QC) in each stage, that 
could keep a record of the number of instructions stalled in that point of the hierarchy. 
 To reduce the number of variables representing a particular partition, only selected 
Queue Counters were used in the final implementation. The final five QCs represent 
critical paths of the memory hierarchy [40], [41] and can be appreciated in Figure 3.3.b. 
The selected counters represent the partition requests behavior by capturing metrics like 
the use of the interconnection network, access to the L2 cache and access to Off-chip 
DRAM module. 
 
 
 
 



Table 3.2 Stages names and ids, as presented by the simulator

Selected final QCs monitor the memory partition during the execution of the 
application. They do so by keeping a record of how many requests are being stalled in a 
particular stage at every execution cycle. By the end of the execution, we obtain a history 
of occupancy at all the five selected stages in the hierarchy, which will help us to 
characterize the workload, details will be discussed in the following sections. 

 
The simulator was instrumented to give three different performance metrics: 

 A track of the path each memory request follows through the memory partition, 
and the cycle in which each transition between stages happen. 

 A measure of how many instructions were stalled in each of the stages every cycle 
in which a request is moved. 



A vector presenting how many requests were commissioned to each partition of 
the memory. 
 

Instrumentation 1 was used for debugging purposes. Figure 3.4 and 3.5 present the data 
structure and workflow implemented in instrumentations 2 and 3. The data structure 
provided in Figure 3.4 display a configuration of linked lists used as a sampling tool for 
storing the status of many requests during the execution of the workload. One of the many 
challenges of instrumenting GPGPU-sim was the dynamic nature of the sampling, it was 
necessary for the engine to adjust the architecture characteristics like Number of Memory 
partitions or to different workload sizes. For that reason, linked list using dynamic memory 
were used instead of a fixed size array. 
 
 
 
 
 
 



 

Figure 3.3: Memory Requests Stages as descripted by the simulator 

 





 

Figure 3.5: Data acquisition Flowchart 



 
Class PartitionQueue holds the root of the structure, a pointer to the start of the 

list, and a variable that keep a record of the number of requests commissioned to each 
partition. An object of the class PartitionNode is created after receiving a request for a 
new memory partition, Figure 3.4 gives an example for 3 memory partitions. After a new 

Figure 3.5: Data acquisition Flowchart (continued) 



PartitionNode object is created it is appended to the last element of the list holding all the 
PartitionNode objects. Objects of this class also keep a variable indicating their 
corresponding partition number, a pointer to a Queue_Counter object (which is created 
separately to achieve abstraction), and the number of requests attended by the partition 
being held by it. The objects in this linked list are ordered in a FIFO fashion. 
Queue_Counter objects store pointers to the head and tail of a double lined list composed 
of Queue_node objects. Different queue metrics are also stored by objects of this class. 
Nodes in the double linked list are created upon arrival. When a new node is created, the 
last node on the list is accessed and their values modified according to the new 
information brought by the last requests at the time it stores the cycle in which the change 
occurred. In that way, the list keeps updating but maintains a history of behavior in 
previous cycles of execution. 

This structure layout helps to maintain the possible number of partitions dynamic 
at the same time it keeps the capability of storing a large number of cycles updates, which 
was proved to be useful for large workloads. Figure 3.5 presents the sampling engine 
workflow. The previously discussed data structure is created at the beginning of the 
application execution, and the data collection is triggered by any change in a request 
stage detected by the simulator. After every request store, the engine will wait either for 
a new entry of for kernel termination.  If the request, whose change was detected, is the 
first one or corresponds to a partition that has not received any request, yet the path of 
action is the following: a new PartitionNode object will be created and the partition number 
stored in the request packet will be mapped to this object. From that point on, that object 
will store information from any request commissioned to that partition number. Being the 
first request, a new object of the Class Queue_Counter will be created and after that, the 
information about the cycle and Queue Counters will be stored in a new Queue_node 
object under the Stages field. In previously created Queue_Counter object, first and last 
will point to the created first node in the list. 

If the detected request is not the first one, the algorithm will then look for the 
PartitionNode object holding the linked list for the requested partition. If the PartitionNode 
object does not exist yet, the course of action is the same as in the previous case. In the 
case the request matches an existing PartitionNode holding their corresponding partition 
number linked list, an update course of action is followed. First, the Number of requests 
in PartitionNode object is updated, right after, the pointer to the last element of the list in 
Queue_Counter is extracted and there could be two scenarios: In the first one, the cycle 
in the requests packet matches the last node of the list, and in the other scenario it does 
not. When the cycles match, the last node is accessed and the values in its Queue 
Counters are updated so the values recorded in each cycle are only those that are final 
after that particular cycle of execution ended. On the other hand, when the cycles do no 
match a new Queue_node object is created, and it is appended to the tail of the list after 
extracting information from the previous tail. Using information from the previous list tail 
and combining it with the data brought by the requests packet, the new node calculates 
the last status and stores it in the Stages field with their corresponding cycle, becoming 
the new tail of the linked list. 

Returning to the waiting step of the algorithm, if the kernel execution has stopped 
in the simulator the writing cycles of the workflow are initiated. In order to facilitate the 
manual tasks after sampling, all the kernel measured data in written into csv files in 



comprised ways. Applications can run either one or several kernels, and for maintaining 
the order, data from different executed kernels must be kept separate from each other 
but related to their parent application. A new directory is created using the application 
name as a directory name, and inside it, a directory is created for storing the data of the 
specific kernel that was just executed. Using the data structure, PartitionNode list pointed 
by Ini are accessed in order and writing methods in the Class are executed beginning the 
writing of the csv file containing the history of Queue Counter values at every cycle of the 
execution, an example of this type of file can be found in Appendix D. At the same time 
the file is written, some information is extracted into variables that will later be written into 
a unified file, containing comprised information about all the memory partitions. The 
algorithms cycles through all the PartitionNode objects in the list writing their 
corresponding partition csv files. Right after this cycle, the comprised unified csv file, 
containing selected information from all partitions is also written in the directory, 
information about the number of requests commissioned to each partition is also included 
in this file. Finally, the memory used for storing data from the kernel execution is freed, 
keeping only the PartitionQueue object with an initialized Ini field. If the application has 
reached the end of the execution and there are no more kernels to be run, the algorithm 
finishes, otherwise the workflow just described begins again. The entire code for the 
instrumentations can be found in Appendix E 

Figure 3.6 presents instrumentation 1. In this figure, the path taken by 3 different 
memory requests is presented. Bottlenecks in the memory hierarchy for the different 
instructions can be appreciated, as the graph states how many cycles were consumed in 
each stage. This instrumentation is useful for validating the performance of the sampling 
engine, but it is not used in the final version of the instrumented simulator. In Figure 3.7, 
the values on the X axis are the cycles of execution and the ones on the Y axis are 
requests stalled, this shows an example of the history of stalled requests in a stage QC 
of one of the memory partitions, being instrumentation 2. From this figure, the bottlenecks 
can be clearly appreciated, like the one between cycles 600 and 700. The simulator was 
modified to obtain in a concise fashion the number of requests that were commissioned 
to each one of the partitions (instrumentation 3), this will prove to be useful in the following 
section. Figure 3.8 compares measurements of total memory requests per partition 
obtained after 5 different kernel executions. 
 

Figure 3.6: Cycles spent in each stage by memory requests 



Figure 3.7: History of stalled requests as measured by one of the Queue Counters 

Figure 3.8: Total of memory requests commissioned to the partitions 

3.2 Obtaining Kernel signatures 

A. Overview 

A signature was implemented as in efforts by Cammarota et al, and Gonzales-Lugo et al.  
[10], [12], but unlike previous work, our signature consists on a vector of 7 elements that 
capture the behavior of the kernel in terms of bottleneck generation. This section explains 
the method for obtaining the signature. 



B. Single Queue Peakness Coefficient 

The first step translates the information obtained from Queue Counters, like the one in 
Figure 3.7
the ones proposed in [42] and [43] were considered but it was decided to come up with 
an approach of our own that would fit the demands of our research. Data coming from the 
unified csv file described earlier is loaded into Matlab R2018a version 9.4.0 function 
findpeaks() was used to identify peaks (pk) in the function, get their widths (w) and 
prominences (p), peak below a value of 2 is deprecated, Figure 3.9 presents 4 cases of 
these data processing. Using their widths and prominences, every identified peak was 
approximated to a triangle and its area calculated. Right after, every triangle area was 
escalated to the maximum peak measured among all kernels using a scale coefficient 
(sc). This had two advantages, first: We avoided taking two triangles of different shape 
but the same area as equals, and second: We were able to give more weight to greater 
bottlenecks at the time of making the hierarchical analysis. In (2) N stands for the total 
number of peaks identified. 
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After every peak area has been approximated to a triangle and escalated to the 

maximum measured peak all the areas are summed, this is known as the Stage Peak-
ness Coefficient (spc). Repeating this process for every one of the five Queue Counters 
in all six partitions gave us a total of 30 Stage Peakness Coefficients, as stated in Figure 
3.10. 

 

Figure 3.10: Calculation of General Peakness Coefficients Vector 

C. General Stage-wise Peakness Vector 

Even though all 30 Coefficients are representative for the behavior of the kernel, section 
3.3 will describe the use of Euclidean distance for measuring similarity between kernels, 
and previous research shows that it is counter-productive to use a great number of 
variables per object for this metric [44], [45], so we were forced to find a way to reduce 
dimensions. Being this the first version of our approach, we avoid the use of Principal 
Component Analysis (PCA) [46], in an attempt to maintain transparency. The Peakness 
Coefficients were summed together partition-wise, as shown in Figure 3.10, ending up 
with a vector of 5 General Peakness Coefficients that represent bottleneck related 
behavior in every stage and related to all the partitions. 

D. The coefficient of Variation and Mean factors 

To avoid losing a sense individuality between partitions by doing the previous step, we 
added a sixth variable to the signature. The coefficient of variation ( ) is a standardized 
measure of dispersion defined as the ratio of the standard deviation ( ) to the mean (µ) 
[47].  This Coefficient of Variation measures how evenly distributed were the requests 



commissioned to the partitions and becomes our sixth variable. The mean (µ) among the 
number of requests attended by the different partitions becomes our seventh dimension 
and measures the magnitude of requests made to the memory. 

E. Final Kernel Signature 

Figure 3.11 details the overall constitution of the Final Workload Signature. Final 
signature consists of a vector of 7 elements, being the first 5 of them ,General Peakness 
Coefficients for stages one to five of the memory partitions, the sixth element being the 
coefficient of variation for the number memory requests commissioned to each one of the 
partitions, and finally the last element being the mean among the number of requests 
previously mentioned. 

 

Figure 3.11: Final workload signature 

Signatures are obtained from the unified csv file described in the previous section. Each 
vector is then written into another csv file that ends up containing all the signatures from 
the entire kernel pool executed by the end of the experiments. Code for obtaining the 
signature is displayed in Appendix F 

 

 

3.3 Hierarchical Clustering Analysis 

Hierarchical Clustering Analysis was made using R on Rstudio version 1.1.456. To 
perform cluster analysis in R, data from the signature file obtained in the previous section 
is loaded, rows are observations or individuals (kernels) and columns are variables 
(signature components). The data must be standardized (i.e., scaled) to make variables 
comparable. Recall that, standardization consists of transforming the variables such that 
they have mean zero and standard deviation one. We start by scaling the imported data 
using the R function scale. The next step is to perform the Agglomerative Hierarchical 
Clustering. First, we compute the dissimilarity values with function dist using Euclidean 

vC



distance, one on the distance metrics discussed in section 2.2, a similar distance metric 
was already used by [12] producing interesting results. After Euclidean distance matrix is 
calculated, the next step was to identify related clusters in a hierarchical fashion, these 
values are fed into hclust and  [48]. Resulting Hierarchy is 
presented in the next section using different sets of kernels and several visualization 
strategies for the resulting cluster including circular dendrograms. 



Chapter 4 

Results 

4.1 Introduction 

System specifications for experimentation are presented in Table 4.1. Kernel execution 
was simulated under Ubuntu Linux running over a virtual machine in VirtualBox 5.2.12. 
 This section presents the results obtained from clustering an initial set of 78 kernels 
on a dendrogram and then, the outcomes from applying the methodology to an extended 
final set of 128 kernels. From the final pool of kernels, several approaches and 
visualization techniques are studied. 
 The Final Hierarchical Cluster is presented in this section using a radial 
dendrogram, and the optimal number of sub-clusters in the hierarchy is determined by 
different methods. 
 The use of exploration kernels to validate the methodology is covered and details 
are provided on their source, nature, and expected behavior. Finally, the results obtained 
from the final cluster are discussed in an attempt to validate the accuracy of the 
methodology in identifying levels of optimization within a set of workloads. 
 
 
 
 

4.2 First Study 

The first study consisted of calculating signatures from 78 kernels obtained from 32 
applications. These applications were taken from NVIDIA CUDA SDK version 4.0.17 [49] 
Ruetsch document [50]  . research [51]. For the first version of the 
methodology the complete signature was not considered since the signature engine was 
not fully developed at the time of this test, instead, a reduced signature consisting of only 
the General Peakness Coefficient vector was implemented. Euclidean distance was 

  



 

A. Exploration Kernels 

In order to test the methodology, selected kernels were introduced in the kernel pool. 
Table 4.2 presents the set of 24 kernels whose performance is generally known, we 
named them Exploration Kernels. Based on the description obtained from their 
applications we were able to classify these kernels in the categories relating to their level 
of optimization, note that Optimization 2 is certainly different from Optimization 1 but not 
necessarily better. Optimizations 1 and 2 kernels are expected to perform better than 
Naïve kernels. The location of these exploration kernels in the hierarchy help us test the 
effectiveness of our proposed methodology. 
 

Table 4.1: Platform Settings 

 



C. Dendrogram

Resulting dendrogram is presented by Figure 4.1, Y axis represents the height of the 
hierarchy which gives a sense of similarity between the individuals, X axis stands for the 
individuals (kernels). In this type of representation, as was explained in section 2.2, 
horizontal distance does not denote similarity, instead, we must look at the height of the 
branch connecting two kernels to investigate their relationship. For example, kernels 34 
and 38 exhibits more similarity than 17 and 60, in the same way, those two sub-clusters 
are very dissimilar from one another. Taking another example, kernels in sub-cluster 
containing 66 and 73 are more similar to sub cluster containing 17 and 60 than to the one 
containing 34 and 38. 
 

Table 4.2:  Details of the exploration kernels 



 
Table 4.2:  Details of the exploration kernels (Continued) 

 
Preliminary results depict that the methodology shows a tendency to classify the 

majority of the exploration kernels into separate clusters, as intended. If we cut the 
dendrogram around half of the total height (proposing an arbitrary cutting height), we end 
up with three sub-clusters. The distribution of the exploration kernels between the 
different sub-clusters showed promising results, as presented in Table 4.3, and 
encouraged us to expand the experiments to continue the testing. The methodology 
struggles to differentiate between different types of optimizations. This could be a result 
of summing the Stage Peakness Coefficient vectors stage wise, losing the sense of how 
evenly distributed the requests were commissioned to the different partitions (Some 
optimizations tackle partition camping). For the next study case, the goals were to 
increment the size of the kernel pool, add the extra two dimensions to the signature and 
to implement partitioning methods to decide the optimal number of sub-clusters to extract 
from the hierarchy. 

 
 

Table 4.3: Distribution of the kernels on the clusters 

 
 
 
 



 
Figure 4.1: First test dendrogram 



4.3 Final Study 

To evaluate our proposed methodology the Hierarchical Clustering Analysis was made 
using 128 kernels obtained from 49 applications. These applications were taken from 
NVIDIA CUDA SDK version 4.0.17 [49], Rodinia 3.1 [52], Ruetsch document [50] and 

[51]. 
 For this last Clustering approach, the complete signature of seven elements is 
considered for each of the 128 kernels in an attempt to improve the accuracy and maintain 
at least reasonable congruency with the previous test despite having a greater number of 
kernels. Complete Kernel list with their corresponding signatures can be found in 
Appendix G
used as the agglomeration policy. Different selection of kernel dimensions that were also 
tested and  are listed in Appendix G. 

 

A. Dendrogram 

For this second test, it was decided to use a radial representation of the Hierarchical 
Cluster due to the high number of individuals (kernels) that were being classified. Every 
one of the 128 kernels is represented by a number, the hierarchy is determined by the 
height of the branches connecting the kernels. To stablish the similarity between two 
kernels, we must investigate how close to the center we need to get to connect them, the 
closer to the center we need to get, the more dissimilar those kernels are. This type of 
analysis, like the first dendrogram, allows us to visualize hierarchical relationships and 
similarities, not evident before the experimentation, that were detected by the proposed 
methodology. The radial dendrogram is presented in Figure 4.2, where the 128 kernels 
are represented in a hierarchy that stablishes relationships based on the similarity 
between signatures obtained by the proposed methodology. Despite having a greater 
number of kernels than the previous test, this way of visualizing the dendrogram makes 
it easy to detect a relationship within the hierarchy 

 
 

B. Number of clusters 

Dendrogram represented in figure 4.2 can be separated into several sub-clusters, these 
separations should be representative of relationships we are looking for in the hierarchy. 
As we separate the dendrogram into k different sub groups their start splitting after 
incrementing the k value. Figure 4.3 displays four selections of k value for cutting the 
dendrogram into a different number of sub-clusters. The higher the value of k, the stronger 
the relationship is among kernels of the same sub-cluster, but if the value is too high, the 
sense of hierarchy is lost and with it, the ability to obtain useful conclusions from the 
separation. A value must be chosen so it could represent the best selection of sub-cluster 
numbers, methods for acquiring this optimal number of k will be revised in the next 
section. 
 



 
 
 

Figure 4.2: Radial dendrogram of Final Test 



 Figure 4.3: Clustering for several values of k 



C. Optimal Number of Clusters 

To avoid giving arbitrary values to k, three different methods for obtaining the optimal 
number of clusters were implemented in R. Figure 4.4 displays the outcome when 

applying the Elbow Method to the dissimilarity matrix. The function used for this step was 
fviz_nbclust. This method clearly indicates two as the optimal number of clusters since it 
is at this point where the inflection point can be appreciated. Figure 4.5 presents the result 
of applying the Average Silhouette Method to the dissimilarity Matrix.  The function used 
for this step was fviz_nbclust. This method also marks two as the optimal number of 
clusters, as can be noted in the figure. Figure 4.6 applies the Gap Statistic Method to the 
matrix, obtaining a graph that indicates one as the optimal number of clusters. The 
function used for this step was fviz_gap_stat. 
 The majority of methods selected two as the optimal number of clusters, so the 
dendrogram displayed in Figure 4.3.a was the one designated as a final dendrogram, and 
the one we will use to discuss the results and get our conclusions from. This dendrogram 
is presented in the following section. 

Figure 4.4: Optimal number of clusters selected by Elbow Method 



Figure 4.5: Optimal number of clusters selected by Average Silhouette Method 

Figure 4.6: Optimal number of clusters selected by Gap Statistic Method 



 

D. Final Radial Dendrogram 

 

4.4 Detecting Exploration kernels 

To facilitate the identification of the Exploration Kernels, those that belong to naïve 
kernels, optimization 1 and optimization 2 in the dendrogram, were marked with a star, a 
square and a triangle, respectively. From Figure 4.7 it can be appreciated a clear 
tendency to separate the naïve versions from the rest of the kernels, 62 percent of naïve 
kernels ended up in Cluster 1, while Cluster 2 consists of 87 percent of the optimized 

Figure 4.7: Final Radial Dendrogram with sub-clusters 



kernels. This distribution is also presented in Table 4.4. This could mean that the 
optimizations are having an impact in performance by reducing the kernels run time 
memory bottleneck generation and that this reduction is being successfully detected by 
the methodology. 
 

Table 4.3: Distribution of the kernels on the clusters 

 
Current distribution indicates that the spreading of the naïve and optimized kernels 

among the different sub clusters continues to be made in a relevant fashion despite 
having augmented the number of samples. There are still some apparently misclassified 
kernels, like naïve ones 27, 71 and 63 that ended up in Cluster 2 or 61 and 62, that ended 
up in Cluster one. Next section discussed this apparent error and attempts to make sense 
of the obtained results 
 
 

4.5  Discussion 

Taking a deeper dive into the resulting dendrogram there are some misclassified kernels 
like 61 and 62, that ended up in the naïve cluster, or 27, 63 and 71, that ended up leaning 
towards the optimized kernels. Kernels 60, 61 and 62 were extracted from [51], where an 
optimizing compiler for GPGPU applications was proposed. Being kernel 60 a naïve 
version of a kernel that executed a demosaic operation, 61 and 62 are optimized versions 
generated by that compiler, so the three of them are different versions of the same 
application. In [51], the optimizations made to 60 were also marked as the ones that 
produced less speedup which means that optimizations applied to this kernel were not as 
effective as the ones applied to the rest of the tests. The fact that kernels 61 and 62 ended 
up in the naïve cluster could be correlated with the relative (to the rest of the optimized 
kernels) lack of effectiveness of the optimizations applied to them in terms of memory 
bottleneck generation. Kernel 63 is next to 64 and 65, being the last two of them optimized 
versions of 63. This could be interpreted as a sign of little performance difference between 
these three kernels, it could also mean that kernel 63 does not exhibit many bottleneck 
related issues, despite being initially classified as a naïve kernel 

Kernel 71 executes a matrix copy for benchmarking purposes, 72 is a version of 
the same kernel that uses shared memory and as stated in [50], no much difference in 
performance is obtained which explains the fact that the two of them are clustered 
together in the hierarchy (the same applies to 27 and 28, obtained from a different 
application). Authors make evident the performance improvement between transpose 
version 73 and 75, it also denotes that no significant improvement was produced by 
eliminating bank conflicts for 78, these observations are correctly identified. Kernel 74, 
which implements diagonal accesses on 78 and is the best version of 73 stays near to 
the previous versions but ends up closer to the copy benchmark kernels 71 and 72, this 
is coherent with results showed in the previously referenced work.





Chapter 5 

Conclusion 

5.1 Summary 

The results indicate that the methodology can characterize kernels based upon their 
likelihood to present memory bottleneck related issues using a hierarchical clustering 
analysis. Additionally, the method is able to detect different levels of optimization in 
kernels among many other individuals and group in the hierarchy those that are known to 
have similar performance degradation. Therefore, the presented methodology may be 
used to study the nature of new workloads in terms of generation of bottlenecks, which 
should prove useful for developing new applications and to construct future prediction 
methodologies. 
 This section presents our principal contributions as the ones that have more impact 
or present novel propositions. Limitations to the method are also discussed in following 
sections and the future lines of research are proposed in order to build towards better 
characterizer and static predictors. 

5.2 Contributions 

The main contribution of this thesis resides in the method proposed, the characterization 
of kernels based on their likelihood to generate memory bottlenecks at run-time presents 
itself as a promising approach for future applications. We propose a method for extracting 



memory request behavior history form a kernel running on a GPGPU simulator, using 
queues. We build up on previous research using a different kind of kernel signature, 
based on triangle-area approximation, that reflects its bottleneck-wise memory behavior. 
Hierarchical clustering analysis was used to classify more than 120 kernels extracted from 
49 GPGPU applications. We utilize Euclidean distance and ward clustering method to 
construct a radial dendrogram. Exploration kernels, whose performance is generally 
known are used to test the characterization We show that there is a tendency to identify 
different levels of optimization in different sub clusters of the hierarchy. 
 
 
 

5.3 Strengths and Limitations 

The biggest strength of our methodology is that even tough is was implemented in Fermi 
architecture, it is not architecture dependent. Locating the Queue Counters has to do 
more with the memory hierarchy than with the structure of the components itself. This 
makes it adaptable to different architectures having alike memory hierarchy organization. 
Queues can be placed in the same way in any simulated GPU that possess similar 
organization with only a few changes, making the methodology adjustable to different and 
upcoming architectures. 

Although the proposed methodology stands as a promising technique to 
characterize kernels bottleneck generation behavior, there are still opportunity areas that 
could benefit from more research in the future. Our approach exhibits a major drawback 
in the sense that the simulator, being one of our biggest strengths is also the general 
limiting factor for the proposed methodology. Despite the fact that the simulator allows us 
to obtain the bottleneck generation history of the memory partitions, simulating the kernels 
usually takes a considerable amount of time to finish execution. This feature slows down 
experimentation and makes it harder to add a larger number of kernels to the total of 
individuals that take part of the Hierarchical Clustering. The simulator also presents the 
limitation of not being able to execute kernels with graphical interaction, which decreases 
greatly the number of applications that can be selected for characterization purposes. 
 Another restraint is the number of architectures that can be simulated by GPGPU-
Sim, we are limited only to the ones currently supported by the simulator. On the same 
way, the version of NVIDIA Cuda supported by it is far from recent, which also bounds 
the applications that can be selected for characterization. On the other hand, the 
technique currently used for obtaining que Peakness Coefficients based on triangle 
approximation also has its limitations. Approximating every peak area to the same 
geometric shape leaves out valuable information for the one that does not fit the selected 
shape. This technique could benefit from a polymorphic approach to obtaining a number 
that represents the peakness of the curve. 
 
 
 
 



5.4 Future work 

In terms of refining our current methodology, we plan to improve the accuracy of the 
Peakness Coefficient calculation by approximating the peaks not just to triangles but to 
trapezoids as well, since some bottlenecks exhibit this behavior. On the other hand, we 
plan to identify common static characteristics among kernels sharing the same sub 
clusters in the hierarchy. To do this would allow us to try to find a correlation between 
these characteristics and the bottleneck issues present in the specific sub cluster, building 
steps towards a static bottleneck predictor. 
 Following this plan of action, we broke down future work into three different stages: 
 
Stage one: 
Develop an engine able to identify common dynamic characteristics among the kernels 
in a sub-cluster, so valuable conclusion can be drawn from the hierarchy aside of the 
exploration kernels. This engine will be valuable to understand in an automated way 
relevant features of every cluster in the hierarchy. 
  
Stage two: 
Study the use of PCA as an alternative to reduce the number of dimensions. In this stage, 
we will also improve the peakness coefficient algorithm to make it polymorphic looking to 
enhance its accuracy. 
   
Stage three: 
Build an open source static characterizer for GPGPU applications. This characterizer will 
allow us to identify common static features of the kernels belonging to a certain sub-
cluster. Once these characteristics are identified, correlations between them and specific 
bottleneck related issues identified in sub-clusters by stage one can be calculated. By 
completing this last step, a Predictive Methodology could be built based upon the 
Characterizing Methodology presented in this thesis. 
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Appendix A 

Acronyms and Abbreviations Definitions 

Table A.1: Acronyms Definitions 

Acronyms or Abbreviation Definition 
ALU Arithmetic Logic Unit 
AMD Advanced Micro Devices 
CC CUDA core 

CISC Complex Instruction Set Computer 
CMOS Complementary Metal Oxide 

Semiconductor 
CPU Central Processing Unit 
CU Compute Unit 

CUDA Compute Unified Device Architecture 
DRAM Dynamic Random Access Memory 
FIFO First In First Out 
FPU Floating Point Unit 
GPU Graphic Processing Unit 

GPGPU General Purpose Graphic Processing 
Unit 

IBM International Business Machines 
ICNT InterConnection Network 

ID Identification 
IPC Instructions per cycle 

OpenCL Open Computing Language 
PCA Principal Component Analysis 
PTX Parallel Thread Execution 
QC Queue Counter 

RISC Reduced Instruction Set Computer 
SM Streaming Multiprocessor 

SIMT Single Instruction Multiple Thread 
XAPP Cross Architecture Performance 

Prediction 



Appendix B 

Variables and symbols 

Table B.1: Variables Definitions 

µ



Appendix C: Configuration Options Fermi 
Architecture 

Table C.1: Extended configuration options for simulated GTX480 Architecture 



Table C.1: Extended configuration options for simulated GTX480 Architecture(Continued)



Appendix D: CSV files produced 

Csv file produced by the instrumented simulator. This particular example is an extract of 
the output for memory partition 3. The file gives information about how many 
instructions were stalled in every QC at the registered cycles. 

Table D.1: Extract of partition csv file produced 



 

Table D.1: Extract of partition csv file produced (Continued) 







Appendix E: Added and modified GPGPU-
Sim code 
 

Modified code is marked between the tags 
from scratch 

File name: gpgpusim_enrtypoint.cc 

Directory:/gpgpu-sim_distribution/src 

 

 



 



File name: gpu-sim.h

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 



File name: l2cache.cc

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 



 



File name: gpu-sim.cc

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 



File name: mem_fetch.cc

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 



File name: shader.cc

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 

 

 



 

 

 



File name: gpu-cache.cc 

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 



 

 

 



 



File name: dram_sched.cc

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 

 



File name: abstract_hardware_model.h 

Directory:/gpgpu-sim_distribution/src 

 

 



 



File name: lista.h

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 





 



File name: lista.cc

Directory:/gpgpu-sim_distribution/src/gpgpu-sim 























File name: cuda_runtime_api.cc 

Directory:/gpgpu-sim_distribution/libcuda 

 

 

 

 



 



Appendix F: Matlab Signature Calculation 
Code 



 



Appendix G: Different Variable Selection 

The final test was made using the 7 elements signature previously mentioned. This 
section presents other configuration of dimensions that were tested using different 
configuration of elements. 

Figure G.1: Dendrogam using only  SPC and mean 



Figure G.2: Dendrogam using only  SPC and coefficient of variation 



Figure G.3: Dendrogam using SPC, coefficient of variation and standard deviation 



Figure G.4: Dendrogam using SPC mean and standard deviation 
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