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Abstract

General-Purpose Graphics Processing Units (GPGPUs) have become a dominant
computing paradigm to accelerate diverse classes of applications primarily because of their
higher throughput and better energy efficiency compared to CPUs. Moreover, GPU
performance has been rapidly increasing due to technology scaling, increased core count
and larger GPU cores. This has made GPUs an ideal substrate for building high
performance, energy efficient computing systems. However, in spite of many architectural
innovations in designing state-of-the-art GPUs, their deliverable performance falls far
short of the achievable performance due to several issues. One of the major impediments
to improving performance and energy efficiency of GPUs further is the overheads
associated with data movement. The main motivation behind the dissertation is to
investigate techniques to mitigate the effects of data movement towards performance on
throughput architectures. It consists of three main components. The first part of this
dissertation focuses on developing intelligent compute scheduling techniques for GPU
architectures with support for processing in memory (PIM) capability. It performs an
in-depth kernel-level analysis of GPU applications and develops prediction model for
efficient compute scheduling and management between the GPU and the processing in
memory enabled memory. The second part of this dissertation focuses on reducing the
on-chip data movement footprint via efficient near data computing mechanisms. It
identifies the basic forms of instructions that are ideal candidates for offloading and
provides the necessary compiler and hardware support to enable offloading computations
closer to where the data resides for improving the performance and energy-efficiency. The
third part of this dissertation focuses on investigating new warp formation and scheduling
mechanisms for GPUs. It identifies code regions that leads to the under-utilization of the
GPU core. Specifically, it tackles the challenges of control-flow and memory divergence by
generating new warps dynamically and efficiently scheduling them to maximize the
consumption of data from divergent memory operations. All the three techniques
independently and collectively can significantly improve the performance of GPUs.

iii



Table of Contents

List of Figures viii

List of Tables xi

Acknowledgments xii

Chapter 1
Introduction 1

1.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 The Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

Chapter 2
Scheduling Techniques for Processing In Memory Enabled Throughput

Processors 9

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2.1 Conventional GPU Architectures . . . . . . . . . . . . . . . . . . . . 15

2.2.2 PIM-Assisted GPU Architectures . . . . . . . . . . . . . . . . . . . . 16

2.3 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3.1 Benefits of Application Offloading . . . . . . . . . . . . . . . . . . . 19

iv



2.3.2 Limitations of Application Offloading . . . . . . . . . . . . . . . . . 21

2.4 Kernel Offloading Mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.5 Concurrent Kernel Management . . . . . . . . . . . . . . . . . . . . . . . . 29

2.5.1 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.5.2 Execution Time Prediction Model . . . . . . . . . . . . . . . . . . . 31

2.5.3 Algorithmic Details and Implementation . . . . . . . . . . . . . . . . 32

2.6 Evaluation Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.7 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.8 Sensitivity Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.8.1 GPU-PIM Design Choices . . . . . . . . . . . . . . . . . . . . . . . . 42

2.8.2 Regression Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.8.3 Systems with Multiple GPU-PIMs . . . . . . . . . . . . . . . . . . . 44

2.9 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

2.10 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

Chapter 3
Enabling Opportunistic Computations on Throughput Processors for

Reduced On-Chip Data Movement 48

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.3 Motivation and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.3.1 Analysis of Data Movement . . . . . . . . . . . . . . . . . . . . . . . 55

3.3.2 How to Reduce Data Movement? . . . . . . . . . . . . . . . . . . . . 56

3.4 Opportunistic Computing . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.4.1 What to Offload? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

3.4.2 LLC-Compute . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.4.3 Omni-Compute . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

3.4.4 How Does Our Mechanism Work? . . . . . . . . . . . . . . . . . . . 68

v



3.4.5 Limitations of Computation Offloading . . . . . . . . . . . . . . . . . 72

3.5 Experimental Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

3.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

3.6.1 Effects of Proposed Mechanisms . . . . . . . . . . . . . . . . . . . . 76

3.6.2 Sensitivity Studies . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.7 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.8 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

Chapter 4
Design and Analysis of Control-Flow and Memory Divergence-aware

Scheduling in Throughput Processors 86

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.2.1 GPU Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.2.2 Divergence in GPUs . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.3 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.3.1 Analysis of Control-flow Divergence . . . . . . . . . . . . . . . . . . 95

4.3.2 Analysis of Memory Divergence . . . . . . . . . . . . . . . . . . . . . 97

4.3.3 How to Reduce Divergence? . . . . . . . . . . . . . . . . . . . . . . . 99

4.4 Design of Shadow Engine . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.4.1 Design Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.4.2 Proposed Mechanism . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

4.4.3 How does Shadow Engine Work? . . . . . . . . . . . . . . . . . . . . 105

4.4.4 Limitations of Shadow Engine . . . . . . . . . . . . . . . . . . . . . . 107

4.5 Experimental Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

4.6 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

4.7 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.8 Chapter Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

vi



Chapter 5
Conclusions and Future Work 117

5.1 Summary of Dissertation Contributions . . . . . . . . . . . . . . . . . . . . 117

5.2 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

5.2.1 Using Early Execution to Resolve Different Challenges . . . . . . . . 119

5.2.2 Heterogeneous Computing . . . . . . . . . . . . . . . . . . . . . . . . 120

5.2.3 Accelerating Machine Learning Kernels using Near-Data Techniques
on Throughput Processors . . . . . . . . . . . . . . . . . . . . . . . . 120

5.2.4 Improving Security in Throughput Processors . . . . . . . . . . . . . 121

Bibliography 122

vii



List of Figures

1.1 A typical GPGPU application hierarchy. . . . . . . . . . . . . . . . . . . . . 2

1.2 A typical GPGPU architecture. . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.1 Data movement and system energy consumption caused by off-chip memory
accesses. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2 Performance normalized to a hypothetical GPU where all the off-chip
accesses hit in the last-level cache. . . . . . . . . . . . . . . . . . . . . . . . 11

2.3 A PIM-assisted GPU Architecture. GPU-PIC is a traditional GPU that is
connected to the 3D stacked memory via I/O links on the silicon interposer.
GPU-PIM is a relatively smaller GPU (same ISA as GPU-PIC but lower
compute throughput) placed under the 3D stacked memory that has access
to very high bandwidth compared to GPU-PIC. . . . . . . . . . . . . . . . . 12

2.4 Effect of application offloading.1 . . . . . . . . . . . . . . . . . . . . . . . . 19

2.5 Breakdown of the execution time across different kernels for four
representative GPGPU applications. . . . . . . . . . . . . . . . . . . . . . . 21

2.6 Performance advantages of kernel offloading (III) and concurrent kernel
management (IV and V) mechanisms using the FDTD application as an
example. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.7 Modified CUDA runtime for kernel offloading . . . . . . . . . . . . . . . . . 28

2.8 Classification error of test kernel execution times. . . . . . . . . . . . . . . . 32

2.9 Modified CUDA runtime for concurrent kernel management. . . . . . . . . . 33

2.10 Impact of our Kernel Offloading scheme. . . . . . . . . . . . . . . . . . . . . 37

2.11 Percentage of execution time GPU-PIM and GPU-PIC execute kernels with
our kernel offloading scheme. . . . . . . . . . . . . . . . . . . . . . . . . . . 38

viii



2.12 Impact of our Concurrent Kernel Management scheme. . . . . . . . . . . . . 40

2.13 Percentage of execution time when kernels are concurrently running on GPU-
PIM and GPU-PIC with our concurrent kernel management scheme. . . . . 40

2.14 Affinity prediction model’s sensitivity to input. . . . . . . . . . . . . . . . . 43

3.1 Baseline architecture. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.2 (a) Breakdown of memory requests across the memory hierarchy and the
on-chip interconnect power as a percentage of the total GPU power. (b)
Percentage of time spent by memory requests (L1 misses) for NoC traversal,
queuing delay at the injection/ejection ports and LLC/DRAM service. The
average of all applications is shown. . . . . . . . . . . . . . . . . . . . . . . 54

3.3 Earliest Meet Node for an instruction sequence (c[i]= a[i]+b[i]). For
each memory operation, the request and response packets’ traversal with
YX routing is shown. All memory requests generate from core 15. The two
loads and store head to LLC 5, LLC 6 and LLC 7, respectively. For this
instruction sequence, the EMN is core 36. . . . . . . . . . . . . . . . . . . . 56

3.4 Key steps to realize computation offloading. . . . . . . . . . . . . . . . . . . 58

3.5 ComputePacket format for Pattern 9. . . . . . . . . . . . . . . . . . . . . . 60

3.6 Representative code snippet. The offload chain is tagged and rearranged in
the PTX code to align contiguously in memory. . . . . . . . . . . . . . . . . 61

3.7 Proposed hardware modification to enable offloading. Additional/modified
units are shown in black; The additional unit in Omni-Compute (over LLC-
Compute) is the SQ in LD/ST unit 8’ . . . . . . . . . . . . . . . . . . . . . 63

3.8 Hardware design of the additional components to support computation
offloading. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.9 Scenarios for computation offloading. . . . . . . . . . . . . . . . . . . . . . . 69

3.10 Scenarios when ComputePacket is received. . . . . . . . . . . . . . . . . . . 70

3.11 Impact of proposed mechanisms. . . . . . . . . . . . . . . . . . . . . . . . . 77

3.12 Percentage of offloaded chains. . . . . . . . . . . . . . . . . . . . . . . . . . 78

3.13 Percentage reduction and breakdown of average memory latency. . . . . . . 78

3.14 Percentage of execution time when either the core or the SQ contend for ALU. 79

3.15 Impact of interconnect topology on performance and area. . . . . . . . . . . 80

ix



3.16 Impact of LLC placement. (a) LLC placement, (b) Performance of new LLC
placement. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

3.17 Impact of shared memory optimization. . . . . . . . . . . . . . . . . . . . . 82

4.1 Ideal performance achieved without control-flow divergence and memory
divergence. The results are normalized to the baseline execution that
suffers from divergence. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.2 Baseline GPU execution pipeline. . . . . . . . . . . . . . . . . . . . . . . . . 92

4.3 Illustration of the two types of divergences in a GPU. . . . . . . . . . . . . 94

4.4 Average core (SIMD lanes) utilization. . . . . . . . . . . . . . . . . . . . . . 96

4.5 Distribution of SIMD lanes utilization. . . . . . . . . . . . . . . . . . . . . . 97

4.6 Coalescing stalls due to memory divergence. . . . . . . . . . . . . . . . . . . 97

4.7 Distribution of memory requests generated per memory instruction. . . . . 98

4.8 Percentage of data accessed by more than one warp. . . . . . . . . . . . . . 99

4.9 Different warp scheduling scenarios. . . . . . . . . . . . . . . . . . . . . . . 100

4.10 Key steps to mitigate divergences. . . . . . . . . . . . . . . . . . . . . . . . 101

4.11 Code hoisting for conditional instructions. . . . . . . . . . . . . . . . . . . . 103

4.12 Code hoisting for memory instructions. . . . . . . . . . . . . . . . . . . . . . 103

4.13 Proposed hardware design of Shadow Engine. . . . . . . . . . . . . . . . . . 104

4.14 Representative scenarios for control-flow and memory divergence. . . . . . . 105

4.15 Impact of Shadow Engines on performance. . . . . . . . . . . . . . . . . . . 111

4.16 Normalized SIMD lanes utilization. . . . . . . . . . . . . . . . . . . . . . . . 113

4.17 Normalized coalescing stalls. . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

x



List of Tables

2.1 Metrics used to predict compute engine affinity and GPU-PIC and GPU-PIM
execution time. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2 Kernel characteristics, classification, and architecture affinity. Legend: (I)
Memory Intensity (Memory to Compute Ratio =
L :≤ 0.2, 0.2 < M ≤ 0.3, H :> 0.3), (II) Parallelism (No. of CTAs =
L :≤ 64, 64 < M ≤ 1024, H :> 1024), (III) Shared Memory Intensity (Total
no. of Shared Mem. Inst. = L :≤ 2.5 × 105, H :> 2.5 × 105). (B)
Architecture affinity (Y: GPU-PIM, N: GPU-PIC), (C) Major reasons for
architecture affinity, (D) Affinity prediction by our regression model in
Section 2.4) (Y: GPU-PIM, N: GPU-PIC). Only kernels that dominate
application execution time are shown. . . . . . . . . . . . . . . . . . . . . . 27

2.3 Classification of predicted execution time into bins. . . . . . . . . . . . . . . 32

2.4 Parameters of the simulated system. . . . . . . . . . . . . . . . . . . . . . . 35

2.5 Parameters of our DRAM energy model. . . . . . . . . . . . . . . . . . . . . 36

3.1 Prevalent high-level code patterns along with their PTX instructions [1].
The response packet (type and size) details the amount of data that is sent
back by the computation node to the source core. . . . . . . . . . . . . . . . 60

3.2 Configuration parameters of the GPU. . . . . . . . . . . . . . . . . . . . . . 74

3.3 List of evaluated benchmarks. The patterns listed here correspond to the
patterns in Table 3.1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.1 Configuration parameters of the GPU. . . . . . . . . . . . . . . . . . . . . . 108

4.2 List of evaluated benchmarks. Legend: (A) Type of divergence sensitivity
(I: Control-flow divergence, II: Memory divergence and III: Control-flow and
memory divergence), (B): Number of inputs evaluated. . . . . . . . . . . . . 109

xi



Acknowledgments

I deeply appreciate and thank the many people who provided intellectual contributions and
emotional support. Above all, I thank my advisor, Chita Das, for his guidance, support,
and encouragement throughout my Ph.D. tenure. He has always inspired me to be a better
researcher and never settle for anything less than the best. I have learnt a lot about problem-
solving, technical writing and many other important aspects of being a good researcher from
him. I have yet to come across a more positive and encouraging person in my life. I am
highly indebted to him for all the effort he has put into making me a researcher and a patient
human being. I also thank his entire family, especially Namita Das, for their unconditional
support.

I would like to thank my dissertation co-advisor, Mahmut Kandemir, who has been a
constant source of inspiration and strength. He has taught me the value of hard work and
patience, and instilled in me a no-give up attitude. The brainstorming sessions with him
have always helped me think from various different aspects, adding a level of completeness
to the work.

I also deeply thank my co-advisor, Anand Sivasubramaniam, who has been a constant
source of creativeness and innovation to me. He has always championed for higher quality
and his insights have helped the work in this dissertation achieve a wider appeal and impact.
The discussions with him have helped me widen my horizon and changed my problem solving
thought process. His insistence on knowing the prior work well has been one of the most
useful skills I have learnt during my Ph.D. tenure.

I am grateful to Prasenjit Mitra, Aniruddha Vaidya and Asit Mishra for serving on
my dissertation committee. I am also thankful to Onur Mutlu for his interest and help
on my paper. I am grateful to John “Jack” Sampson for the numerous technical (and
non-technical) discussions that have helped me articulate my research efficiently.

My PhD journey has been one of the most wonderful (and stressful) periods of my
life. Apart from my advisors and committee members, this dissertation would not have
been possible without the immense support of Adwait Jog, Onur Kayıran and Nachiappan
Chidambaram. From fixing references, creating figures to modifying simulators and writing

xii



papers, they have taught me all. I will always be indebted to them. Moreover, I thank
Asit Mishra and Bikash Sharma, who have been invaluable in sharing their technical and
non-technical life experiences with me. They have helped me make tough decisions through
multiple crossroads during my Ph.D. tenure. And special thanks to Gauravi Dudhbhate for
her immense support and encouragement.

I also thank my peers and great friends Prashanth Thinakaran, Iyswarya Narayanan,
Prasanna Rengasamy, Tulika Parija, Aditi Bhat, Jashwant Gunasekaran, Xulong Tang,
Haibo Zhang, Anup Sarma and Sonali Singh. I have learnt a great deal about other research
areas from them and it has expanded my knowledge greatly. They have been amazing
friends who have made my life at Penn State a little bit easier. I thank Kashyap Dixit,
Tuba Kesten, Sampad Mohapatra, Sandeepa Bhuyan, Huaipan Jiang, Cyan Mishra, Vivek
Bhasi, Siddhartha Rai, Jihyun Ryuu, Shruti Mohanty, Srivatsa RS, Sumitha George and
Balakrishnan Swaminathan for making life at Penn State enjoyable. I am very thankful to
my friends Adyasha Mishra, Sanjeeb Panda, Garima Chopra and Pritesh Kanani for their
emotional support and motivation.

My internship experiences at AMD Austin and AMD Sunnyvale provided immense
industry and research experience. I am thankful to Joseph Greathouse, Nuwan Jayasena
and Yasuko Eckert from AMD for providing me with internship opportunities.

Finally, I thank my father, Pradeep Kumar Pattnaik, who has been a role model to me
and encouraged me to be always better; my mother, Anuradha Pattnaik, who has given me
unconditional support and love; my sister, Prachi Pattnaik, and my brother-in-law, Pravin
Kumar, for being a constant source of encouragement and support.

Chapter 2 contains material from “Scheduling Techniques for GPU Architectures with
Processing-In-Memory Capabilities”, by Ashutosh Pattnaik, Xulong Tang, Adwait Jog,
Onur Kayiran, Asit K. Mishra, Mahmut T. Kandemir, Onur Mutlu and Chita R. Das, which
appears in the Proceedings of the 25th Parallel Architecture and Compilation Techniques
(PACT) 2016. The dissertation author is the primary investigator and author of this paper.
The material in Chapter 2 is copyright by the Association for Computing Machinery, Inc.
(ACM). Permission to make digital or hard copies of all or part of this work for personal
or classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation on
the first page. Copyrights for components of this work owned by others than ACM must be
honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on
servers or to redistribute to lists, requires prior specific permission and/or a fee. Request
permissions from permissions@acm.org.

Chapter 3 contains material from “Opportunistic Computing in GPU Architectures”,
by Ashutosh Pattnaik, Xulong Tang, Onur Kayiran, Adwait Jog, Asit Mishra, Mahmut T.
Kandemir, Anand Sivasubramaniam and Chita R. Das which appears in the Proceedings
of the 46th International Symposium on Computer Architecture (ISCA) 2019. The

xiii



dissertation author is the primary investigator and author of this paper. The material in
Chapter 3 is copyright by the Association for Computing Machinery, Inc. (ACM).
Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed for
profit or commercial advantage and that copies bear this notice and the full citation on
the first page. Copyrights for components of this work owned by others than ACM must
be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post
on servers or to redistribute to lists, requires prior specific permission and/or a fee.
Request permissions from permissions@acm.org.

Thank you all.

xiv



Dedication

To my dear parents and sister for being a constant source of great support
and inspiration.

xv



Chapter 1
Introduction

In recent times, there has been a push for building faster and energy-efficient computing

systems. This is mainly due to the economy heading towards green computing, which

requires computations to become cheaper overall accounting from capital expenditure to

running costs. In United States, an executive order was passed, whose primary goal is to

build energy-efficient high performance computing systems [2]. Specifically, the

overarching goal is to achieve exascale throughput with a power budget of 20 MW [3]. An

ideal processing unit for such systems should have the following three key characteristics:

(i) flexibility in programming; (ii) high throughput; and (iii) high energy-efficiency. There

are many different types of processing elements ranging from central processing units

(CPUs), general purpose graphics processing units (GPGPUs), field programmable gate

arrays (FPGAs) to domain specific accelerators, but only GPUs1 try to maximize all the

three key characteristics, while other processing elements maximize, at best, only two of

the three characteristics. Subsequently, GPUs have been used to accelerate applications

from multiple domains such as graphics and computer vision [4], medicine [5–8], scientific

computing [9], finance [10, 10–12] and social media [13] due to their highly data-parallel

computation model that allows for orders of magnitude improved performance and

1We use the term GPGPUs and GPUs interchangeably in this dissertation.



2

energy-efficiency when compared to CPUs [14]. This has led to their widespread adoption

in many high performance computing systems as seen on the Top500 [15] and

Green500 [16] lists. Therefore, GPGPUs are likely to play a promising role in achieving

the exascale target. On the other side of the spectrum, GPGPUs are now heavily being

used on energy limited devices such as wearables [17], smart phones [18],

Internet-of-Things (IoTs) [19] and autonomous cars [20], where the size of the raw data

that needs to be processed has exploded exponentially [21]. Furthermore, the

interactive/real-time nature of these devices has made it infeasible to completely offload

them to cloud without any local processing [22, 23]. Therefore, high performance,

energy-efficient GPUs are needed from wearable computing to warehouse computing.

Kernel 1

Warp 0

Warp 1

CTA 1CTA 0

CTA 2

Application

Kernel
CTAs

Kernel 2 CTA 3

Threads

Figure 1.1: A typical GPGPU application hierarchy.

1.1 Background

A typical GPGPU consists of many programmable compute units that host thousands of

concurrently executing threads. Since the inception of GPGPUs, there are multiple

programming models such as CUDA [14] and OpenCL [24] that have been developed to

reduce the programmability burden on explicitly writing parallel codes for GPGPUs.

GPGPU applications are divided into multiple hierarchy of groups of threads. Figure 1.1

shows a typical GPGPU application’s hierarchy. Usually, a GPGPU application is made
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up of many kernels, which in turn consists of multiple threads. A kernel is the smallest

unit of work that a host (CPU) can offload to a GPGPU for execution. Kernels are

further divided into thread blocks or Cooperative Thread Arrays (CTAs) that are the

smallest schedulable unit for a compute unit present inside a GPGPU. Finally, a CTA is

broken into a set of contiguous threads (usually at a granularity of 32 threads) known as

warp or wavefront. Typically, all the threads within a warp run in lock step inside a

compute unit while sharing the same instruction stream. In a typical GPGPU

architecture (shown in Figure 1.2), each compute unit has it’s respective warp scheduler,

private L1 data and instruction caches along with multiple specialized caches. The

compute units are connected to a interconnect that links them to the shared, partitioned

last-level caches (LLC), which in turn are connected to the memory controllers and

DRAM. Therefore, any communication past the private caches, either to the LLC or

DRAM, needs to traverse the interconnect. The current state-of-the-art GPU

architectures such as NVIDIA Volta [25] and AMD Vega [26] have up to 80 and 64 GPU

cores, respectively. The last-level caches of these GPUs can be as big as 4.5 MB and the

memory bandwidth can be as high as 1 TB/s.
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.  .  .
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MC core core core core core core

core core core core core LLC+
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Fetch/Decode
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Warp Issue Arbiter 

Registers/Execute

LD/STALU

Figure 1.2: A typical GPGPU architecture.

There has been considerable progress in making GPUs more amenable towards general

purpose applications. For example, NVIDIA and AMD have added new features such as
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Dynamic Parallelism [27, 28], which enables the GPU to create and launch new kernels

on-the-fly without the need of a host device intervention. They have also added support

for variable-precision floating point arithmetic to improve throughput of applications with

low precision requirements. They have also added support for atomic operations, unified

memory and multi-application execution [25, 26]. NVIDIA has gone a step further and

added tensor cores into their GPU datapath to enable efficient tensor operations that are

needed for most machine learning applications [25]. Moreover, many new architectures that

make use of GPUs have been developed such as heterogeneous CPU-GPU architectures [29],

interposer-based GPU systems [30] and multi-chip module GPUs [31]. These features and

designs have pushed the definition of what GPUs were supposed to be - a coprocessor,

and ushered GPUs into the domain of first class computing engines that are as capable as

general purpose CPUs.

Historically, GPU architectures can be traced back to era of video graphics array, where

most components were fixed function units. They evolved over time by adding more and

more functionality and the current generation state-of-the-art GPUs are composed of many

scalable parallel processors [25, 26, 32]. GPUs are akin to vector processors in the sense

that they perform vector operations rather than scalar operations. However, GPUs have

three main characteristics that differentiate them from vector processors [33]. First, GPUs

support the concept of multi-threading where a warp can be context switched out for another

ready warp in case of stalls to hide long latency operations. Second, GPUs have specialized

components in their pipeline such as software-managed scratchpad, constant cache, texture

cache, tensor cores, etc. in order to maximize the performance on a variety of applications.

Finally, GPUs are able to support irregular memory operations at a much finer granularity

than traditional vector processors which deal with only vector data structures. On the other

hand, certain GPU architectures have also evolved from VLIW based architectures [34] such

as AMD Graphics Core Next (GCN) architecture [35]. Similar to a VLIW machine, the

GCN architecture has 4 separate SIMD units, with each having 16-wide lanes. Potentially,

4 different instructions can run across the 4 SIMD units, while the 16 lanes execute the
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same instruction. All the optimizations proposed in this dissertation are not exclusive to

any specific evolution of the GPU architecture and can be easily extended to any other GPU

architectures with minimal changes. GPUs can also be traced back to stream processors [36,

37]. Stream processors were designed for media processing applications and brought in the

concepts of organizing an application into streams and kernels. Current GPU applications

still make use of this organization and have added more hierarchy (thread blocks and warps)

in the application organization to maximize the utilization of GPUs.

1.2 The Problem

GPUs were originally designed to run highly parallel and streaming graphics applications,

but recently, with the advent of GPGPUs, more and more irregular applications have been

ported to GPUs which has exposed the inherent bottlenecks of the GPU architecture, and

therefore, has limited the potential scalability prospects. Specifically, even though GPUs

have highly energy-efficient compute units and high peak throughput, they still suffer

from idle cycles and an inefficient memory system, leading to underutilized resources and

sub-optimal performance and energy-efficiency. With technology scaling, the relative

energy consumption for moving data is orders of magnitude more than that of a compute

operation [38], and therefore, any application with large data movement energy costs

hinders the scalability of GPGPUs. The data movement overheads also translate to

performance degradation as the major portion of the idle cycles are primarily due to the

inability of the GPU to hide the long latency memory requests. Although GPUs are

touted as latency insensitive, for certain classes of applications, the long latencies are

exposed and become a performance bottleneck mainly due to two reasons: (1) the large

distances that the data needs to traverse to reach the compute units (either off-chip or

on-chip), and (2) ineffective compute and memory request scheduling that increases data

movement leading to even longer latencies. Therefore, the continuous scaling of

performance and energy-efficiency of GPUs is a non-trivial task, with the biggest
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impediment being the memory system energy consumption and long latencies due to data

transfer overhead [39].

1.3 Contributions

This dissertation addresses the above issues by focusing on the problem of data movement

in throughput processors. In this context, the dissertation proposes techniques that are

employed at the core, caches and memory. First, this dissertation shows that by intelligently

picking and scheduling kernels, either at the core or memory can significantly improve

performance and energy efficiency. Second, this dissertation shows that by offloading certain

instructions from the core to the caches and other cores can help improve performance and

energy efficiency as well. Finally, this dissertation shows that by intelligently generating and

scheduling warps at the core, it is possible to improve core utilization and reduce memory

stalls for increased performance.

Contribution I: Scheduling Techniques for Processing In Memory Enabled

Throughput Processors [40]. The first contribution of this dissertation is a novel

kernel scheduling and offloading mechanism that targets to reduce the off-chip

communication between the GPU cores and the memory system, while improving

performance. The end goal of this is to develop mechanisms to fully and automatically

exploit the potential of GPGPU architectures comprising of processing-in-memory (PIM)

units in their main memory. PIM units have access to high bandwidth and lower data

movement but limited compute capability, and therefore, by integrating PIM units to the

GPU, it creates a heterogeneous architecture with two processing engines having different

compute and bandwidth characteristics. To this end, two key code scheduling problems

are investigated. First, we investigated how to automatically identify the code segments

that should be offloaded to the PIM units in memory. Second, we examined how to

concurrently schedule multiple kernels on the main GPU and the PIM units. For this, we
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first characterize the execution behavior of different applications at the kernel granularity

to estimate the performance and energy benefits when each individual kernel is placed in

the main GPU or PIM units. Based on this insight, it proposes two new runtime

techniques to address the two scheduling problems.

Contribution II: Enabling Opportunistic Computations on Throughput

Processors for Reduced On-Chip Data Movement [41]. In order to minimize the

data movement overhead stated earlier, we propose techniques that target to reduce the

on-chip communication between the GPU cores and the last-level caches. As GPUs keep

scaling, their dies are becoming more and more larger, and therefore, the data needs to

travel even farther than before leading to higher energy consumption and longer latencies.

This work considers reducing on-chip data movement in GPUs by opportunistically

offloading computations either to (1) the last-level-caches, or (2) the ALU of another GPU

core, which would result in the lowest on-chip data movement for that computation. For

applications that are highly streaming in nature or are sensitive to the LLC, offloading

will help reduce the data movement costs and avoid bringing in data into the private

caches that are not reused appropriately. To this end, it investigates two offloading

mechanisms (LLC-Compute and Omni-Compute) that, at runtime, dynamically identifies

the instruction sequences to offload, finds an ideal node to execute the instruction

sequence that will lead to minimal data movement of the operands and then offloads it to

the desired node for computation.

Contribution III: Design and Analysis of Control-Flow and Memory

Divergence-aware Scheduling in Throughput Processors. The third contribution

of this dissertation identifies the key bottlenecks in the compute and memory request

generation pipelines. It finds that in modern GPGPUs architectures, due to their nature

of executing a group of threads, warps, in lockstep can lead to inefficient execution for

applications with compute or memory access irregularity. This inefficiency arises due to

two main reasons: (1) control-flow divergence; and (2) memory divergence. These
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divergences can hamper performance by reducing the functional unit utilization and also

lead to excessive data movement.

For this, it first conducts a detailed characterization of control-flow and memory

divergence that is present in applications. Using this knowledge, it develops a

software-assisted hardware mechanism, called Shadow Engines, that at runtime can

mitigate the effects of control-flow divergence and memory divergence via formation of

new warps and efficient warp scheduling techniques.

Dissertation Organization: This dissertation is organized into five chapters. Chapter 2

presents kernel scheduling and runtime management techniques for a processor in memory

enabled GPU architecture. Chapter 3 develops two near data computing mechanisms,

called LLC-Compute and Omni-Compute, to reduce on-chip data movement for improved

performance and energy efficiency. Chapter 4 introduces Shadow Engines, a dynamic GPU

warp management mechanism to reduce control-flow and memory divergence in the GPU

pipeline for increased performance. Chapter 5 provides conclusions, a summary of key

results and discusses the potential future research aspects in throughput processors.



Chapter 2
Scheduling Techniques for Processing

In Memory Enabled Throughput

Processors

Processing data in or near memory (PIM), as opposed to in conventional computational

units in a processor, can greatly alleviate the performance and energy penalties of data

transfers from/to main memory. Graphics Processing Unit (GPU) architectures and

applications, where main memory bandwidth is a critical bottleneck, can benefit from the

use of PIM. To this end, an application should be properly partitioned and scheduled to

execute on either the main, powerful GPU cores that are far away from memory or the

auxiliary, simple GPU cores that are close to memory (e.g., in the logic layer of 3D-stacked

DRAM). This chapter investigates two key code scheduling issues in such a GPU

architecture that has PIM capabilities, to maximize performance and energy-efficiency.
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2.1 Introduction

Graphics Processing Units (GPUs) provide very high computational bandwidth at a

competitive power budget. These characteristics have led to their deployment in a wide

range of platforms, including in many machines that appear in the Top500 and Green500

lists [15, 16]. Although GPUs are likely to play a promising role in the design of exascale

systems, continuous scaling of their performance and energy efficiency will not be an easy

task. One of the biggest impediments to this continuous scaling is the memory system

energy consumption due to data transfer overhead [39]. A typical 64-bit DRAM access

consumes about 100-1000X the energy consumed by a double-precision floating point

operation [38, 39], and this gap could increase with technology scaling [42]. Even with

optimistic assumptions about improvements in memory technology, reducing the total

DRAM access energy from approximately 18-22 pJ/b (in modern GDDR5) to 4 pJ/b and

sustaining it for over 100,000 nodes, memory can still consume a significant fraction (e.g.,

70%) of the total system’s power budget [30].
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Figure 2.1: Data movement and system energy consumption caused by off-chip memory
accesses.

To examine the data movement overhead, we simulate a state-of-the-art GPU system

and analyze 25 GPU applications (Section 2.6 provides our experimental methodology).

Figure 2.1 illustrates the data movement and energy consumption overheads of

transferring data between memory and computational units across the evaluated

applications, by showing: (1) the fraction of all data movement in the system that is due
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to off-chip transactions between memory and the GPU, and (2) the fraction of total

system energy consumption that is due to this off-chip data movement. We observe that

memory accesses result in 49% of all data movement and are responsible for 41% of the

energy consumption of the system.

Figure 2.2 shows the performance loss due to the overhead of transferring data from/to

main memory, by plotting the normalized performance of our applications compared to an

idealized system, where all off-chip memory requests in our baseline are magically eliminated,

i.e., forced to hit in the last-level cache.1 Averaged across 25 applications, main memory

accesses lead to 45% performance degradation.
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Figure 2.2: Performance normalized to a hypothetical GPU where all the off-chip accesses
hit in the last-level cache.

A promising approach to minimize data movement, energy and performance overheads

of main memory accesses is to move memory-intensive computations closer to memory, i.e.,

Processing-In Memory (PIM) [60–63], also known as Processing-Near Memory (PNM) or

Near-Data Computing (NDC) [64]. The core of the PIM concept is to have computational

units that are closely integrated with memory such that data can be moved from memory

to those units at much higher bandwidth, lower latency and lower energy than doable from

memory to the main processor. While the PIM concept goes back to late 1960s [65] and

it had gathered some momentum through several projects in 1990s (e.g. [60, 66–70]), the

main bottleneck in widespread adoption of PIM has been the technological limitation of

integrating computational units very close to memory. With the significant advances in

1The minimum DRAM latency after the last-level cache is 100 cycles (see Section 2.6 for details).
The average latency is higher due to significant contention observed in the DRAM system [43–59].
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adoption of 3D-stacked memory technology that tightly combines a logic layer and DRAM

layers [62,63,71–75], this limitation has been overcome and PIM has become a likely-viable

approach to improve system design.

3D Stacked

Memory and 

Logic
Memory Dice

GPU-PIM

GPU-PIC

Memory Link

on Interposer

Silicon Interposer

2

1

Figure 2.3: A PIM-assisted GPU Architecture. GPU-PIC is a traditional GPU that is
connected to the 3D stacked memory via I/O links on the silicon interposer. GPU-PIM is
a relatively smaller GPU (same ISA as GPU-PIC but lower compute throughput) placed
under the 3D stacked memory that has access to very high bandwidth compared to GPU-
PIC.

The PIM approach has recently been explored (e.g., [30, 76]) for reducing memory

bandwidth and minimizing the data transfer overheads between GPU cores and off-chip

DRAM. A promising way to integrate PIM to a GPU-based system is what we call a

PIM-Assisted GPU architecture, where at least one 3D-stacked memory chip is placed

adjacent to the GPU chip, and both chips are interconnected via a memory link on an

interposer (as depicted in Figure 2.3).2 The 3D-stacked memory contains a base logic

layer, housing GPU cores. This architecture has two types of compute engines: (1) large

and powerful primary GPU cores, called GPU-PIC, i.e., processing-in-core, which are

similar to modern GPU cores, and (2) smaller and less powerful GPU cores, called

GPU-PIM, which are placed in the logic layer under main memory and assist in

performing computation. No prior work explored how to fully exploit this architecture

such that appropriate parts of an application are identified and scheduled to utilize both

the main GPU cores (GPU-PIC) and cores in memory (GPU-PIM) to maximize the

2Section 2.2.2 discusses details and advantages of this architecture.
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performance and energy-efficiency of the entire system.

The goal in this chapter is to develop mechanisms to fully and automatically exploit

the performance and energy-efficiency potential of PIM-Assisted GPU architectures. To

this end, we investigate two key code scheduling problems. First, how to automatically

identify the code segments to be offloaded to the GPU cores in memory. Second, how to

concurrently schedule multiple kernels on the main GPU and the cores in memory. To

address these problems, one must consider several questions such as (1) what the granularity

of the code segment that is offloaded to GPU-PIM should be? (2) how to determine which

code segments benefit from being executed on GPU-PIM? (3) how to efficiently distribute

work between the main GPU and the PIM engine to maximize system performance while

executing each code segment on its preferred cores as much as possible?

In order to answer the above questions, we first characterize the execution behavior of

different applications at the kernel granularity to estimate the performance and energy

benefits when each individual kernel is placed in the main GPU or GPU-PIM. Because

the CPU offloads computation to the GPU at the kernel-granularity, maintaining the same

granularity for PIM execution enables low-overhead computation offloading from the CPU

to both GPU-PIC and GPU-PIM. Based on this insight, we propose two new runtime

techniques, the primary contributions of this chapter, that address the two scheduling

problems.

Kernel Offloading. As an application exhibits varying computation and memory

demands during different phases of execution, some kernels (e.g., those that fit in the main

GPU scratchpad) benefit more from executing on the main GPU, GPU-PIC, and others

(e.g., those that overwhelm the memory bandwidth to the main GPU) on the GPU in

memory, GPU-PIM. Thus, identifying the affinity of the kernels correctly and scheduling

each on the appropriate computational engine would improve performance. To solve this

problem, we develop a regression-based affinity prediction model and mechanism that

accurately identifies, at runtime, which kernels would benefit from executing on PIM cores
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and offloads them to the GPU cores in memory. Our regression model, which is built on

an in-depth kernel level analysis, considers three broad kernel-level metrics (memory

intensity, kernel parallelism, and shared memory (software managed scratchpad) intensity)

and is trained using applications randomly picked from our pool of 25 applications (i.e.,

the training set). Our detailed experimental evaluations on the remaining applications

(i.e., the test set) show that the proposed mechanism improves average performance by

25% and energy efficiency by 28% compared to a baseline conventional GPU architecture

that contains the same number of GPU cores as that of the combined number of GPU

cores present in both GPU-PIC and GPU-PIM.

Concurrent Kernel Management. We find that even a highly accurate prediction

mechanism for kernel offloading can leave many resources (e.g., GPU-PIC) underutilized.

During the execution of a kernel on either the main GPU or GPU-PIM, the other device is

left unutilized, which limits achievable system performance. Thus, identifying independent

kernels that can be scheduled concurrently and scheduling them on GPU-PIC and GPU-

PIM at the same time, in a manner that minimizes overall application execution time, can

significantly improve system performance and efficiency. To solve this problem, we develop

a concurrent kernel management mechanism that uses the affinity prediction model, a new

regression-based kernel execution time prediction model, and dependency information across

kernels to decide which kernels to schedule concurrently on the main GPU cores and the

GPU cores in memory. Our detailed experimental evaluations indicate that our technique

improves average performance by 42% and energy-efficiency by 27%, compared to the same

baseline described above.

This work makes the following major contributions:

• It provides an in-depth kernel-level analysis of GPU application behavior with respect

to suitability for Processing in Memory. It makes an experimentally-supported case

for the use of kernel granularity to identify and schedule GPU program code segments

to execute on either the main GPU cores or the GPU cores in memory.
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• It develops a new regression-based affinity prediction model to estimate the best

compute engine to execute a kernel in a PIM-assisted GPU architecture. We show

how to use this model to guide a new kernel offloading mechanism to GPU cores in

memory.

• It proposes a new execution time prediction model for kernel execution in a PIM-

assisted GPU architecture. We show how to use this model to guide a new concurrent

kernel management mechanism that executes multiple kernels concurrently in the

main GPU and the in-memory GPU cores in a PIM-assisted GPU architecture.

• We comprehensively evaluate the kernel offloading and concurrent kernel

management mechanisms and show that both performance and energy efficiency

significantly improve while requiring no support from the programmer.

2.2 Background

This section provides a brief background on GPUs and the PIM-assisted GPU architectures.

2.2.1 Conventional GPU Architectures

Recall from Figure 1.2, our baseline conventional GPU consists of multiple cores, also called

streaming-multiprocessors (SMs)3 in NVIDIA terminology [77] or compute units (CUs) in

AMD terminology [26]. Each SM has a private L1 data cache, a texture cache and a constant

cache, along with a software-managed scratchpad memory (called shared memory). The

SMs are connected to memory channels (partitions) via an interconnection network. Each

memory partition is directly connected to a partition of the L2 cache, which is shared by all

the cores, and a memory controller. The memory requests are buffered and scheduled by

the memory controllers [54,78,79]. There are multiple memory controllers, each controlling

3In this dissertation, we use the terms core, SM and CU interchangeably.
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a memory partition. Data is interleaved at the chunk granularity across the controllers. The

parallel parts of a CUDA/OpenCL application, which are offloaded to the GPU, are called

kernels. The execution of an application starts with the launch of a kernel on the GPU.

The kernel launch involves copying the kernel code and the data from the CPU memory to

the GPU memory. Once the kernel finishes execution on the GPU, its results are copied

back to the CPU memory from the GPU memory.

2.2.2 PIM-Assisted GPU Architectures

As we discussed in Section 2.1, 3D-stacked memory technology enables the ability to place

computational units in the base logic layer that is underneath the memory stacks [62,63,71–

75]. There can be multiple strategies to exploit such a PIM technology in a GPU system.

One strategy is to stack the memory directly on top of a conventional GPU architecture,

by placing a conventional GPU in the logic layer [80]. Although such an organization

provides the benefits of tight GPU and memory coupling such as high bandwidth and low

access latency, it has two primary issues. First, heat from the processor might significantly

degrade the retention time of the 3D-stacked memory [81]. Consequently, the refresh rate

of the DRAM might need to be increased, leading to reduced peak performance and higher

energy consumption [81–85]. Second, such an organization limits the total memory capacity

that could be stacked within the area of the processor.

Another strategy [30, 76] to exploit PIM in a GPU system is to keep the main GPU

same as in conventional systems but connect to it, via memory links on a silicon

interposer, one or more 3D-stacked memory units that are capable of doing computation,

as depicted in Figure 2.3 with one 3D-stacked memory. The base logic layer of each

3D-stacked memory houses an auxiliary GPU that is simpler and more power-efficient

than the main GPU. Such an organization has considerably lower thermal constraints

than the previous strategy and is more scalable in terms of memory capacity. However, if
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computations are not scheduled appropriately across the main GPU and the

computational units in the 3D-stacked memories, the energy consumption, latency and

bandwidth overheads of the interposer may limit performance due to excessive

communication between the main GPU and the 3D-memory stacks.

In this chapter, we call the latter organization (of Figure 2.3) the PIM-Assisted GPU

architecture, and aim to maximize its benefits by scheduling computations intelligently

across the main GPU and PIM units. This architecture is a heterogeneous system. The main

GPU chip, which we call the processing-in-core architecture (GPU-PIC 1 in Figure 2.3),

provides high throughput to compute-intensive GPGPU applications, but it has limited

memory bandwidth due to its horizontal integration with the memory stack (bottlenecked

by the memory links). On the other hand, the PIM cores on the base logic layer of the

3D memory stack, which we call the processing-in-memory architecture (GPU-PIM 2 in

Figure 2.3), achieves the full bandwidth and energy efficiency of 3D stacking of memory and

logic, but provides a peak instruction throughput lower than that of GPU-PIC due to the

smaller number of the execution engines in the logic layer. Therefore, placing computation

correctly on these two different types of GPU units, GPU-PIC and GPU-PIM, is critical for

performance and energy efficiency. For example, computations that are memory-intensive

and can tolerate the lower parallelism present in the logic layer of GPUs are likely better

executed on GPU-PIM instead of GPU-PIC.

Unlike GPU-PIC, GPU-PIM has a direct interface to 3D-stacked DRAM. Therefore,

GPU-PIM is able to sustain much higher memory bandwidth (in our configuration, 4×)

and it experiences much lower memory latency than GPU-PIC. Because of this, we observe

that GPU-PIM does not significantly benefit from having an L2 cache and we evaluate

a GPU-PIC design without an L2 cache. Table 2.4 provides the details of our GPU-PIC

and GPU-PIM configuration, which is similar to the TOP-PIM configuration [30]. We also

perform a sensitivity analysis in Section 2.8 on the number of cores and cache in GPU-PIM.

Note that the cores in GPU-PIC and GPU-PIM use the same ISA, and thus, have the same
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programmability features.

Thermal Feasibility. Eckert et al. [86] provide extensive models to demonstrate the

thermal feasibility of PIM-based GPU architectures. They argue that the power consumed

by the logic layer at the GPU-PIM at an ambient temperature of 30◦C can be as much as

50W and describe that this is thermally feasible. Considering their study and

configuration parameters from [30], our GPU-PIM has four times fewer SIMD compute

units, similar to [76]. We estimate the maximum chip power usage of GPU-PIM when

running MaxFlops [87]4 to be approximately 45W, using GPUWattch [88]. GPUWattch

models NVIDIA Fermi [77] SMs, which are obsolete and not power-efficient compared to

current generation GPU cores [89]. Therefore, we believe GPU-PIM will be even more

power efficient when fabricated for state-of-the-art and future power-efficient designs.

2.3 Motivation

The PIM-assisted GPU architecture is a scalable and heterogeneous substrate. It provides

the flexibility of adding more computational units on the GPU-PIC, and more memory

capacity and bandwidth by incorporating additional 3D memory stacks containing GPU-

PIM. At the same time, GPU-PIC and GPU-PIM architectures are quite different in terms

of their ability to cater to applications with varying computation and memory demands.

Given such heterogeneity in the PIM-assisted GPU architecture, it might be desirable for the

CPU to offload a compute-bound GPGPU application onto GPU-PIC and a memory-bound

GPGPU application onto GPU-PIM. However, this is not optimal, as we demonstrate in

this section since it does not fully utilize both the GPU-PIC and GPU-PIM. There are many

challenges in designing an offloading strategy to maximize overall application performance

and energy efficiency by appropriately partitioning and scheduling an application across

GPU-PIC and GPU-PIM. This section motivates the potential opportunities and limitations

4MaxFlops is compute-intensive benchmark that exhibits high dynamic core power consumption.
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of application offloading to motivate our approach of kernel offloading.

2.3.1 Benefits of Application Offloading

Figure 2.4 shows the normalized performance (in terms of IPC) and energy efficiency (in

terms of Instructions/Joules), compared to our baseline conventional GPU architecture

with equivalent number of computation units (40 cores), when each application from our

workload suite are offloaded by the CPU on either the GPU-PIM (8 cores) or the GPU-PIC

(32 cores) in our PIM-Assisted GPU Architecture. Best Application Offloading shows the

average performance and energy efficiency when each application is, with ideal knowledge,

offloaded to the computation unit that provides the best performance for that application.

We make three major observations.
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Figure 2.4: Effect of application offloading.5

5The results are normalized to a conventional GPU which has the combined peak instruction
throughput of GPU-PIC and GPU-PIM (i.e., 40 cores). The entire application is offloaded to either
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First, offloading all applications to either GPU-PIC or GPU-PIM yields similar average

performance because some applications prefer GPU-PIC and others GPU-PIM. We find

that many applications significantly gain from the high memory bandwidth and low memory

latency benefits of GPU-PIM. Some applications, e.g., GRAM and APSP, benefit from GPU-

PIM due to low memory access latencies. These two applications (GRAM and APSP) have

limited parallelism (as shown later in Table 2.2), leading to poor latency tolerance. Neither

of these applications stress the memory bandwidth and they have a small fraction of accesses

going to off-chip memory (Figure 2.1). In contrast, many applications, such as CCL, PR, and

CFD, experience performance degradation when executed on GPU-PIM, because they 1) are

bottlenecked by the limited computational power of the PIM cores, 2) do not effectively

utilize the high bandwidth of GPU-PIM because they generate a small number of memory

requests.

Second, offloading all applications to GPU-PIM provides the highest average energy

efficiency (Instructions/Joule), even higher than the Best Application Offloading mechanism

which chooses the unit that provides the best performance on a per-application basis. This

is because GPU-PIM leads to a much more energy-efficient memory system, on average.

Applications such as GUPS, GRAM, and APSP benefit significantly from GPU-PIM in terms of

energy efficiency, primarily because of the reduced execution time due to the performance

improvements.

Third, an optimal application offloading scheme that can detect the best platform to

execute an application on, based on performance, can provide both performance and energy

improvements than offloading always to either GPU-PIC or GPU-PIM. On average, GPU-

PIM improves energy efficiency by 42% over GPU-PIC while having the same performance

of GPU-PIC. The optimal application offloading scheme (in terms of performance) improves

performance by 16% and energy efficiency by 28% over the baseline. Note that the optimal

scheme is optimized for performance, not energy efficiency, and therefore its energy efficiency

GPU-PIC (32 cores) or GPU-PIM (8 cores).
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is less than that of offloading all applications to GPU-PIM.

We also note that an optimal offloading scheme could be different based on the metric

to optimize for. For example, for MVT, GPU-PIM is much more energy-efficient but lower

performance than GPU-PIC. There is no clear winner as one could optimize for either

performance or energy-efficiency, depending on the use-case. In this work, we focus on

optimizing performance. However, we also demonstrate the positive impact of our schemes

on energy efficiency.

2.3.2 Limitations of Application Offloading

We demonstrate the limitations of application offloading. Even for an optimal application

offloading strategy, we find two major limitations that need to be addressed to make

offloading more efficient in terms of performance.
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Figure 2.5: Breakdown of the execution time across different kernels for four representative
GPGPU applications.

Limitation I: Lack of Fine-Grained Offloading. We observe that offloading at

the granularity of each application is too coarse-grained to take advantage of the different

characteristics of code present within an application that can favor either GPU-PIC or

GPU-PIM. To motivate this, Figure 2.5 shows a kernel-level, i.e., finer-grained, execution

time breakdown of four representative GPGPU applications on GPU-PIC and GPU-PIM,

normalized to the execution time on GPU-PIC. We show only the kernels that dominate
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each application’s execution time. Three observations are in order. First, CONS has two

representative kernels and execution times of both kernels increase on GPU-PIM. Therefore,

GPU-PIM is not an appropriate computation unit for any of CONS’s kernels. Second, FWT

has four representative kernels and execution times of all kernels decrease on GPU-PIM.

Therefore, GPU-PIM is an appropriate configuration for all its kernels. Third, LUH and

FDTD have kernels that demonstrate different behavior. Although both applications as a

whole have higher execution times on GPU-PIM, some of their kernels actually benefit

from GPU-PIM. For example, in LUH and FDTD, Kernel-K1 has lower execution time on

GPU-PIM compared to GPU-PIC.

Thus, a careful kernel-level offloading strategy can perform even better than the

application offloading strategy we evaluated (Section 2.3.1). Figure 2.6 illustrates the

potential of kernel offloading for FDTD. Scenario-I and Scenario-II are the two possible

application offloading strategies adopted to execute the entire FDTD on GPU-PIM or

GPU-PIC, respectively. In the kernel offloading strategy (Scenario-III), each kernel of

FDTD is offloaded to the computation engine where its execution time is lower (i.e., each

kernel is offloaded to the unit it has affinity towards). Therefore, Kernel-K1 is offloaded to

GPU-PIM and the other two kernels are offloaded to GPU-PIC. Kernel offloading saves

many execution cycles ( A ) even over the best application offloading strategy. However,

the key challenge of kernel offloading is in identifying the affinity of each kernel, which we

provide a new solution for in this work (Section 2.4).

Limitation II: Lack of Concurrent Utilization of GPU-PIM and GPU-PIC. An

application offloading mechanism loses out on the opportunity of using both the GPU-PIM

and GPU-PIC at the same time, because it is too coarse-grained. In contrast, if offloading

is performed at the kernel level, as described before, both GPU-PIM and GPU-PIC can be

utilized by concurrently executing independent kernels on them. Figure 2.6 illustrates an

example of this in Scenarios IV and V. In FDTD, Kernel-K3 can start executing only when

both Kernel-K1 and Kernel-K2 finish their executions. However, Kernel-K1 and Kernel-K2
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can execute in parallel. Because of the concurrent execution of kernels, overall application

execution time is reduced ( B ) over the best application-offloading scenario, in scenario-IV.

Scenario-V in Figure 2.6 demonstrates that kernel affinity, i.e., scheduling each kernel on

the execution engine that is best for the kernel’s performance matters: Kernels K1 and K2

respectively have affinity for GPU-PIM and GPU-PIC, and executing them concurrently

on these engines leads to even higher overall application execution time savings ( C ) than

in Scenario-IV where the same kernels are scheduled onto the opposite engines.
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Figure 2.6: Performance advantages of kernel offloading (III) and concurrent kernel
management (IV and V) mechanisms using the FDTD application as an example.

Our Goal. As we illustrated, while an application-level offloading strategy can improve

performance and energy efficiency, a finer, kernel-level offloading strategy can provide more

opportunity. Therefore, our goal is to develop mechanisms for (1) automatically identifying

the architectural affinity (GPU-PIM or GPU-PIC) of each kernel in an application, and

(2) scheduling kernels that can concurrently execute on different parts of the PIM-assisted

GPU architecture (GPU-PIM or GPU-PIC), while balancing the execution times across

architectures and maintaining a kernel’s architecture affinity as much as possible.
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2.4 Kernel Offloading Mechanism

This section presents an architecture affinity prediction model to enable a runtime

mechanism for kernel offloading in PIM-Assisted GPU architectures.

Need for a Prediction Model. If all the kernels of an application prefer the same

compute engine (either GPU-PIM or GPU-PIC), kernel offloading becomes equivalent to

application offloading. However, if different kernels have different affinities, kernel-level

offloading can yield higher performance than application offloading (Section 2.3.2). Because

the CPU offloads computation to the GPU at the kernel granularity, maintaining the same

granularity for PIM execution enables low-overhead computation offloading from the CPU

to either GPU-PIC and GPU-PIM. To avoid the overhead of first sampling the performance

of each kernel on both platforms and then deciding the appropriate platform for execution,

we would like to predict the affinity of the kernel before it starts execution. To this end, we

make use of a regression model that is composed of predictive variables.

Table 2.1: Metrics used to predict compute engine affinity and GPU-PIC and GPU-PIM
execution time.

Primary Category Predictive Metric Static/Dynamic

I: Memory intensity
of Kernel

Memory to Compute Ratio Static
Number of Compute Inst. Static
Number of Memory Inst. Static

II: Available
Parallelism
in the Kernel

Number of CTAs Dynamic
Total Number of Threads Dynamic
Number of Thread Inst. Dynamic

III: Shared Memory
Intensity of Kernel

Total Number of Shared
Memory Inst.

Static

Metrics. To build our regression model, we need to identify appropriate metrics (i.e.,

predictive variables) that can characterize the kernel affinity to GPU-PIC or GPU-PIM.

We classify kernel characteristics into three primary categories: 1) memory intensity, 2)

parallelism, and 3) shared memory (i.e., scratchpad) intensity. Table 2.1 lists these
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categories along with their predictive metrics/variables.

To measure the effect of kernel memory intensity on performance, we consider the

memory-to-compute-ratio of the instruction mix executed by that particular kernel.

Memory-to-compute ratio gives insight into the level of performance the kernel can

achieve with higher memory bandwidth, as the computation requires data from the

memory, indicating whether the higher bandwidth available on GPU-PIM is beneficial for

performance. We use the number of cooperative thread arrays (CTAs) (also called work

groups or thread blocks) as a measure of the parallelism in the kernel. This allows us to

take into account the difference in the peak instruction throughput between GPU-PIC and

GPU-PIM for each kernel. For a kernel with a high number of CTAs, GPU-PIC’s

performance might be higher than that of GPU-PIM due to the higher number of cores in

GPU-PIC. To approximate a kernel’s shared memory intensity, we measure the total

number of shared memory instructions in the kernel. A shared-memory-intensive

application might not require high DRAM bandwidth, making it more suitable for

GPU-PIC. Predictive metrics/variables (listed in Table 2.1 middle column) are used to

help build a robust model by complementing the primary metrics of the kernel. For

example, in applications such as RED, CONV, STRM, the number of CTAs along with the

number of threads provides a notion about the CTA sizes. Usually a larger CTA has

higher resource requirements, which might lead to fewer of such CTAs to be scheduled

onto an SM at any given time, even in the presence of available SM resources (but not

enough resources to schedule another complete CTA). Therefore, having more SMs, as in

GPU-PIC, might lead to better performance for such a large CTA. We classify the metrics

as static or dynamic, as shown in Table 2.1. Static metrics are obtained by simply parsing

the source code, while dynamic metrics are input-set-based and can be known only

at/after kernel launch or during runtime.

Why These Metrics? We choose only the most influential metrics to build our

regression model, i.e., those metrics that contribute the most to the model’s accuracy. We
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define accuracy for our regression model for a kernel as either 100%, if the model predicts

the kernel’s affinity correctly, or 0%, if it predicts incorrectly. We experimented with

building the regression model using the number of thread instructions as the only metric,

and found that this model has an accuracy of 79% on the training kernels. Using all the

metrics shown in Table 2.1 leads to an overall accuracy of 87%. The use of other

characterization metrics described in Goswami et al. [90] does not further improve

accuracy.

Table 2.2 provides the detailed characteristics of various application kernels, obtained

via offline profiling. It also shows the primary category metrics (memory-to-compute-ratio,

the number of CTAs, and shared memory intensity) and architecture affinity of each kernel

(GPU-PIM (Y) or GPU-PIC (N)). The affinity of a kernel can be reasoned for most of the

kernels by understanding the level of each metric category. For example, kernels such as

convolutionRows and prescan have high shared memory intensity, and prefer to run on

GPU-PIC because of the lower DRAM bandwidth demand and the higher instruction

throughput available in GPU-PIC compared to GPU-PIM. Kernels of GRAM prefer

GPU-PIM because of their lower parallelism and high memory intensity. Kernels such as

fdtd step1 kernel, which have high memory intensity coupled with high parallelism,

prefer GPU-PIM, as they benefit from the higher available memory bandwidth.

Regression Model for Affinity Prediction. We build a logistic regression model [98,

99], shown in Equation 2.1, which provides a prediction for the affinity of a given kernel.

A logistic regression model is a classifier and it generates a discrete output σ(t): 1 for

GPU-PIM and 0 for GPU-PIC. The model uses the metrics in Table 2.1 as inputs.

σ(t) =
et

et + 1
(2.1)

where:

σ(t) = model output (σ(t) < 0.5 => 0, σ(t) ≥ 0.5 => 1)
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Table 2.2: Kernel characteristics, classification, and architecture affinity. Legend: (I)
Memory Intensity (Memory to Compute Ratio = L :≤ 0.2, 0.2 < M ≤ 0.3, H :> 0.3),
(II) Parallelism (No. of CTAs = L :≤ 64, 64 < M ≤ 1024, H :> 1024), (III) Shared
Memory Intensity (Total no. of Shared Mem. Inst. = L :≤ 2.5 × 105, H :> 2.5 × 105).
(B) Architecture affinity (Y: GPU-PIM, N: GPU-PIC), (C) Major reasons for architecture
affinity, (D) Affinity prediction by our regression model in Section 2.4) (Y: GPU-PIM, N:
GPU-PIC). Only kernels that dominate application execution time are shown.

Workload Kernel Name I II III B C D Workload Kernel Name I II III B C D

BFS [91] initialize M H L Y Cache/BW Y RED [87] reduce H M L Y BW N
drelax H H L N Cache N SCP [92] scalarProdGPU L M L Y — N

BICG [93] bicg kernel1 H L L Y BW Y SLA [92] prescan L H H N S.Mem. N
bicg kernel2 M L L N Cache Y STRM [94] kernel compute cost H M L Y BW Y

BLK [92] BlackScholesGPU L M L Y Cache Y sgemmNN MinPlus L L H Y Lat. Y
MapperCount H M L Y BW Y APSP [95] matrixMul H M L Y Lat. N

CCL [96] unitBitonicSortKernel L H M N Compute N apsp seq M L L Y Lat. Y
prescan M M H N S.Mem. Y cuda compute step factor M M L Y BW Y

CONV [93] convolution3D kernel M M L N Cache Y CFD [94] cuda compute flux L M L N Cache Y
std kernel M L L Y BW Y cuda time step H L L Y BW Y

CORR [93] reduce kernel M H L N Compute N CONS [92] convolutionRows H H H N S.Mem. N
corr kernel L L L N Cache Y convolutionColumns H H H N S.Mem. N
fdtd step1 kernel H H L Y BW Y FWT [92] fwtBatch1Kernel H H L Y BW Y

FDTD [93] fdtd step2 kernel M H L N Cache N GUPS RandomAccessUpdate L M L Y BW Y
fdtd step3 kernel H H L N Cache N LIB [92] Pathcalc Portfolio L L L N Cache N
gramschmidt kernel1 M L L Y Lat. Y Pathcalc Portfolio2 L L L Y BW Y

GRAM [93] gramschmidt kernel2 H L L Y Lat. Y dfindelemin H H L Y Cache Y
gramschmidt kernel3 M L L Y Lat. Y MST [91] dfindcompmin H H L N Cache N
IntegrateStress L M L Y BW/Lat. Y init H H L Y Cache Y

LUH [97] CalcHourglassControl H M H N S.Mem. N PVC [96] MapperCount H H L Y BW N
CalcFBHourglassForce H M H N S.Mem. N prescan L H H N S.Mem. N

MVT [93] mvt kernel1 M L L N Cache Y SP [91] dinit H H L Y Cache Y
mvt kernel2 H L L Y BW Y dupdateeta H H L Y Cache N

PR [96] MapperCount H H L Y BW Y TRA [92] transpose naive M H L Y Cache Y
prescan L H H N S.Mem. N transpose L H L Y Cache N

t =α0 + α1x1 + α2x2 + α3x3 + α4x4 + α5x5 + α6x6 + α7x7

αi = Coefficients of the Regression Model

xi = Predictive Metrics/Variables (Table 2.1)

To train the logistic regression model, we randomly sample 60% (15) of the 25 GPGPU

applications considered in this work. These 15 applications consist of 82 unique kernels

that are used as inputs for the training of the model. The remaining 40% (10) of the

applications, consisting of 42 unique kernels, are part of the testing set and are used to

validate the model. We perform offline profiling of entire application execution only once to

train the regression model and use this built model at runtime for affinity prediction. The

model is able to accurately predict the architecture affinity (either GPU-PIC or GPU-PIM)



28

of 83% of the test kernels. Table 2.2 shows the affinity prediction (in column D) of our model

for each kernel along with the true affinity of the kernel (in column B). The major sources

of inaccuracy are due to cache effects and branch divergence, which our regression model

fails to accurately capture because of their heavily runtime-dependent characteristics. For

example, due to the considerable amount of cache hits in kernels such as drelax (BFS) and

dfindelemin (MST), GPU-PIC outperforms GPU-PIM, even though these kernels have

high parallelism and memory intensity. Yet, our model estimates incorrectly that they

are better executed on GPU-PIM. We further discuss the effects of random sampling and

application input on our model’s accuracy in Section 2.8.

Kernel affinity could also be predicted statically, without using the dynamic metrics

in Table 2.1. Using only the static metrics, the accuracy of the affinity prediction model

decreases from 83% to 74%. We find that the inclusion of dynamic (i.e., input-based) metrics

in the model is necessary for accurate prediction in applications such as CFD, STRM and

PVC. This is because the affinity of these applications’ kernels is highly influenced by input-

based kernel dimensions (i.e., number of threads, CTA size) as they significantly affect the

compute/resource requirements of these kernels.
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Figure 2.7: Modified CUDA runtime for kernel offloading

Implementation. Figure 2.7 shows our framework to enable kernel offloading to PIM

engines. Before runtime, a simple source to source translation is performed i . The

purpose is to compute the values of the static metrics, such as the number of

memory/compute/shared-memory instructions (in terms of PTX instructions), and embed

them as arguments to the kernel launch call. We extend the CUDA runtime to implement

the architecture affinity prediction model ii . The prediction model is trained offline and

does not incur any overhead of training during online prediction of affinity. At runtime,
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during kernel launch from the CPU, the dynamic metrics required for the prediction model

such as the number of CTAs and the number of threads get populated with their values in

the kernel launch call. Using both the static and dynamic metrics, the CUDA runtime on

the host-side computes6 the architecture affinity of the kernel using the affinity prediction

model, and offloads the kernel to the architecture that is expected to provide the highest

performance. Doing so avoids the overhead of kernel migration, which might arise if the

kernel were to be offloaded after it starts execution on a less preferred architecture.

2.5 Concurrent Kernel Management

This section presents a new runtime kernel management scheme to efficiently execute

multiple kernels concurrently in the heterogeneous computational units in a PIM-assisted

GPU architecture.

2.5.1 Analysis

Offloading kernels appropriately to their preferred compute engine (Section 2.4) leads to

performance benefit. However, due to the sequential execution of the kernels, such PIM-

assisted GPU architectures are under-utilized as only either the GPU-PIC or the GPU-PIM

executes a kernel at a given time, but not both. If there are independent kernels, their

concurrent execution on GPU-PIC and GPU-PIM can improve overall system utilization

and performance (Section 2.3.2). We develop a mechanism to achieve such concurrent

execution of kernels on both GPU-PIC and GPU-PIM. To efficiently schedule kernels for

concurrent execution, we need three key pieces of information: (1) kernel-level dependence

information, to identify independent kernels; (2) affinity of each kernel and (3) execution

time prediction for each kernel, both to decide what compute engine is the best to execute

6The regression model parameters are kept in CPU memory. During the API call, model-
based affinity is predicted by the CPU, which requires only 15 32-bit floating point operations
(7 multiplications, 7 additions and 1 comparison).
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the kernel on. We first describe how this information is gathered in our runtime system.

(I) Kernel-level Dependence Information. A kernel-level data dependence graph is

required to decide which kernels can execute in parallel. For our evaluations, we obtain the

dependence graph of an application for a given input by profiling the application’s execution

to determine the correct and complete set of read-after-write (RAW) dependencies across

the kernels. Such cross-kernel dependencies can be easily found and marked by a compiler.

Most compilers targeting array-based applications already run dependence analysis for each

loop nest (kernel). One could extend such an analysis to check dependence’s across loop

nests (kernels) as well.7

Note that, our concurrent kernel management mechanism can be directly used for

applications that inherently possess concurrent kernels (which could be conveyed by the

programmer), without any need for data dependence analysis.

(II) Architecture Affinity Information. We observed in Section 2.3.2 that kernel

affinity information can help improve performance of concurrent kernel execution (Scenario-

V, Figure 2.6). To predict the affinity of a kernel, we use the logistic regression model

described in Section 2.4. This model is used to fill the GPU-PIM and GPU-PIC queues

with kernels based on their affinity.

(III) Execution Time Information. Kernel dependence and affinity information is

necessary, but not sufficient to balance kernel execution times across GPU-PIC and GPU-

PIM. For instance, consider an application consisting of two independent kernels having

affinity towards GPU-PIM. If only the affinity information is used, both these kernels are

offloaded to GPU-PIM, which leads to the under-utilization of GPU-PIC (and perhaps a

lost opportunity to improve performance). We address such situations by executing kernels

in compute engines that do not satisfy the kernel affinity, if doing so would reduce overall

execution time. Therefore, in this example, we might offload the kernel that has the lower

7Note that not all applications have multiple independent kernels and thus can take advantage
of concurrent kernel execution. We observe this in SCP and GUPS.
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execution time on GPU-PIC, to GPU-PIC. However, this requires the estimation of the

kernel execution times on both GPU-PIC and GPU-PIM, for which we develop a model

next.

2.5.2 Execution Time Prediction Model

For predicting a kernel’s execution time, we build a linear regression model [100] that uses

the same predictive metrics used in our architecture affinity prediction model (Table 2.1).

Equation 2.2 shows the linear regression model.

y = β0 + β1x1 + β2x2 + β3x3 + β4x4 + β5x5 + β6x6 + β7x7 (2.2)

where:

y = model output (predicted execution time; classified into bins using Table 2.3)

βi = Coefficients of the Regression Model

xi = Predictive Metrics/Variables (Table 2.1)

The model is trained using the kernel execution time information obtained from profiling

the execution times of applications from the training set that were used in Section 2.4 to

create the affinity prediction model. Earlier work (Dubach et al. [101]) utilizes compile-

time parameters to predict the performance of an application, but exactly predicting the

absolute execution time of a kernel accurately is a difficult task and exact prediction has

significant error. Therefore, rather than utilizing the predicted execution time directly in

an absolute manner, we classify the predicted execution time (y) into five different bins,

as shown in Table 2.3. The ranges of the bins were carefully chosen by analyzing the

profiled data. With such classification, we can efficiently schedule the kernels on GPU-PIC

and GPU-PIM, without having to accurately predict the absolute execution times, albeit

perhaps with lower benefit than if we had the correct absolute execution times.
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Table 2.3: Classification of predicted execution time into bins.

Classification Bins Very Low (1) Low (2) Medium (3) High (4) Very High (5)
Range (in Cycles) <10K 10K-500K 500K-5M 5M-50M >50M

Figure 2.8 shows the classification error of our regression-based execution time prediction

models for GPU-PIC and GPU-PIM. Error is measured by calculating the distance of the

predicted bin from the true bin normalized to the total number of bins. For example, a

predicted bin of Low (2) with a true bin of Very Low (1) has an error of (2 − 1)/5 = 0.2,

since the total number of bins is 5 and the distance of the predicted bin from the true bin

is 1. The results show that the execution time prediction model provides a classification

accuracy of 77% and 80% on the test set for GPU-PIC and GPU-PIM, respectively. The

inaccuracies are mainly due to the heavily-runtime-dependent cache and branch divergence

effects (as discussed in Section 2.4).
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Figure 2.8: Classification error of test kernel execution times.

2.5.3 Algorithmic Details and Implementation

The main incentive to concurrently execute kernels is to maximize system utilization. For

this purpose, the execution time on GPU-PIC and GPU-PIM needs to be balanced.

However, the problem of balancing execution times across two architectures is equivalent

to a known NP-Complete partitioning problem [102]. The partitioning problem is the task

of deciding whether a given set of positive integers can be partitioned into two subsets

such that the sum of the two subsets are equal. The only difference in our case is that we
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have a list of pairs (instead of a single number) of positive execution times, where each

pair is a tuple of <execution time on GPU-PIC, execution time on GPU-PIM>. We adopt

a greedy approach to solve this problem in three steps.

CUDA Runtime

Affinity Prediction Model
GPU-PIM

GPU-PIC
Execution Time Prediction Model

Kernel 

Distribution 

Unit

ii

iii iv

Figure 2.9: Modified CUDA runtime for concurrent kernel management.

Figure 2.9 shows the schematic of our concurrent kernel management framework. The

CUDA runtime predicts the architecture affinity ii of all kernels launched by the CPU.

The kernels are fed into their respective queues in the kernel distribution unit iv and the

execution begins. During runtime, there might be a case where all the kernels prefer a

single type of compute engine or either the GPU-PIC or GPU-PIM queue is empty but

there are still kernels waiting in the other compute engine’s queue. To address this, the

runtime steals a waiting independent kernel from the non-empty queue to the empty queue

based on the kernel’s execution time prediction iii on the less preferred architecture. The

runtime prefers to steal the first independent kernel that has a predicted execution time (on

the less preferred architecture) smaller than the remaining execution time of the currently

executing kernel. Algorithm 1 describes this greedy process of kernel stealing that enables

concurrent kernel management.

2.6 Evaluation Methodology

Infrastructure. We modified the cycle-accurate GPGPU-Sim v3.2.2 [103, 104] to

simulate our PIM-Assisted GPU architecture. To enable the execution of two different

GPUs, we created two clusters of SMs, one for GPU-PIC and another for GPU-PIM.

GPU-PIC and GPU-PIM do not concurrently work on the same data. Therefore, to

maintain coherence between them, we flush the L2 cache in GPU-PIC after kernel
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Algorithm 1 Runtime Queue Management

. time(kernel, engine) returns the time-bin of the kernel if it is executed on the given engine.

. Let X and Y represent the two different engines (GPU-PIC and GPU-PIM).

. independent kernels(queue) returns the list of the kernels that can run concurrently with the
kernels currently executing and have no past dependencies.
. time executed(kernel) returns the amount of time the kernel has been executing.
if X = Idle && X.queue = ∅ && Y.queue 6= ∅ then

if independent kernels(Y.queue) 6= ∅ then
for each kernel in independent kernels(Y.queue) do

if time(kernel,X) ≤ (time(kernelrunning,y, Y )
− time executed(kernelrunning,y)
+ time(kernel, Y ) ) then

Execute ”kernel” on X
Break

end if
end for

end if
end if
. Similarly, repeat the process for Y

execution. As the L1 caches are write-through, they do not need to be flushed. There is

no explicit synchronization needed between GPU-PIC and GPU-PIM as they never share

data during concurrent execution. The kernel distribution unit in the CUDA runtime,

shown in Figure 2.9, checks for any inter-kernel dependencies to avoid concurrent

scheduling of dependent kernels.

For concurrent kernel execution, we use CUDA Streams, which are supported by

GPGPU-Sim. A stream is a series of kernel launches and memory operations between the

CPU and GPU that are executed sequentially. Different streams are capable of executing

concurrently depending on available resources. In our simulation framework, we create

two CUDA Streams: PIC CUDAStream and PIM CUDAStream. GPU-PIM and GPU-PIC are

assigned their own streams, thereby making the execution of the streams concurrent. We

modified the CUDA runtime support in GPGPU-Sim to overload the API calls with the

kernel metrics and added support for the architecture affinity prediction model

(Section 2.4), execution time prediction model (Section 2.5.2), and kernel distribution unit

(Section 2.5.3). During application execution, our runtime framework is able to read the
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Table 2.4: Parameters of the simulated system.

GPU-PIC Features 1.4GHz, 32 cores, 32 SIMT width, GTO warp scheduler [77]
Shared L2 (GPU-PIC) 16-way 64KB/memory channel, 128B cache block size
GPU-PIM Features 1.4GHz, 8 cores, 32 SIMT width, GTO warp scheduler [77]
Resources per 16KB shared memory, 16KB register file, Max.
Core [105–107] 1536 threads (48 warps, 32 threads/warp)
Private Caches per 16KB L1 D-cache, 12KB T-cache,
Core [105–107] 8KB C-cache, 2KB I-cache, 128B block size
Memory Model 12 Memory Controllers, FR-FCFS, 8 banks/MC, 924 MHz

Partition chunk size: 256 bytes [108]
tCL = 11, tRP = 11, tRC = 39, tRAS = 28, tCCD = 2
tRCD = 11, tRRD = 5, tCDLR = 5, tWR = 12

Bandwidth 88.8GB/s (Interposer link per GPU-PIM stack)
355.2GB/s (within GPU-PIM stack)

Interconnect 1 crossbar/direction (32 cores, 12 MCs), flit
(GPU-PIC) [107] size=32B, 1.4GHz, islip VC & switch allocators
Interconnect 1 crossbar/direction (8 cores, 12 MCs), flit
(GPU-PIM) [107] size=32B, 1.4GHz, islip VC & switch allocators

kernel metrics passed along with the kernel launch call, obtain the runtime metrics, and

predict the affinity of the kernel.

Workloads. We chose CUDA applications from various benchmark suites (NVIDIA

SDK [92], Rodinia [94], Shoc [87], Polybench [93], Mars [96], LonestarGPU [91]) and several

other applications (e.g., LUH [97], APSP [95], GUPS). We collect the results at kernel

boundaries to ensure that all comparisons are for the same amount of work completed

across different executions. We only simulate the portions of code that are executed on

GPU.

Simulated Systems. Table 2.4 provides the details of the simulated GPU-PIC and

GPU-PIM configurations. We assume that GPU-PIC has 32 GPU cores and GPU-PIM has

8 GPU cores underneath a 3D memory stack. We compare this design to a conventional

baseline GPU architecture that has 40 GPU cores. These two configurations have the same

peak execution throughput. The L2 cache size of the baseline GPU is equal to that of GPU-

PIC (768 kB). GPU-PIM does not have an L2 cache Section 2.2.2). All our simulations
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on the baseline GPU maintain (if any) inter-kernel data reuse, i.e., the L2 cache is not

flushed in-between the execution of two kernels, unlike concurrent GPU-PIC and GPU-

PIM execution on our proposed architecture.8

To simulate the timing of 3D-stacked DRAM, we use the timing parameters provided by

Jevdjic et al. [109]. We use GPUWattch [88] for power analysis of GPU-PIC and GPU-PIM

cores, caches, and interconnect. For DRAM energy analysis, we augment this model with a

simple linear equation adding the wire transfer energy numbers given by Keckler et al. [39]

to the DRAM read/write energy for a Hybrid Memory Cube DRAM [73]. We faithfully

model the bandwidth, latency, and timing of 3D-stacked DRAM. GPU-PIM has access to

the full bandwidth of 3D-stacked DRAM, whereas GPU-PIC has limited bandwidth as it

is pin-limited. Table 2.5 provides the parameters we use for calculating DRAM energy. We

assume a crossbar interconnect between the private L1 caches and the shared L2 cache,

keeping it consistent with the currently available GPUs [35].

Table 2.5: Parameters of our DRAM energy model.

Energy per bit [73] 13.7 pJ/bit
Wire Energy (256 bits, 10 mm) [39] 310 pJ
Assumed distance between GPU-PIC and GPU-PIM 20 mm

2.7 Experimental Results

We compare the performance and energy efficiency of our kernel offloading and concurrent

kernel management schemes with their oracle counterparts. The oracle schemes make ideal

8We also considered using a baseline architecture capable of concurrent kernel execution on a
partitioned set of 32 SMs and 8 SMs, but there are two issues with such a baseline. First, GPGPU
applications tend to be highly parallel and fill the entire set of SMs provided, and we take this into
account in our 40-SM baseline. Second, we still need a mechanism to decide which partition to
launch each of the kernels. Depending on its characteristics, a kernel might prefer lower or higher
number of SMs. Our new kernel offloading mechanism may be modified to make such a baseline
work, but we leave this as future work. For these reasons, we normalize all results to a baseline with
40 SMs and no concurrent kernel execution.
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Figure 2.10: Impact of our Kernel Offloading scheme.

offloading and concurrent execution decisions by profiling each kernel with its runtime input

and obtaining completely accurate execution times for each kernel on GPU-PIC and GPU-

PIM (instead of using regression models). Therefore, the oracle schemes provide the best

possible performance for each application. The oracle kernel offloading scheme finds the

correct kernel affinity for each kernel and schedules it for execution on the best engine. The

oracle concurrent kernel management scheme provides the minimal execution time for an

application by utilizing both GPU-PIC and GPU-PIM while respecting kernel dependencies.

We normalize the performance and efficiency results to those of the 40-SM baseline GPU

described in Section 2.6. We report the results separately for the applications used for

training and testing, to show the effectiveness of our model.

Effects of Kernel Offloading. Figures 2.10a and 2.10b show the performance and

energy efficiency benefits of our dynamic kernel offloading scheme, respectively. Our
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technique increases the performance and energy efficiency of the testing set applications

by 25% and 28%, respectively. The oracle kernel offloading scheme provides 34% and 40%

average performance and energy efficiency improvement, respectively, on the testing set.

The inability of our scheme to perform as good as the oracle scheme is due to the

mispredictions of kernel affinity by our regression model.9

The inaccuracies of our prediction model (Section 2.4) usually cause some kernels (e.g.,

of CONV and CORR) to be incorrectly offloaded to GPU-PIM, leading to performance losses.

However, because GPU-PIM is significantly more energy efficient than GPU-PIC, in most

of the mispredicted kernels (e.g., of APSP and LIB; see Figure 2.10b), the overall energy

efficiency of our scheme is still higher than that of the oracle’s, which is optimized for

performance, not energy.

Figure 2.11 shows the percentage of execution time when GPU-PIC and GPU-PIM are

executing kernels. Applications such as LUH, PR, and SLA have kernels that exhibit different

architecture affinities within the application and thus benefit from kernel offloading over

application offloading. Our model is able to capture this variation in affinity and we utilize

the opportunity that kernel-level offloading presents us as mentioned in Section 2.4. In this

scheme, GPU-PIC and GPU-PIM do not execute concurrently, leading to under-utilization

of the system.
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Figure 2.11: Percentage of execution time GPU-PIM and GPU-PIC execute kernels with
our kernel offloading scheme.

9In some cases where computation parallelism is the main bottleneck, e.g., for CONV, even the
oracle scheme loses performance compared to the baseline because the baseline can utilize all the 40
GPU cores for each kernel whereas the PIM-assisted GPU architecture can utilize either 32 or 8.
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We make three observations based on these results. First, kernel offloading gives the

same results as the best application offloading (as we showed in Figure 2.4) for applications

such as BFS, BLK, SCP, and GUPS. This is because these applications either consist of a single

kernel (BLK, SCP and GUPS), or all the kernels of the application prefer the same engine

(BFS). Second, kernel offloading performs better than application offloading in applications

such as FDTD, PR, and PVC. This is due to the benefits of fine-grained offloading, discussed

in Section 2.4, which selects the fastest execution engine for each kernel. Third, our scheme

performs worse than application offloading for applications such as BICG, CORR, and MST,

due to mispredictions in kernel affinity. BICG has two kernels, one of which prefers GPU-

PIC and the other GPU-PIM. Due to mispredictions, the kernel that prefers execution on

GPU-PIC is executed on GPU-PIM, leading to lower performance compared to application

offloading, which offloads the entire application to GPU-PIC. These mispredictions are due

to data reuse at the L2 cache, which make GPU-PIC faster than GPU-PIM (lacks an L2

cache).

Effects of Concurrent Kernel Management. Figures 2.12a and 2.12b show the

performance and energy efficiency benefits of our concurrent kernel management scheme,

respectively. On average, our management scheme improves performance and energy

efficiency by 42±4% and 27±2%, respectively, over the baseline across the test set.10 The

oracle scheme on the test set provides 53% and 33% improvements in performance and

energy efficiency, respectively. Similar to our kernel offloading scheme, affinity

mispredictions cause performance penalties, but they improve energy efficiency in general.

Figure 2.13 shows the percentage of execution time when both GPU-PIC and GPU-

PIM are executing kernels concurrently.11 It can be seen that the applications with high

10As a result of the dynamic nature of kernel scheduling and the greediness in our scheme,
different concurrent kernel executions might be possible for the same application, which might
result in different performance and efficiency. This arises because multiple independent kernels
can be predicted to be in the same execution time bin. Any one of these kernels could be picked by
our concurrent kernel scheduler as they are at equal “priority”. The error bounds in Figure 2.12a
and 2.12b show the variation in performance and energy efficiency due to different choices made by
the scheduler at runtime.

11The breakdown for the best-case of concurrent kernel execution is shown.
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Figure 2.12: Impact of our Concurrent Kernel Management scheme.
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Figure 2.13: Percentage of execution time when kernels are concurrently running on GPU-
PIM and GPU-PIC with our concurrent kernel management scheme.

concurrency across the engines are the ones that gain the most in terms of performance.

We make four observations based on these results. First, our scheme performs the same

as application offloading in applications such as BLK, GRAM, FWT, and GUPS. There is no

kernel-level concurrency in these applications (see Figure 2.13). BLK and GUPS consist of a
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single kernel; GRAM and FWT have no independent kernels, leading to sequential execution of

kernels in all of these applications.

Second, applications such as FDTD, PR, LIB and MST fail to perform as good as the

oracle scheme because their execution times are not predicted accurately (even though their

affinity predictions are correct). Our heuristic checks for the kernel’s predicted runtime on

the unsuitable platform, and decides whether to wait for its preferred platform to be free,

or to execute it concurrently on the less-suitable yet under-utilized platform right away.

Our execution time prediction fails to calculate the exact execution time bin, and leads to

sub-optimal scheduling decisions in these applications. Third, applications such as BICG,

MVT, PVC and SP under-perform due to the mispredictions in kernel affinity. In SP, one

of the two kernels is mispredicted for GPU-PIM, and both of the kernels are executed

on GPU-PIM. Following our heuristic of running the kernel with shorter execution time

based on the execution time bins does not help because both kernels fall into the same

bin. Therefore, the heuristic arbitrarily chooses one kernel for GPU-PIM and the other for

GPU-PIC, which negatively affects performance as one of the kernels takes considerably

longer on GPU-PIC even though they fall in the same execution time classification bin.

Also, due to the lack of many kernels, there is no leeway for mispredictions. The scenario

is similar for the other applications as well. APSP also suffers from this situation, but

because this application has many (200+) kernels that execute, the mispredicted kernels do

not dominate the execution time. Thus, we still get significant performance improvement

on APSP. Finally, for applications such as CCL, RED, CFD and FWT, we are able to achieve

comparable performance to that of the oracle scheme, which is very significant. In RED, even

though the affinity is incorrectly predicted, due to kernel stealing, we are able to offload the

appropriate kernels to their preferred architecture, which leads to significant performance

improvement.

We conclude that our kernel offloading and concurrent kernel management schemes lead

to significant average performance and energy efficiency improvements across 25 applications
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we evaluated for both training and testing.

2.8 Sensitivity Studies

We perform multiple sensitivity studies to understand: 1) the impact of architectural

decisions for GPU-PIM, 2) sensitivity of the regression model to the testing set and

different application inputs, 3) opportunities and challenges of utilizing multiple

GPU-PIMs.

2.8.1 GPU-PIM Design Choices

L2 Cache and Core Count. We analyzed the effect of caches on GPU-PIM’s performance.

There is 9% slowdown when a 384kB L2 cache is added to GPU-PIM, due to the additional

latency the L2 cache introduces to the memory request path, which is heavily used in the

presence of memory-intensive kernels. We also varied the number of SMs in GPU-PIM

from 4 to 16. With 8 SMs, GPU-PIM achieves within 30% of the performance of 16 SMs.

Importantly, 8 SMs is thermally feasible (<50W), but more SMs likely reduce the feasibility

of GPU-PIM.

2.8.2 Regression Model

Training Set. To evaluate our mechanisms’ sensitivity to applications used in the training

set, we selected a completely different training set (by picking applications to be included

in the training set in a random manner) and rebuilt the regression model. We found the

accuracy in predicting the architecture affinity of the test kernels to be 81%. We also

performed a semi-random sampling, where 20% of the most influential applications (that

affect the accuracy of the model) were made a part of the training set and the remaining

40% were chosen randomly to be included in the training set. This leads to an accuracy
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of 88% for the test kernels. To study the impact of varying the size of the training set on

the regression model, we build models using three different training set sizes: 40%, 60%

and 80% of the applications. The accuracy of these models on the test set were 70%, 83%

and 81%, respectively. As the training set size increases, accuracy improves to a point, but

further increase over-fits the model (i.e., when more than 60% of the applications in the

training set), after which accuracy starts decreasing.

Sensitivity to Application Input Set. Figure 2.14 shows the performance of our

kernel offloading scheme on 8 GPGPU applications with different input sets. For

applications such as CFD, STRM, PVC, we are able to predict the affinity accurately. These

applications are able to change their parallelism (number of CTAs, number of threads)

depending on their inputs, enabling accurate affinity prediction. For RED Input-2, we

capture affinity accurately, but RED Input-1 has mispredictions. This is because Input-1

fits inside the cache and has high reuse, unlike Input-2, whose working set is larger than

the cache. For applications such as BFS, MST, SP, we predict affinity incorrectly, which

leads to suboptimal performance. These applications are heavily dependent on their input

data and it is difficult for our model to perfectly account for such very irregular cases. In

MST Input-1, different kernels prefer different affinities, whereas MST Input-2 contains

kernels that always prefer to execute on GPU-PIM.
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2.8.3 Systems with Multiple GPU-PIMs

Number of GPU-PIMs. We experimented with two other configurations that have 2

and 4 GPU-PIMs, respectively, while increasing the GPU-PIC memory bandwidth by 2×

and 4× (due to multiple memory links between GPU-PIC and GPU-PIMs). Assuming

perfect data placement (i.e., data needed by a GPU-PIM is located in its local stacked

memory), application offloading onto only GPU-PIMs gives an improvement of 31% and

51% in performance and energy efficiency, respectively. With the best application offloading

scheme, we see improvements of 53% and 65%, respectively. These trends are similar to the

trends discussed in Section 2.3, and indicate that our schemes are likely to be scalable with

number of GPU-PIMs.

Data Placement. Earlier results with multiple GPU-PIMs assumed perfect data

placement such that each GPU-PIM has the data it needs in its local memory stack.

However, this might not always be possible. Therefore, architectures comprising multiple

GPU-PIMs might suffer from memory transactions that are requested and served by

different (non-local) memory stacks. Moreover, these transactions have to go through the

GPU-PIC since there are no direct communication channels between the different

GPU-PIMs. With the default CTA scheduler and the default address mapping, we find

that approximately 50% of memory transactions are non-local. We changed the striping of

data from 256Bytes/bank to 32KBytes/bank, causing non-local accesses to reduce by

8-10% for applications such as MST, STRM and LIB. By modifying the CTA scheduler

and/or address mapping intelligently, it is possible to minimize non-local accesses, as

shown by a recent work [76].
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2.9 Related Work

To our knowledge, this is the first work that comprehensively investigates kernel-level

offloading mechanisms in PIM-Assisted GPU Architectures. It is the first to develop

automated models and methods for (1) offloading kernels to PIM units, (2) concurrently

executing kernels on different heterogeneous compute engines in a PIM-Assisted GPU

Architecture, to maximize system performance and efficiency. We briefly discuss research

in related areas.

Processing-in-Memory (PIM) Architectures. There is a substantial body of work

on PIM that explores placing computation units within memory (e.g., [60,65–70,110–117]).

3D-stacked memory technology brings new dimensions and better feasibility to PIM-based

architectures [61–63, 71, 72, 76, 118–121, 121–124]. Our work is most closely related to the

concurrent work of Hsieh et al. [76], which proposes programmer-transparent schemes for

offloading code segments to PIM cores and for co-locating code and data together in a

3D-memory stack. They use a compiler-based technique to find the code segments to

offload to the PIM compute units based on a cost-benefit analysis. Our work does not

require sophisticated compiler support as it performs scheduling at the kernel level and

kernels are already well designated in modern GPU applications. Farmahini-Farahani et

al. [125] propose an architecture that reduces data transfers by stacking accelerators on

top of off-chip DRAM devices. In the context of GPUs, Zhang et al. [30] propose TOP-

PIM, a throughput-oriented PIM-Assisted GPU architecture. They show significant energy

efficiency improvements by offloading GPU applications closer to memory. However, they

evaluate executing the entire application on either the host or GPU-PIM. Our work builds

upon a similar architecture and proposes mechanisms to more efficiently utilize such an

architecture by performing scheduling at the finer-grained kernel level.

Machine Learning-based Prediction Models. Machine learning techniques have

been widely deployed for performance and power prediction models (e.g., [126–136]). Wu et
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al. [131] propose a GPU performance and power model that uses machine learning techniques

to predict the behavior of incoming applications from profiled data. Ardalani et al. [132]

propose a performance prediction model that takes as input a single-threaded CPU version

of an application and predicts the performance for its GPU port. Panwar et al. [133]

present an online kernel characterization technique and performance model to estimate

the performance of a kernel on different GPU architectures. Ipek et al. [134, 135] develop

models for performance prediction of parallel applications and for aiding architectural space

exploration. We use a regression-based approach to develop our affinity and execution time

prediction models for PIM-Assisted GPU architectures.

Task Scheduling. There has been considerable work done in the domain of task

scheduling to improve load balance and performance in both homogeneous and

heterogeneous systems (e.g., [50, 137–148]). Aji et al. [149] design an OpenCL runtime

called MultiCL, which can effectively map the command queues onto the best device for

high performance. Their runtime scheduler involves static device profiling, dynamic kernel

profiling, and dynamic device mapping. Chen et al. [150] study a task queue based

dynamic load balancing mechanism for a multi-GPU setup. None of these works examine

scheduling or load balancing issues in a PIM-Assisted GPU Architecture. In this work, we

develop new affinity and execution time prediction models to efficiently schedule kernels to

heterogeneous compute units in such an architecture.

2.10 Chapter Summary

We developed two new code scheduling techniques that enable effective use of processing-

in-memory (PIM) mechanisms in PIM-Assisted GPU architectures, where a conventional

GPU is augmented with 3D memory stacks that house simpler GPUs in their logic layers.

First, a kernel offloading mechanism that accurately decides what code portions to offload

to the GPUs in the 3D memory stack, using a new regression-based kernel affinity prediction
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model. Second, a concurrent kernel management mechanism that uses the affinity prediction

model, a new kernel execution time prediction model, and kernel dependency information

to decide which kernels to schedule concurrently on both the main GPU cores and the

GPU cores in memory stacks. These two mechanisms operate at the kernel-level, which

simplifies scheduling and management, and makes our approach transparent to programmers

and compilers, as code is offloaded from the host system to a GPU system at the kernel

granularity in modern systems. We have comprehensively evaluated both of our mechanisms

and shown that 1) they provide significant performance and energy efficiency improvements

across a wide variety of GPU applications and 2) the improvements we obtain are robust to

changes in the training set for our regression model and changes in system parameters. We

conclude that our kernel-level scheduling mechanisms can be an effective runtime solution

for exploiting processing-in-memory in modern GPU-based architectures.



Chapter 3
Enabling Opportunistic Computations

on Throughput Processors for

Reduced On-Chip Data Movement

Data transfer overhead between computing cores and memory hierarchy has been a

persistent issue for von Neumann architectures and the problem has only become more

challenging with the emergence of manycore systems. A conceptually powerful approach

to mitigate this overhead is to bring the computation closer to data, known as Near Data

Computing (NDC). Recently, NDC has been investigated in different flavors for

CPU-based multicores, while the GPU domain has received little attention. Recall that,

the previous chapter dealt with computation offloading between GPU and PIM units to

improve performance. In this chapter, we present novel NDC solutions for GPU

architectures with the objective of minimizing on-chip data transfer between the

computing cores and last-level cache.
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3.1 Introduction

The memory wall has been a major impediment to designing high performance von

Neumann style computing systems. With the recent manycore trend, the cost of moving

data from different levels of the memory hierarchy to the cores has further accentuated

the memory wall problem [39, 151, 152]. This is likely to become more challenging with

technology scaling as more transistors are squeezed into larger dies exacerbating the

relative cost of moving data to that of a compute operation. Thus, the performance and

energy overheads of data movement would be a continuing non-trivial challenge in

designing high-performance, energy-efficient systems.

Processing-In Memory (PIM) and Near Data Computing (NDC) [40, 60, 61, 65, 76]

concepts have been proposed to minimize these overheads by moving computation closer

to data. Recent advances in technology have made computational logic cheaper, plentiful

and easier to integrate thereby making NDC a feasible approach. NDC is an abstract

framework that requires answering several key design questions — what to offload, where

to offload and when to offload. For example, in a traditional multi-level memory hierarchy,

computation offloading can be done to the on-chip caches or off-chip DRAM and the

granularity of computation would vary depending on where the computation is done.

Traditionally, NDC mechanisms have allowed CPUs to further improve their

performance and energy-efficiency. However, to our knowledge, the NDC concept has been

little explored in the context of GPU architectures. As GPUs are likely to play a major

role in achieving energy-efficient Exascale systems, further scaling of their performance

and energy-efficiency is a critical task [3]. With technology scaling, the relatively high

data movement costs in GPUs are starting to bottleneck further energy-efficiency

improvements. The overheads of data movement are greatly accentuated in GPUs due to

three major reasons. First, GPU applications are highly data parallel, and therefore, work

on large amounts of data. Second, as GPUs scale, compute throughput improvements are
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outpacing the memory bandwidth improvements, hence, worsening the memory wall

problem. Finally, state-of-the-art GPUs have many more cores [25, 26] that need a larger

network-on-chip [153, 154] to connect them with memory, leading to an increased data

movement and traversal costs. Furthermore, many prior works [155, 156] have identified

on-chip interconnect bandwidth to be a bottleneck as well. These reasons have made it

imperative to find novel mechanisms to further enhance energy efficiency of GPUs. Recent

works [40, 76] have studied the PIM concept in GPUs, where they minimize off-chip data

movement by facilitating computation at 3D-stacked DRAMs. To the best of our

knowledge, prior NDC efforts do not optimize on-chip data movement in GPUs. Thus, the

goal of this work is to minimize on-chip data movement between the GPU cores and the

LLC for improving performance and energy efficiency.

It is non-trivial to make GPUs amenable to NDC mechanism due to three main

reasons. First, GPUs are load-store architectures, and the ALU operations are performed

only on registers. Therefore, finding candidates for offloading involves searching for

suitable instruction sequences. Second, GPUs are SIMT architectures and their fetch,

decode and wavefront scheduling units are tuned for hiding memory latency by executing

many parallel instructions. Specifically, GPUs try to execute as many instructions as

possible from other threads to hide a cache miss, which in turn would lead to longer

latencies to offload a set of instructions from a given thread. Hence, efficiently offloading a

set of instructions involving multiple loads that incurred L1 misses from a given thread,

while minimizing the execution of the other threads is a challenging issue. Third, due to

the need for massive memory-level parallelism, data is interleaved across multiple memory

partitions. If offloaded instructions require data from multiple partitions, it is not

straightforward to find a “single” location to perform the offloaded computation.

The decision of what to offload is crucial for the effectiveness of NDC mechanisms.

Ideally, one would like to find sequences of instructions that can be offloaded as a whole to

minimize data movement. Our NDC mechanism first finds suitable instruction sequences
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for computational offloading, called offload chains, that corresponds to commonly used

basic, high level instructions that appear across many applications. We use a compiler

pass to tag the offloadable chains. Next, to address where to offload the computation, we

introduce the term, Earliest Meet Node (EMN), which is the first intersecting node of the

loads in the offload chain on their traversal paths. We then form a “ComputePacket” of

these instructions that can be pushed to the EMN for computation. To perform the offload,

we propose two computational offloading mechanisms. The first one, LLC-Compute, is

employed when the EMN is the LLC node itself. By providing the required computation

hardware in the LLC, the computation can be performed there. The second scheme, Omni-

Compute, is employed when the EMN is an intermediate GPU node in the network; it

offloads the computation to another GPU node, which is en route between the source GPU

node and LLCs. Omni-Compute provides the necessary additional bookkeeping logic to

the GPU cores to be able to compute instructions offloaded by other cores beyond the logic

needed to execute its own instructions. We show that simply sending all offloadable chains

to the EMN for computation is not optimal in terms of performance due to its implications

on data locality. Therefore, when to offload the chains is critical for the efficiency of the

NDC mechanism.

To our knowledge, this is the first work that considers reducing on-chip data movement

in GPUs by opportunistically offloading computations either to (1) the last-level-caches, or

(2) the ALU of another GPU core that would result in the lowest on-chip data movement

for that computation. This chapter makes the following major contributions:

• It proposes two NDC schemes to facilitate computational offloading in GPUs. It shows

that basic forms of load-compute-store instructions are ideal candidates for offloading.

• It provides (i) compiler support for tagging offloadable instruction chains, (ii) the

architectural modifications required for forming ComputePackets, (iii) the

computational units and (iv) the controller units for LLC-Compute and

Omni-Compute with negligible hardware overheads.
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• It comprehensively evaluates our proposed NDC mechanisms using nine general

purpose GPU workloads. The LLC-Compute technique provides, on an average,

19% and 11% improvement in performance (IPC) and performance/watt,

respectively, and 29% reduction in on-chip data movement compared to the baseline

GPU design. The Omni-Compute design boosts these benefits to 31%, 16% and

44%, respectively, by providing additional offloading opportunities.

3.2 Background

Programming Environment: The parallel parts of CUDA [92]/OpenCLTM [24]

applications, are called “kernels”. A kernel contains multiple workgroups. The GPU

hardware dispatcher schedules workgroups onto cores. The threads within a workgroup

are organized into groups, called “wavefronts”. Wavefronts are the granularity at which

the GPU schedules threads into SIMD pipeline for execution.

Architecture: The evolution of GPU architecture indicates that the GPU compute

capability is scaling along with the number of cores. As stated in Chapter 1, recent AMD

RadeonTM RX Vega 64 GPUs [26] and NVIDIA R© Tesla R© V100 GPUs [25] are already

equipped with 64 compute units (CUs) and 80 streaming multiprocessors (SMs),

respectively. Figure 3.1 shows our baseline GPU architecture. Each core has a private L1

data cache, a texture cache and a constant cache, along with a software-managed

scratchpad memory (shared memory). The cores are connected to shared last-level cache

(LLC) partitions via a Network-on-Chip (NoC). Each LLC partition is directly connected

to a memory controller. In our baseline architecture, we model a GPU with 56 cores and 8

last-level cache (LLC)/memory controllers (MCs) connected through an (8×8) mesh-based

NoC [29, 157] (YX routing) as shown in Figure 3.1. The MC placement in our baseline

GPU is a variation of the checkerboard configuration, which is shown to be

throughput-effective for GPUs when compared with other MC placements [153]. This
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Figure 3.1: Baseline architecture.

placement allows for efficient link usage, while minimizing link hotspots that arise due to

dimensional routing for traditional MC placements.

Figure 3.1 shows the micro-architecture of a core. To execute a wavefront, the fetch

unit first fetches the next instruction from instruction cache based on the program counter

(PC). The fetched instruction is decoded and placed into an instruction buffer for execution.

This buffer is hard partitioned for each wavefront, and the decoded instructions are stored

on a per-wavefront basis. The fetch-decode happens in a round-robin manner for all the

wavefronts in a core. This keeps the pipeline full so that on a context switch, a new

wavefront is ready to be issued immediately. In our baseline configuration, the buffer can

hold two decoded instructions per wavefront, limiting only two instructions from a particular

wavefront that can be issued continuously for execution. Also, when a wavefront encounters

an L1 miss, the wavefront scheduler will switch out the current wavefront with another ready

wavefront to hide the memory latency.

3.3 Motivation and Analysis

Today’s GPUs use separate instructions for memory accesses and ALU operations.

Figure 3.3 shows an example code fragment of an addition operation performed on

operands a and b and stored in operand c. This instruction is broken down into multiple
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load/alu/store operations in a load-store architecture. The loads fetch the required data

from the caches/memory into the registers of the core. The data could potentially come

from the L1 cache, LLC or the off-chip main memory. Ideally, if all the memory requests

are hits at the L1 cache, there will be minimal undesirable data movement apart from the

data movement caused by cold misses.

Figure 3.2(a) shows the amount of data being fetched from different levels of the memory

hierarchy for nine applications. On average, only 23% of the available data is fetched from

the L1 cache, while 30% is fetched from the LLC and the remaining 47% is fetched from the

DRAM. We provide the detailed performance and energy efficiency evaluation methodology

in Section 3.5. Figure 3.2(b) shows the breakdown of the average memory latency of requests

(L1 misses) across nine applications during their traversal from the cores to the LLC nodes

and back. We observe that almost 75% of the memory latency is due to the queuing of the

packets in the injection queue at the LLC nodes, 16% of the time is spent servicing these

requests, while the rest 9% is taken up by the NoC traversal. NoC traversal constitutes

the cost of VC allocation + route computation + switch allocation and link traversal [158].

These observations are mainly due to three reasons: (1) read to write ratio; (2) burstiness

of the requests and; (3) traffic patterns in GPUs. Note that, the request traffic sends

requests from multiple cores to a few LLCs/MCs, while in the response network, a few
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LLCs/MCs send data (with a higher payload) to multiple cores. These reasons cause a

disparity between the effective request/service rate of the cores (more request packets can

be sent) and LLCs nodes (fewer response packets can be sent). To summarize, 77% of the

requested data is transferred over the on-chip interconnect, which contributes to an average

power consumption of 27% of the total GPU power. Therefore, the implications are twofold.

First, we need to reduce the amount of data transfers over the network, and second, exploit

computations rather than waiting for data that is queued up in the network.

3.3.1 Analysis of Data Movement

To reduce the on-chip data movement, we need to understand and analyze the flow of data

from different levels of the memory hierarchy to the cores. Let us consider two scenarios

for the flow of data during the execution of code snippet on core 15 in Figure 3.3.

Scenario 1: Let both the load requests and the store request go to the same LLC partition

(assume in Figure 3.3, the memory requests are all en route to LLC 5). When load a is

executed, a memory request is sent to LLC 5, which takes 8 hops to traverse from core 15

to LLC 5. Upon receiving the request, the LLC partition services it (returns the data if

the request hits in LLC; forwards it to memory channel if the request is a miss) and sends

a response packet with the data back to the core taking another 8 hops. This is also the

case with load b. In total, it takes 32 hops to request and get the data back for the two

load instructions. Finally, a store request is sent which takes another 16 hops to store the

data and receive an acknowledgment. Therefore, to compute c[i]=a[i]+b[i], a total of

48 hops is required for the instruction sequence for each wavefront. Note that, the payload

of the packets in the response traffic is considerably larger than request traffic. If we assign

weights to the payloads with 1:5 ratio (req/ack:data), the total weighted hop count is 144.

Scenario 2: Let us assume a scenario, where all three memory requests go to different

LLC partitions (Figure 3.3). In this case, a is mapped to LLC 5, b is mapped to LLC 6
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Figure 3.3: Earliest Meet Node for an instruction sequence (c[i]= a[i]+b[i]). For each
memory operation, the request and response packets’ traversal with YX routing is shown.
All memory requests generate from core 15. The two loads and store head to LLC 5, LLC
6 and LLC 7, respectively. For this instruction sequence, the EMN is core 36.

and c is mapped to LLC 7. Getting the data for load a takes 16 hops and for load b,

10 hops. The store c is sent to LLC 7 and takes another 16 hops. Therefore, a total of

42 hops are needed for this computation. By considering the weights for each payload, the

total weighted hop count is 126.

3.3.2 How to Reduce Data Movement?

To reduce data movement, we propose a new concept, called Earliest Meet Node (EMN).

We observe that on the traversed path for both the load instructions, if we re-route the

response messages with load data back to the request node in the same route as the request

messages, there is a common node (LLC 5 in Scenario 1 and core 36 in Scenario 2 as shown

in Figure 3.3) through which the data for both the loads pass, albeit not necessarily at

the same time. This node is the EMN for the instruction sequence of a given wavefront.
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Potentially, the computation (in this case – addition) can be performed at EMN and then,

only an ack is sent back to the requesting core from the EMN on a successful computation.

For example, in Scenario 1, both the loads (along with the information of the store) can

be sent as a single request (detailed in Section 3.4) from core 15 to the EMN (8 hops to LLC

5), and then the loads can be serviced at the LLC. Assuming the EMN can compute, the

operation is performed once both the loads have been serviced. The store is then serviced

by the same LLC, and an ack is sent back to core 15 (8 hops) indicating that the offload

was successful. Therefore, the entire compute sequence requires 16 hops (reduced by 67%).

Furthermore, the total weighted hop count reduces to 16 hops (reduced by 89%) as well.

Similarly, for Scenario 2, shown in Figure 3.3, if both the loads and the store were sent as

a single request (details in Section 3.4) to the EMN (3 hops to core 36), and then if the

two loads are split and sent to their respective LLCs (5 hops (LLC 5) + 2 hops (LLC 6)

= 7 hops), it would take a total of 10 hops. On their way back, rather than going back

to core 15, both a and b can be sent to the EMN (5 + 2 = 7 hops). After computation,

the result (c) can be sent directly to the LLC 7 (5 hops). The ack message for the store

operation takes another 5 hops to reach the EMN. Finally, from the EMN, an ack notifying

of a successful computation is sent to core 15 (3 hops). This approach would require a total

of 30 hops (reduced by 29%) and a total weighted hop counts of 78 hops (reduced by 38%).

Note that, we do not change the routing policy (YX) or introduce any network deadlock when

we re-route the response packets via the EMN. We only decouple the response packets from

its precomputed route to the core and instead send it to the EMN. This changes the route

of the packet, while still following the routing policy. Based on this motivation, we propose

a novel GPU design to dynamically build offload chains at runtime and make intelligent

decisions for opportunistically offloading computations onto a location closest to where the

required data is present, while minimizing data movement.
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3.4 Opportunistic Computing

The main idea of the NDC mechanism is to first find candidate offload chains in a GPU

application and to compute this chain opportunistically as close as possible to LLCs. To

this end, we propose two schemes: LLC-Compute and Omni-Compute. The first

scheme, LLC-Compute (Section 3.4.2), reduces data movement for offload chains for

which the operands are found in the same LLC partition. An offload packet, which we call

as ComputePacket, traverses to the destination LLC for computation and returns the

result/ack back to the core. The second scheme, Omni-Compute (Section 3.4.3), is built

on top of LLC-Compute and increases the coverage of operations, whose data movement

can be further reduced, by enabling offloading for chains that request data from two

different LLC partitions. In this case, the

Identify Offload Chains

Form ComputePacket at 
SRC and send to EMN

Compile-time
Runtime

Yes

Yes

EMN computes and 
sends back ack to SRC

Offload Chain?
No

No

Execute

Is it offloadable?

Figure 3.4: Key steps to realize computation offloading.

ComputePacket is sent to the EMN (another core), where the computation is

performed. We discuss the process of finding the EMN in Section 3.4.3. If the data is

placed on different LLCs with no common node in their YX/XY routes, then there is no

EMN, and thus, computational offloading is ineffective. For example, in Figure 3.3, if core

15 sent two loads to LLC 0 and 6, there is no common node, and therefore, no EMN.
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Figure 3.4 shows the steps in facilitating our proposed mechanisms: (1) identify

offloadable chains by using compiler analysis to check for code patterns and register reuse

and then tag the offloadable instructions; (2) during execution, efficiently identify and

execute offload chain; (3) dynamically decide whether the computation can be offloaded or

not; (4) form ComputePackets efficiently and keep track of offloaded chains; and (5)

enable computation at EMN (LLC/cores).

3.4.1 What to Offload?

For applications with good L1 cache locality, offloading loads for computation without

caching them locally would increase unnecessary data movement for these loads. Therefore,

the ideal candidates for such computation offloading are the applications that are streaming

in nature or have a long reuse distances that render the L1D cache ineffective. Note that,

LLC-sensitive applications are also going to be beneficial, as our proposed mechanisms

reduce the on-chip data movement between the cores and the LLCs.

It is well known that applications have different characteristics during their execution,

and even if the entire application cannot be offloaded, certain phases/sequences of

instruction from applications can still benefit from computation offloading. Therefore,

rather than enabling computation offloading for the entire application, we propose to

offload computation at the granularity of an instruction or a set of instructions, which

could correspond to a high-level language statement such as the one shown in Figure 3.3.

Note that, loads with further reuse at the core should not be offloaded, as it will

negatively impact the L1D locality. Conservatively, we prioritize L1D locality over

computation offloading. For this work, we target such instruction sequences that are

amenable to computation offloading and are prevalent in many different types of

applications such as machine learning kernels, linear algebra algorithms, cryptography,

high performance computing applications and big-data analytics. Table 3.1 shows nine

types of instruction sequences that we find amenable for offloading. Note that more offload
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Table 3.1: Prevalent high-level code patterns along with their PTX instructions [1]. The
response packet (type and size) details the amount of data that is sent back by the
computation node to the source core.

Pattern 1 2 3 4 5 6 7 8 9
HLL code c=f(a,b) c=f(a,b,c) c=a c=f(a,c) h(a,b) h(a, i) c=f(a,i) d=f(a,d,g(b,i)) c=f(a,g(b,i))

ld a ld a ld a ld a ld a ld a ld a ld b ld b

P
T

X
C

o
d

e ld b ld b st c alu c,a ld b ld i ld i ld i ld i
alu c,a,b alu c,a,b st c cmp a,b cmp a,i alu c,a,i ld a ld a
st c st c alu c,b,i alu c,b,i

alu d,a,c alu d,a,c
st d

Response ack, data, ack, ack, bitmap, bitmap, ack, data, ack,
Packet 1 flit 5 flits 1 flit 1 flit 1 flit 1 flit 1 flit 5 flits 1 flit
i = immediate f(x,y),g(x,y) = arithmetic operator h(x,y) = logical operator

patterns can be formed using longer instruction sequences, but we concentrate only on

patterns that can be packed into a single flit. Figure 3.5 shows the ComputePacket format

for the largest sequence.

Header Opcode(s) Status/ID bits addr_a addr_b addr_c imm extra
3 Bytes 4/8 bits 1 Byte 6 Bytes 6 Bytes 6 Bytes 4 Bytes 5 Bytes

32 Bytes 
= 1 Flit

Figure 3.5: ComputePacket format for Pattern 9.

All nine patterns that we offload for computation start with a load instruction and end

either with an ALU operation or a store operation. We call this sequence of instructions

that can be offloaded as an offload chain. For this work, we tag the instructions in the

applications that are potentially going to be offloaded at compile-time. These instructions

can be easily found with a single compiler pass, and with multiple passes the compiler

can even generate statically the data locality information [159] of the loads used by these

instructions to make decisions for computation offloading. During execution, these tagged

instructions get executed by the hardware, which selectively (based on the L1 locality)

generates a single packet for computation offloading.
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// Offset calculation for a
...
ld.param.u64 %rd3, [_cuda_a]
add.u64 %rd4, %rd3, %rd2
ld.global.s32 %r15, [%rd4+0];
// Offset calculation for b
ld.param.u64 %rd5, [_cuda_b]
add.u64 %rd6, %rd5, %rd2
ld.global.s32 %r16, [%rd6+0];
add.s32 %r17, %r15, %r16;
// Offset calculation for c
ld.param.u64 %rd5, [_cuda_c]
add.u64 %rd8, %rd7, %rd2
st.global.s32 [%rd8+0], %r17;

// Offset calculation for a,b,c
...
ld.param.u64 %rd3, [_cuda_a]
add.u64 %rd4, %rd3, %rd2
ld.param.u64 %rd5, [_cuda_b]
add.u64 %rd6, %rd5, %rd2
ld.param.u64 %rd5, [_cuda_c]
add.u64 %rd8, %rd7, %rd2
ld.global.s32 %r15, [%rd4+0];[01]
ld.global.s32 %r16, [%rd6+0];[10]
add.s32 %r17, %r15, %r16;[10]
st.global.s32 [%rd8+0], %r17;[11]c
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Figure 3.6: Representative code snippet. The offload chain is tagged and rearranged in the
PTX code to align contiguously in memory.

3.4.2 LLC-Compute

LLC-Compute offloads chains where all the operands are headed towards the same LLC

partition. We now describe the steps of LLC-Compute design.

Identification of Offload Chains: In order to ensure that offloading is not performed

in the presence of high L1 locality, we use compiler analysis to identify the offload chains

that are expected to improve performance if offloaded. The compiler identifies offloadable

instructions based on their “per-thread” reuse patterns. Note that our approach does not

take into account the reuse distance of the memory request. If it finds no register reuse of

the memory request by the same wavefront, it will tag it for offloading.

We analyze the Parallel Thread Execution (PTX) ISA [1] generated by the CUDA

compiler [92]. By default, each load/store instruction in the PTX code is preceded by

its effective offset calculation that is needed for address generation. We demonstrate this

with an example in Figure 3.6, which shows a code snippet in high-level language and its

corresponding PTX instructions. First, offset for a is calculated, and then a is loaded. The

case is similar for b. In our approach, as shown in Figure 3.6, we modify the compiler to

transform the PTX code so that the offset calculations for the loads/store for the offload
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chain are executed earlier, and the offload chains’ instructions are contiguously stored.

This reduces the processing time to form a ComputePacket. Also, similar to prior work

such as TOM [76], our compiler tags the opcodes of the offloadable instruction sequences

with two bits to indicate the first, intermediate and the last instructions in the offload

sequence. Specifically, we tag the first load with the bits 01 and then the intermediate PTX

instructions with 10 until the final instruction, which is tagged as 11 indicating the end

of the chain. Furthermore, these tags also allow for efficient wavefront scheduling that is

computation offloading aware, as discussed later in this section.

Hardware Support for Offloading: Figure 3.7 shows the required hardware changes

(in black) to the baseline architecture for our two proposed mechanisms. It also shows the

connections needed for LLC-Compute and Omni-Compute to be integrated with the GPU

design. Figure 3.8 provides the detailed implementation of the components (Offload

Queue and Service Queue). We first describe the hardware additions needed for

LLC-Compute. To enable offloading, we add an additional component called the Offload

Queue (OQ) ( 3 ), which is responsible for generating, offloading, and maintaining the

offloaded chains status. As shown in Figure 3.8(a), OQ is made up of three components:

Offload Queue Management Unit (OQMU) ( 4 ), Offload Queue Status Register (OQSR)

( 5 ), and ComputePacket Generation Unit (CPGU) ( 6 ). The OQMU is the controller

unit. It (1) decides whether to offload computation or not based on EMN computation

and L1 locality, (2) initiates computation offloading, (3) manages the OQSR, and (4)

receives the result/ack for offloaded computation. The OQSR is a 48-entry (Section 3.6.2)

status register to maintain the status of the offloaded chains. CPGU is responsible for

generating a ComputePacket with the computed EMN based on both the load requests’

LLC partitions and injecting it into the network for transmission. We give a detailed

explanation of how these components are utilized in Section 3.4.4.

Efficient ComputePacket Formation: While the OQ is responsible for generating

ComputePackets, it has no control on how instructions are fetched and decoded, and how
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Figure 3.7: Proposed hardware modification to enable offloading. Additional/modified units
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wavefronts are issued. Therefore, relying only on the OQ for generating ComputePackets

is not optimal in terms of performance due to two reasons. First, due to limited

instruction buffers (Section 3.2), not all the instructions in an offload chain can be issued

close in time. Furthermore, instruction fetch and decode takes place in a round-robin

fashion for all the wavefronts, thus, leading to large queuing delays for issuing any

remaining instructions in an offload chain of a given wavefront. Second, due to the

baseline wavefront scheduling policy (Section 3.2), each load in an offload chain (that

results in a cache miss) will cause the wavefront to be switched out for another wavefront.

Therefore, in order to issue two loads from the same wavefront, many other wavefronts get

executed. This leads to partially filled OQSR entries for many wavefronts. Only when all

the offload chain instructions of a given wavefront are executed, a ComputePacket is

formed. This leads to longer latencies in creating ComputePackets. Moreover, the CPGU
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Figure 3.8: Hardware design of the additional components to support computation
offloading.

would need to maintain buffers for each partial ComputePacket leading to higher

overheads.

To mitigate the effects of wavefront scheduling and avoid the overheads of implementing

a CPGU with large buffers, we modify the wavefront scheduling policy (Figure 3.7 2 ) along

with the instruction fetch and decode logic (Figure 3.7 1 ) to prioritize ComputePacket

formation. We achieve this by making the instruction tags in offload chains known to them.

On the first instruction fetch of a wavefront with the tag [01], we prioritize the fetch and

decode of this wavefront over other wavefronts. Therefore, whenever a single entry in the
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instruction buffer for this wavefront becomes empty, the fetch unit prioritizes the fetch

for this wavefront over other wavefronts and decodes it and stores it in the available buffer

space. Similarly, on the wavefront scheduler logic, we prioritize the wavefront that is issuing

the offload chain. When the final instruction (tagged [11]) in the offload chain has been

fetched, decoded and issued, the fetch, decode and wavefront scheduling logics fall back to

their default scheduler logic. This reduces the latency for the creation of a ComputePacket,

enabling better injection into the interconnect by interleaving the generation and injection

of the ComputePackets. This also minimizes the storage overheads for the CPGU, as it

only needs to maintain the full offload chain information for only one wavefront at any

given moment. Once an instruction in the offload chain is added to the OQSR, it is treated

as committed, after which other instructions in the offload chain are issued and executed,

allowing the formation of ComputePackets. Only the final instruction in the offload chain

will cause the wavefront to stall and wait for an ack.

Hardware Support for Enabling Computation at the LLC Partitions: To enable

offloading to LLC partitions, we need to add computation unit, logic to decode

ComputePackets, and status registers for bookkeeping of the offloaded computations to

the LLC partitions. The first addition is a 32-wide single-precision floating point and

integer ALU (Figure 3.7 9 ) in order to compute the offload chains. We keep it to be

32-wide to maintain the same ALU latency as to that of a core. The second addition is a

multiplexer on the network interface (Figure 3.7 7 ). The multiplexer directs the packet to

the Service Queue or the LLC based on whether the header bit identifies it as a

ComputePacket or not. The third addition is a component called the Service Queue (SQ)

(Figure 3.7 8 ), which further comprises of three units as shown in Figure 3.8(b): Service

Queue Management Unit (SQMU) (Figure 3.8(b) 10 ), Service Queue Status Register

(SQSR) (Figure 3.8(b) 11 ), and a temporary buffer (4 entries) (Figure 3.8(b) 12 ) to

queue up multiple offload chains for computation. The SQMU decodes the received

packet, updates the SQSR entries, and generates the required load requests to send to the

LLC. SQSR is a 96-entry (Section 3.6.2) status table, and it maintains the addresses of
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the load and store requests of the offload chains. The SQSR then sends the load requests

to the LLC and once data is available in the LLC, the LLC sends signals to the SQ to

update the availability bit for the offload chain in the SQSR1. Note that, if the load

request resulted in an LLC miss, we do not differentiate between the regular memory

requests and the memory requests from an offload chain at the DRAM request scheduler.

Prioritization techniques can be employed to improve the performance further, but we

leave this as potential future work. A temporary buffer holds the offload chains’ data. The

buffer entries are filled on a first-come first-serve basis for the offload chains. The buffer

fills the gap between the time it takes to read required data from LLC and bring them to

SQ to feed to the ALU for computation. By having ready entries in the buffer, we can

hide the latencies for other requests to be serviced and fetched from LLC into the buffer.

If the buffer is full, no new loads are fetched from the LLC. Once an entry is ready to be

computed, the data is moved from the buffer to the temporary registers, which are then

fed to the ALU. Every cycle, if required, the buffer fetches the required data from LLC

based on the status bits of the SQSR entry (to make sure it is present in the LLC), to

maintain a set of compute-ready data. Once the computation is finished, SQMU removes

the entry from SQSR. It then generates and injects an appropriate response packet to

send to the core based on the type of offload chain.

3.4.3 Omni-Compute

As discussed in Section 3.3, EMN for an offload chain need not be an LLC partition. Thus,

we propose Omni-Compute, which adds support for offloading computations to other cores,

which are the EMN for a given offload chain.

Unlike LLC-Compute, finding the EMN in Omni-Compute is not straight forward

because the required data is present in different LLC partitions. Algorithm 2 details the

1We do not send data from the LLC until it is needed for computation, which is initiated when all the
required operands are present in the LLC. By exploiting the LLC to store data, we avoid any data storage
overheads.
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mechanism that is used to find the EMN (example in Figure 3.3). For a given GPU

configuration, a simple lookup table can be populated using Algorithm 2 and be used to

find the EMN during GPU execution. The basic idea for finding an EMN is to find a node

that is common in the traversal paths (XY or YX routes) of the two loads. If there are

multiple common nodes in their paths, EMN is the node that is closest to both the LLC

nodes.

In order to provide the ability to offload ComputePackets to any node, we add a Service

Queue (SQ) to all the cores (Figure 3.7 8’ ). The SQ used in the cores is different from the

one used in LLC partitions only in its input/output connections. Rather than sending load

requests directly to the LLC queue, the SQ injects the load requests into the interconnect

for transmission to their respective LLC partitions, receives the data from the LLCs, and

updates the SQSR accordingly. In LLC-Compute, the SQ uses the LLC as a storage for the

loads, whereas, in Omni-Compute, for the SQs in the cores, we reuse the shared memory

as the storage structure to buffer the loads as they are received. Once the entry is ready to

be computed, the data is transferred from the shared memory to the temporary registers,

which are fed to the ALU of the core. Note that SQ only reuses the ALU when it is idle

and stalls if it is in use by the core/wavefront scheduler.

As Omni-Compute enables computation at any node, a higher number of offload chains

can find EMNs and therefore be offloaded. This may leave core resources under-utilized.

On the other hand, as Omni-Compute offloads computation to other cores, the SQs at these

cores will make use of the ALUs and improve core utilization. Note that the computations

and bookkeeping are done by the GPU core. Therefore, we do not make any modification

to the router/interconnect.
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Algorithm 2 Finding EMN for 2 loads

INPUT: core node // Denotes the offloading GPU core node
llc nodes[0/1] // Denotes the destination LLC nodes for the loads

1: if llc node[0] == llc node[1] then //LLC-Compute scenario
2: return llc node[0].
3: end if
4: for i← 0 to 1 do
5: traversal path[2i] = xy path(core node, llc node[i])
6: traversal path[2i+ 1] = yx path(core node, llc node[i])
7: end for
8: for i← 0 to 1 do
9: for j ← 2 to 3 do

10: common nodes.append(traversal path[i] ∩ traversal path[j])
11: end for
12: end for
13: for nodes n in common nodes do
14: dist = manhattan dist(n, llc node[1]) +manhattan dist(n, llc node[2])
15: if dist < min distance then
16: min distance = dist;
17: EMN = n
18: end if
19: end for
20: return EMN .

3.4.4 How Does Our Mechanism Work?

In this section, we describe how LLC-Compute and Omni-Compute work under multiple

scenarios.

3.4.4.1 Mechanism to Offload Computation

Let us refer to Figure 3.6, when the first load instruction (tagged [01]) is fetched and

decoded. The wavefront that the instruction belongs to is prioritized for fetch and decode

until the final instruction in the offload chain that belongs to the same wavefront is fetched

and decoded. This wavefront is then de-prioritized. Similarly, when the first instruction gets

issued by the Wavefront Issue Arbiter, that wavefront gets prioritized for issuing. Starting

from this point, we show how computation is offloaded using Figure 3.9. The Wavefront

Issue Arbiter issues the first tagged instruction in an offload chain to the LD/ST unit, which

forwards it to OQ ( 1 ). There could be three possible scenarios after the first load is issued.
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Figure 3.9: Scenarios for computation offloading.

Scenario 1: L1 Lookup is a hit: The instruction is sent to the OQ and the OQSR is

updated ( 2 ). Simultaneously, an L1D lookup is performed and the status is returned to

OQ ( 3 ). In this case, the L1D lookup was a hit. This would cause the offload chain to be

discarded and regular execution of the instructions to resume. If the load being executed

was a second load in the sequence (assuming the first load was a miss), and this was a hit

in the L1D cache, the OQSR entry is flushed and the first load is sent to the LLC partition

( 4 ). Note that, the first load does not execute again but does incur a 1-cycle latency to

generate the packet and push into the interconnect. This additional cycle amortizes as the

memory requests being fetched from LLCs take 100s of cycles.

Scenario 2: OQSR is full: When the first load in the offload chain is sent to the OQ, and

OQSR is full, the offload chain is discarded and the wavefront resumes normal execution

( 2a ). The second load cannot cause this as the first load would have either reserved an

entry in OQSR or had been discarded.

Scenario 3: ComputePacket is formed: When all the loads are misses in the L1D

cache ( 3b ), if the computed EMN is compute capable, and when the final instruction in

the offload chain is issued and the OQSR is filled ( 2b ), a ComputePacket is formed and
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injected into the network ( 4b ) and the wavefront is stalled until the EMN sends back the

result/ack to continue execution. If the EMN is not compute capable, the OQSR entry is

flushed and the loads are sent individually. For example, in LLC-Compute, only the LLC

nodes are capable of computing the offloaded chains.

3.4.4.2 Mechanism to Execute Offloaded Computation

When a packet is ejected from a router, a header bit is checked to determine if it is a

ComputePacket. If it is, then it is sent to the Service Queue (SQ) (Figure 3.10 5 ).

Figure 3.10 shows three possible scenarios when a ComputePacket is received.
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Figure 3.10: Scenarios when ComputePacket is received.

Scenario 1: EMN is an LLC partition: When a ComputePacket is received, the SQMU

decodes the packet, fills a new entry in the SQSR and updates the respective bits ( 6 ). Two

loads for a and b are sent to the LLC partition ( 7 ). When any of the loads is serviced by

the LLC (once it is available in the cache), an update message from the LLC is received

( 8 ), and the status bit for the particular load is set. When both the loads are available,
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the Ready bit (see Figure 3.8 ( 5 )) is set. Then, the SQ sends load requests to the LLC

( 9 ), and the data is brought into the buffer 10 . If the buffer is full, the SQ stalls until

the buffer has an empty entry. Once the entry is ready in the buffer, the entry is popped

and sent to the temporary registers which transmit the data to the ALU for computation

and receive the results back 11 . Once the result is received, based on the status bits, the

store is forwarded to its corresponding LLC partition and an ack is sent to the core that

offloaded the computation ( 12 ). When the core receives the ack, the wavefront resumes

regular execution and proceeds to remove the entry from its OQ (13 ).

Scenario 2: EMN is a compute capable core: The computation offloading process

at a core is similar to offloading to LLC. The only difference being, the SQ receives the

ComputePacket, requests for the loads from the respective LLCs ( 7a ), fetches ( 8a ) and

stores them in shared memory ( 9a ). The shared memory location is stored in the SQSR

rather than the memory address. Similarly, when both the loads are received, the data is

fetched from the shared memory to the buffer ( 10 ). The rest of the process is similar to

Scenario 1.

Scenario 3: SQSR at EMN is full: When the SQSR is full (either the ones at the

LLC or core), upon a ComputePacket being received by the SQ ( 5 ), the SQMU generates

two loads and send them to LLC for servicing ( 6a ). It tags the memory requests as non-

offloadable, causing the memory requests to go back to the core that offloaded them. These

loads will reach the core ( 7b ), and the OQMU will check if this was an ack or not. Upon

finding a load rather than an ack, the OQSR entry appropriately updates itself to highlight

the status of the loads (a present, b present). Once the computation is done, the entry is

removed from OQSR, a store request is sent, and the wavefront resumes regular execution.
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3.4.5 Limitations of Computation Offloading

In this work, we only consider offload chains whose loads are cache miss to preserve as

much locality as possible. Furthermore, the issues of address mapping and data placement

play a big role in whether an offload chain can be computed at the EMN or not. For

example, due to the LLC placement, there can be offload chains with two load requests

without any overlapping nodes during their NoC traversal, and therefore, no computation

offloading is performed. Additionally, due to the lock step execution of wavefronts

(Section 3.2), applications with high degree of control-flow and irregular access patterns

may lead to control-flow divergence and memory-level divergence, respectively. This can

cause significant amount of different computations to take place for different threads in a

wavefront and multiple memory requests to be generated per wavefront, respectively. This

would result in multiple ComputePackets from a single wavefront to be generated, leading

to higher bookkeeping overheads. In case of only memory divergence, the ComputePacket

is generated such that each instruction can only generate a single memory request

(threads that require other data will be inactive in the warp mask). Currently, for

wavefront divergence, we have warp mask bits in OQ and SQ for each entry, while we

handle memory divergence by passing the mask bits in another flit attached to the

ComputePacket. Divergence can be mitigated by smarter data and compute

placement [160] or by efficiently forming wavefront dynamically [161]. However, we do not

explore such optimizations, but rather provide the hardware design for enabling

computation offloading. Also, as shared memory is used by the core and the SQ, we have

to make sure it is not overprovisioned. Conservatively, we offload only in situations where

the shared memory is large enough to accommodate the needs of both core and SQ.

During compilation, we check the shared memory usage in the kernel and disable

computation offloading if needed.

Need for Hardware Optimizations: The end result of reducing data movement can also

be achieved using compiler analysis to dynamically compute the desired indices (thereby
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changing the required data) for the threads to work as shown in [162]. However, compiler-

based optimizations rely heavily on static analysis and cannot adapt themselves to dynamic

behavior of applications/runtime parameters. For example, finding EMN at compile time

for all the computations requires prior knowledge of address mapping, data placement,

compute placement (thread-block and wavefront scheduling), and other architecture specific

parameters. Most of these parameters are not exposed to the compiler, and also change

dynamically during runtime (e.g., data migration, compute placement, etc.). Not having

all the required a priori knowledge will make the analysis of the compiler incomplete.

Therefore, it will not completely optimize the computation offloading for reducing data

movement. Also, other hardware optimizations such as forming macroinstruction for the

offload chains can be performed. But, using macroinstruction will lead to larger hardware

overheads as multiple memory requests will need to be decoded concurrently. Therefore,

handling a macroinstruction will require multiple fetch/decode/load-store units. If request

generation is serialized, it effectively becomes similar to our scheme.

3.5 Experimental Methodology

Simulated System: We simulate the baseline architecture as mentioned in Table 3.2

using GPGPU-Sim v3.2.2 [103]. We extensively modified GPGPU-Sim to implement our

proposed schemes. OQ and SQ were added to the GPU datapath and integrated into the

core model. We add an ALU and a Service Queue to the LLC datapath. We model the

GPU cores, cache and DRAM power using GPUWattch [88]. Based on the injection rate

obtained from the simulations, we configure DSENT [163] to find the average power of the

interconnect. We run the applications until completion or 1 billion instructions, whichever

comes first. The applications and their inputs are large enough to fill the workgroup slots.

Benchmarks: We simulate multiple microbenchmarks that are commonly present in many

applications such as scientific computing, machine learning, linear algebra, big data, etc.
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Table 3.2: Configuration parameters of the GPU.

GPU Features 1.4GHz, 56 cores, 32 SIMT width, GTO wavefront scheduler

Resources/Core 48KB shared memory, 64KB register file, Max.
1536 threads (48 wavefronts, 32 threads/wavefront)

Private Caches/Core 16KB L1 D-cache, 12KB T-cache,
8KB C-cache, 4KB I-cache, 128B block size

L2 Cache 0.5MB/Memory Partition, 16-way 128 KB Line size

Memory Model 8 MCs, FR-FCFS, 8 banks/MC, 1000 MHz
Partition chunk size 128 bytes, 500 GB/s peak BW

GDDR5 Timing tCL = 11, tRP = 11, tRC = 39, tRAS = 28, tCCD = 2
tRCD = 11, tRRD = 5, tCDLR = 5, tWR = 12

Interconnect 8×8 2D Mesh, 1400MHz, YX Routing, 1 core/node, 8VCs,
flit size=32B, Buffers/VC=8, islip VC & switch allocators

Table 3.3: List of evaluated benchmarks. The patterns listed here correspond to the patterns
in Table 3.1.

Micro-benchmark Pattern

COMPARE 5

COPY-ALIGNED 3

COPY-STRIDED 3

DENSITY 6

VECADD-ALIGNED 1

VECADD-STRIDED 1

NORM 7

Workload Pattern Suite Dyn.Inst. Mem.Req.
BFS 2,6,7 CUDA 18% 47%

FDTD 1,2 PolyBench 7% 67%
KMN 2,4 Rodinia 23% 67%
MVT 1,2 PolyBench 25% 69%
RED 1,2 SHOC 16% 75%
SCP 2 CUDA 12% 67%

SRAD 1,2,3,7 Rodinia 3% 75%
STREAM 2,8 Rodinia 33% 67%
TRIAD 9 SHOC 18% 60%

We also analyze 9 GPGPU workloads from SHOC [87], PolyBench [93], CUDA SDK [92]

and Rodinia [94] benchmark suites. Table 3.3 lists the evaluated microbenchmarks and

workloads. The microbenchmarks include: COMPARE, which performs point-wise comparison

of two strings to count the number of different elements; COPY-X2, which copies one array

into another array; DENSITY, which counts the number of 0’s in an array; VECADD-X, which

sums two 1-D arrays and stores the result in a third array; and NORM, which normalizes a 1-D

array with a given value. To highlight the significance of the instructions that we optimize

for, we show the fraction of dynamic instructions and total memory requests (Table 3.3)

that can be offloaded. On an average, 17% of dynamic instructions and 66% of memory

2X is either ALIGNED or STRIDED, indicating whether the memory addresses belong to same or different
LLC nodes, respectively.
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requests are tagged as offloadable.

The proposed techniques in this work require global memory accesses and are

ineffective towards applications that are optimized using GPU features such as shared

memory, constant caches, etc. This does not necessarily mean that the scope of the

proposed techniques is reduced. Rather, by rewriting applications to make use of

computation offloading, it is possible to achieve better energy efficiency/performance.

Hence, as a proof of concept, we modified the RED application that relies on shared

memory to compute partial sums to make use of global memory. We further develop a

hybrid version of the workload that combines the global memory and shared memory

approaches to find a sweet spot in energy efficiency/performance (Section 3.6.2). Similarly,

applications using fused-multiply-add (fma), which require 3 different loads, were broken

down into multiply and add instructions, and only the multiply instruction with 2 loads is

offloaded and the result is sent back to the core for accumulation with the reused third

load. However, our baseline execution results use all the applications’ unmodified version.

Hardware Overheads: We implement a 48-entry OQSR in OQ and a 96-entry SQSR in

SQ, which was empirically decided as discussed in Section 3.6.2. The OQ also consists of

OQMU logic and 30 bytes of storage that is needed for ComputePacket generation, but the

largest component is the OQSR. OQSR needs roughly 330 bytes of storage. Considering

all the register/buffer overheads in SQ, it requires approximately 2.4kB of storage. Current

generation GPUs have L1 caches as large as 128kB in their cores [25], indicating that the

area overheads are negligible. We use CACTI [164] to model the additional structures and

integrate their leakage and dynamic power requirements in our experimental results. For

the additional ALUs in the LLCs, we assume it to be similar to the power and area of an

SP unit in a core, which is modeled using GPUWattch [88]. To find the EMN at runtime,

a lookup table of 64 entries (8×8 combinations) is stored at each core that uses MC ids to

find the EMN. All the EMNs for each combination of core and MCs are computed statically

(using Algorithm 2) as the routing paths are static. The additional ALUs, EMN lookup
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tables, and all the OQs and SQs require less than 1% area of a high-performance GPU.

3.6 Experimental Results

To evaluate the benefits of the proposed schemes, we measure the GPU performance

(instructions-per-cycle (IPC)), energy efficiency (performance/watt), normalized average

memory latency and reduction in on-chip data movement (weighted hop count). The

weighted hop count is the sum of all link traversals by flits, which indicates the total

amount of on-chip data movement. The average memory latency is the round-trip latency

of all the memory requests (L1 misses) in an application. It is made up of the service delay

and NoC delay. Service delay is the time the LLC/DRAM takes to access the memory and

service the request. The NoC delay consists of the traversal delay, the queuing time at the

injection/ejection buffers of the cores/LLCs. All results are normalized to the execution of

unmodified workloads on the baseline GPU without computation offloading.

3.6.1 Effects of Proposed Mechanisms

Effects of LLC-Compute: Figure 3.11 shows the performance, performance/watt and

the weighted hop count benefits of our LLC-Compute mechanism for seven

microbenchmarks and nine workloads. LLC-Compute increases the performance and

performance/watt for the workloads by 19% and 11%, respectively. It also reduces the

weighted hop counts for the workloads by 29%. For the microbenchmarks, it achieves

performance and performance/watt improvement of 30% and 23%, respectively.

Figure 3.12 shows the percentage of offloadable chains that were offloaded by the proposed

mechanisms. As mentioned in Section 3.4.5, not all offload chains can be offloaded due to

their data placement, cache behavior and/or due to the lack of free slots in OQ/SQ. For

applications such as COPY-ALIGNED, DENSITY, VECADD-ALIGNED, NORM, RED and SCP,

LLC-Compute is able to improve performance immensely. This is due to the high amounts
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Figure 3.11: Impact of proposed mechanisms.

of offloading as seen in Figure 3.12. Applications such as COMPARE, STREAM, KMN and SRAD

achieve modest gains due to the relatively less amount of offloading. The performance

gains achieved by offloading can be correlated with the reduction in average memory

latency of the packets as shown in Figure 3.13. Note that, Figure 3.13 is the detailed

version of Figure 3.2(b). On an average, for the workloads and microbenchmarks, the
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average memory latency reduces by 16% and 29%, respectively.

For applications like COPY-STRIDED, BFS, FDTD, MVT, TRIAD and VECADD-STRIDED, we

see that LLC-Compute is not able to improve performance. Rather, in the case of FDTD,

the performance is slightly reduced and the weighted hop counts slightly increased. FDTD

and MVT do not show improvements because of good L1 locality, which leads to less

offloaded chains as seen in Figure 3.12. The small amount of offloaded chains also causes

slight increase in L1 misses, thereby counteracting any benefits in case of MVT, but slightly

reducing performance and increasing the data movement for FDTD. For COPY-STRIDED,

VECADD-STRIDED and TRIAD, the reason behind the lack of benefits is due to the lack of

offload chains that can be computed at the LLCs. In BFS, there are many offload chains,

but due to wavefront and memory divergence, the number of in-flight offload chains (each

wavefront generates multiple offload chains) is much larger than what OQ and SQ can

service.
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Effects of Omni-Compute: Figure 3.11 also shows the simulation results for our
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Omni-Compute mechanism. With Omni-Compute, performance and performance/watt for

the workloads increase on an average by 31% and 16%, respectively. For the

microbenchmarks, it improves the performance and performance/watt by 51% and 33%,

respectively. It also reduces the weighted hop counts by 44% for the workloads and by

61% for the microbenchmarks. Figure 3.12 shows the percentage of offloadable chains that

were offloaded by the proposed mechanism. As shown in Figure 3.13, on average, the

average memory latency for the workloads and microbenchmarks reduces by 27% and

37%, respectively.
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Figure 3.14: Percentage of execution time when either the core or the SQ contend for ALU.

As Omni-Compute builds on top of LLC-Compute, it allows for computation

offloading at other GPU cores as well. We see that applications such as COMPARE,

COPY-STRIDED, VECADD-STRIDED, KMN, SRAD, STREAM and TRIAD improve greatly when

compared to LLC-Compute. This is because of the additional opportunities for

computation offloading to other cores that is available to Omni-Compute. Applications

such as FDTD and MVT suffer even more than LLC-Compute due to a reduction in L1

locality due to the increase in computation offloading. Note that the cache behavior is

dynamic and by offloading computations, we do not get the load requests back to the core,

thereby, changing the access pattern. Applications such as COPY-ALIGNED, DENSITY,

VECADD-ALIGNED, NORM, BFS, SCP and RED do not improve much when compared to

LLC-Compute because of their respective data placement. Most of the offload chains are

already offloaded to LLCs, making LLC-Compute good enough. Figure 3.14 shows the

percentage of execution time when either the core or the SQ is in contention for the ALU.
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In applications such as VECADD-STRIDED, FDTD, KMN and SRAD, the contention for the ALU

is relatively high compared to other applications. This is due to the fact that not all

offload chains are offloaded and are left for the core to execute. Also, in SRAD and KMN,

there are many compute instructions apart from offload chains. This causes the SQ to

contend for ALU while the core is using it.

3.6.2 Sensitivity Studies

Interconnect Topology: We evaluated Omni-Compute with multiple interconnect

topologies: butterfly (4-ary, 3-fly), crossbar (56×8), and mesh (8×8). We also evaluated

them with double their bandwidth. Figure 3.15 shows the impact of using
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Figure 3.15: Impact of interconnect topology on performance and area.

Omni-Compute towards average performance across all the workloads for each of the

topologies. On an average, the performance of crossbar and mesh remain similar while the

performance improves by only 3% on butterfly topology. This is due to the large queuing

delay at the injection ports at the MCs as observed in Figure 3.2(b). Even with decreased

hop count of butterfly and crossbar, they do not affect the overall latency of the requests

by much. With Omni-Compute, the performance of crossbar and butterfly improves by

20% and 36%, respectively. The benefits in crossbar are not as much as butterfly and

mesh. This is because, in crossbar, computations can only be offloaded to LLC nodes,

while in butterfly, all the routers and LLC nodes are capable of computing. Furthermore,

butterfly is able to achieve a higher performance compared to mesh as it is able to offload
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chains that were not offloadable in baseline (mesh) due to its dimensional routing policy.

Note that these improvements are due to the reduction in NoC delay similar to mesh in

Figure 3.13. Furthermore, we also doubled the bandwidth of mesh, crossbar and butterfly

and found that the performance improves by 27%, 23% and 24%, respectively. With

Omni-Compute, it further improves to 39%, 42% and 46%, respectively. This highlights

the fact that the on-chip bandwidth is a bottleneck in GPUs and doubling the bandwidth

is still not sufficient to eliminate all the congestion delays as we still achieve (albeit

relatively lower) performance improvements with Omni-Compute. Figure 3.15 also shows

the normalized area of using these topologies.
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Figure 3.16: Impact of LLC placement. (a) LLC placement, (b) Performance of new LLC
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LLC Partition Placement: To analyze the impact of LLC partition placement on

Omni-Compute, we study a different LLC placement [29] as shown in Figure 3.16(a).

Figure 3.16(b) shows the performance of Omni-Compute with the new LLC placement.

This LLC placement is easier for physical layout implementation, but due to dimensional

routing, it suffers from higher link utilization on the edge links as seen from the

performance degradation when compared to our baseline GPU (Section 3.2). On an

average, the new placement scheme leads to a performance degradation of 28% compared

to the baseline GPU. With Omni-Compute, the overall performance improves by 56%

compared to the no-offload execution. Note that, the performance gains achieved by

Omni-Compute for this placement are relatively higher than the one achieved for the
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baseline GPU. This is due to the fact that more computation offloading can be done in

this placement due to the proximity of the LLCs (two LLCs are close to each other)

allowing more offload chains to find a suitable EMN.

Shared Memory Optimizations: Applications such as RED heavily make use of shared

memory in GPUs. This limits the scope of our computation offloading. To this end, we

modified the source code of RED to make use of global memory rather than shared memory.

We also made multiple different variations that use a hybrid approach consisting of global
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Figure 3.17: Impact of shared memory optimization.

and shared memory. Initial stages of reduction are done using global memory, while the

later stages are done using shared memory. Figure 3.17 shows the performance and weighted

hop count for five different versions of RED using LLC-Compute. The first is the unmodified

version that uses only shared memory, while the RED-Global performs using global memory.

Similarly, three different hybrid approaches (RED-HybridN) were prepared where the first N

level of reduction happen in global memory and then the following levels use shared memory.

RED-Hybrid2 achieves the best performance, and we use this variant for our experimental

analysis in Section 3.6.1.

OQ and SQ Size: To determine the size of OQ and SQ, we performed a sweep of multiple

(OQ entries, SQ entries) sizes from (12, 24) to (128, 256) to find a feasible design point. We

keep SQ size larger than OQ as each SQ will handle requests from multiple cores whereas

each OQ is only used by its core. The performance gains of Omni-Compute plateau

at 34% for (64,128) and onwards. This is because most of the offloaded chains can be
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accommodated and are not discarded due to OQ/SQ being full. We choose the design point

of (48,96) due to the resident hardware wavefront limit of 48 for a core. Specifically, without

wavefront/memory divergence, there can be a maximum of 48 offload chains from a given

core. The SQ size of 96 was chosen empirically.

Dedicated ALU Units: As mentioned in Section 3.4.3, in Omni-Compute, the ALU

is shared between the core and the SQ. We also studied the effects of adding dedicated

ALUs of varying SIMD-width towards the average performance improvements (only for

the 9 workloads) achieved by Omni-Compute. We observe that, for a 4-wide, 8-wide, and

16-wide ALU, average performance degrades by 12%, 5% and 2%, respectively, over the

shared ALU scenario (the LLCs have dedicated 32-wide ALUs). With a 32-wide ALU, the

performance improves only by 3% compared to shared ALU.

3.7 Related Work

GPU Optimizations and Computation Offloading: There have been many studies

in the past on optimizing the GPU architecture [54, 104, 105, 160, 161, 165–170] and on

computation offloading and scheduling [76, 149, 171–175]. Meng et al. [169] developed a

dynamic warp/wavefront subdivision scheme where the wavefronts are split into smaller

units and scheduled at a finer granularity to reduce stalls. Zhang et al. [160] proposed

multiple heuristics for removing the warp and memory divergence using data reordering and

job swapping. These proposals reduce the divergence in an application and can potentially

increase opportunities for offloading, therefore, complementing our proposed NDC schemes.

Moreover, many prior works [153,155,156,176] have identified on-chip bandwidth in GPUs

to be a bottleneck as well.

Near Data Computing (NDC) Architectures: The idea of moving computation closer

to data is not new, since it has been studied in different contexts including the memory

system, known as PIM [60, 66, 68, 113, 177]. While the PIM concept can be traced back
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to early 1970s [65], due to technological limitations, it could not be fully realized. Recent

advances in 3D stacking technology have rejuvenated the interest in PIM [30, 40, 63, 71,

122, 125, 171, 175, 178, 179]. Hsieh et al. [76] proposed programmer transparent schemes

for offloading code segments to PIM cores and co-locating code and data together in a

multi-PIM scenario. Tang et al. [162] proposed a software approach, which partitions loop

statements into sub-statements to reduce data movement in a CMP. Our work is different

in two aspects. First, we target a GPU architecture, whose memory access pattern is more

complicated due to massive number of parallel threads. Second, their approach requires

synchronizations to ensure correctness. Such synchronization is unsafe and very costly in

GPUs. Hashemi et al. [123] developed a dynamic scheme that migrates computation to

memory controllers to reduce the cache miss latency in CMP. While their approach focuses

on dependent cache misses to the same memory controller, our approach is more generic and

we offload computations to potentially any location including LLCs and other cores. Any

off-chip NDC techniques are complementary to our proposal. Compared to prior efforts, we

are the first to explore the notion of earliest-meet node in GPUs.

NoC Optimization: Prior works such as [180–182] have proposed active networking,

wherein routers have sufficient intelligence to perform simple operations on packets as they

flow through them. Network packet inference at the routers has been exploited by prior

works such as [183–185] for better congestion management. Kim et al. [154] developed a

packet coalescing mechanism for GPUs, that reduces the congestion at the MCs, improves

performance and reduces data movement. Kim et al. [176] provide VC monopolizing and

partitioning support for better bandwidth efficiency in GPUs. Bakhoda et al. [153] proposed

a “checkerboard” mesh for throughput architectures. We use a variation of their proposed

LLC placement for our baseline GPU. While such optimizations can help reduce network

latency, the network eventually becomes a bottleneck with large problems and datasets.

Our proposal can work hand in hand with these techniques for added benefit.
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3.8 Chapter Summary

In this work, we present two complementary computation offloading techniques for

minimizing on-chip data movement in GPU architectures, and hence, improve

performance and energy efficiency. The first technique enables computational offloading to

the LLCs, while the second technique complements the first technique by adding

offloading capability to any node in the 2D mesh interconnect. We identify several small

and basic instruction chains in GPU applications that can be offloaded to any one of the

locations. The required compiler support, hardware modification to the cores and LLC are

presented to facilitate the NDC mechanisms. Simulation results show that our proposed

mechanisms are quite effective for reducing on-chip data movement to improve

performance and energy efficiency in modern GPUs.



Chapter 4
Design and Analysis of Control-Flow

and Memory Divergence-aware

Scheduling in Throughput Processors

In the previous two chapters, we proposed techniques to improve performance and energy

efficiency via intelligent computation offloading between GPU and PIM units and

computation offloading between different GPU cores and last-level caches, respectively.

However, in spite of the many architectural innovations (including the optimizations we

propose in this dissertation) in designing state-of-the-art GPUs, their deliverable

performance falls far short of the achievable performance due to several issues. One of the

major issues that affect GPU performance is due to divergence in control flow and

memory requests. Control flow divergences arise due to conditional statements in

programs and memory divergences arise due to irregular memory access patterns and both

these divergences hurt the warp-level parallelism. These two divergences are specifically

not conducive to irregular applications. In this context, this chapter presents a unified

software–assisted hardware mechanism, called Shadow Engines (SE), to mitigate the
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effects of control-flow and memory divergence.

4.1 Introduction

GPU architectures are highly parallel and have the hardware capability to easily scale and

execute thousands of parallel threads at any given instance. Instead of managing each

thread separately at both the programming language level as well as the hardware level,

the GPU model restricts the execution granularity to a group of threads that execute in

lock-step fashion, often referred to as a warp or a wavefront. In lock-step, it follows a

single-instruction, multiple-data (SIMD) paradigm, and therefore, it only needs one fetch

and decode unit per warp, while the number of execution units (SIMD lanes) are usually

kept equal to the number of threads in a warp [27, 186]. This greatly improves the

energy-efficiency of GPUs and simplifies the programmability effort. These design

decisions work well for general purpose applications that are data parallel with regular

memory access patterns and little to no control-flow in their instruction stream (e.g,

graphics processing, streaming computations, etc. [187, 188]). Towards addressing the

inefficiencies when processing control-heavy, irregular memory access ridden applications,

improvements such as better caching strategies, prefetchers, unified virtual memory

between CPU and GPUs are being constantly added [189–191]. This has made modern

GPU architectures more friendly to various general purpose applications [192–194].

However, as more applications get ported to GPUs, their inherent bottlenecks become

more pronounced. Specifically, even after all the improvements with caches and

prefetchers, many classes of applications with irregular behavior (both control and

memory), heavily under-utilize GPU resources leading to sub-optimal

performance [91, 195]. Irregular behavior in an application stems from two different types

of divergences, viz. control-flow divergence and memory divergence. Both divergences arise

due to the GPU executing warps in a lock step fashion. Consider a scenario when a warp
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executes a conditional instruction, where the result may be different for different threads

in the warp, making some threads jump into the taken block, while others may go to the

not taken block. This is called control-flow divergence [165] or branch/SIMD divergence,

and leads to severe under-utilization of the SIMD lanes, thereby reducing performance.

Consider another example where a warp executes a memory request operation. Here, all

the threads in the warp generate their respective memory addresses and go through a

coalescing stage. This coalescing stage minimizes the number of memory requests by

combining memory requests that are mapped to the same cache line. Ideally, when all the

threads access contiguously stored data in memory, the individual memory addresses can

be coalesced into one cache line. However, in applications with irregular memory access

patterns, each thread in a warp can potentially generate memory addresses that are

mapped onto different cache lines, requiring multiple memory requests into the memory

hierarchy. It could so happen that the different requests are serviced at different times,

and there may be threads that already have received their data, yet cannot make forward

progress until all the threads in the warp have received all their respective data. This is

called memory divergence [196], and it also leads to reduced number of ready warps that

the GPU can context switch into to hide any long latency operations.

To illustrate the impact of control-flow divergence and memory divergence, Figure 4.1

shows the potential speedup that is achievable for 32 applications when they do not incur

any divergence during execution (mimicking a multiple-instruction-multiple-data (MIMD)

paradigm). We observe that the performance improves by up to 200%, and on an average,

by 46% when all the divergences are removed from the application execution. Traditionally,

as the warps are executed in lockstep, control-flow divergence is handled by executing both

the taken and not taken blocks for all the threads in the warp, but only the threads that

are executing their desired block are active while the other threads are marked disabled,

hence wasting the SIMD unit resources. On the other hand, memory divergence is handled

by stalling the divergent warp until all the memory requests generated by the memory

operation are serviced.



89

0

0.5

1

1.5

2

2.5

bc
-p

an
no

tia
nn

-r
od

in
ia

pa
ge

ra
nk

-p
an

no
tia

bf
s-

ro
di

ni
a

pa
ge

ra
nk

_s
pm

v-
pa

nn
ot

ia
co

lo
r_

m
ax

-p
an

no
tia

m
is

-p
an

no
tia

co
lo

r_
m

ax
m

in
-p

an
no

tia
m

st
-lo

ne
st

ar
co

va
ria

nc
e-

po
ly

be
nc

h
co

rr
el

at
io

n-
po

ly
be

nc
h

ge
su

m
m

v-
po

ly
be

nc
h

at
ax

-p
ol

yb
en

ch
bi

cg
-p

ol
yb

en
ch

m
vt

-p
ol

yb
en

ch
2d

co
nv

-p
ol

yb
en

ch
3m

m
-p

ol
yb

en
ch

2m
m

-p
ol

yb
en

ch
ge

m
m

-p
ol

yb
en

ch
st

re
am

cl
us

te
r-

ro
di

ni
a

b+
tr

ee
-r

od
in

ia
lb

m
-p

ar
bo

il
fd

td
2d

-p
ol

yb
en

ch
dm

r-
lo

ne
st

ar
qt

c-
sh

oc
m

um
-is

pa
ss

la
va

m
d-

ro
di

ni
a

sp
m

v-
sh

oc
lp

s-
is

pa
ss

sr
ad

_v
1-

ro
di

ni
a

ra
y-

is
pa

ss
w

p-
is

pa
ss

G
EO

M
EA

N

N
or

m
al

iz
ed

 P
er

fo
rm

an
ce No Control-flow Divergence

No Memory Divergence
MIMD-like

2.8 3.0III II I

Figure 4.1: Ideal performance achieved without control-flow divergence and memory
divergence. The results are normalized to the baseline execution that suffers from
divergence.

Considerable efforts in the past have focused on addressing these divergences [160, 161,

165, 169, 197, 198]. For example, Fung et al. [161] proposed a thread block compaction

mechanism that is able to dynamically generate warps at divergent branches. Meng et

al. [169] developed a dynamic warp subdivision mechanism that essentially divides a warp

into sub-divided warps and schedules these sub-divided warps accordingly. Zhang et al.

[165] proposed a pure software approach called G-Streamline which uses compiler analysis

to reshape the computations to remove control-flow divergence and, at the same time,

perform data layout optimizations to reduce the overheads of generating divergent memory

operations. Most efforts have addressed the issue of control-flow divergence but do not

address the memory divergence challenges. In some cases these solutions may worsen the

memory divergence [160, 161, 165]. Moreover prior works that address both control-flow

divergence and memory divergence tackle them at compile-time via intelligent code analysis

and data layout optimizations [160,197]. However, they fall short for applications that have

data dependent irregularity and the memory access patterns are not known a priori, where

invariably the divergence problems are more acute.
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It is non-trivial to resolve the control-flow and memory divergence problems in GPUs.

This is due to two main reasons. First, simply reducing the SIMD width goes contrary to

the motivational reasons for GPUs, where we want very high degrees of parallelism.

State-of-the-art GPUs have generally become wider to improve energy-efficiency

gains [25, 199, 200] rather than narrower. Second, even though control-flow divergence has

been tackled successfully in the past, the dynamically formed warps can lead to increased

memory divergence. Similarly, if the warps are generated to optimize for memory

divergence, the control flow divergence can worsen. Hence, control-flow and memory

divergence need to be tackled in conjunction to improve the deliverable performance of

GPUs, specifically with the growing class of irregular applications.

This work proposes a comprehensive technique to minimize the impact of both these

divergences. We first conduct an in-depth characterization of 32 applications to

understand the individual and combined impact of control flow and memory divergence.

We then develop a software-assisted hardware approach called Shadow Engine (SE) to

mitigate the severity of both kinds of divergences in GPU applications by holistically

orchestrating the generation and execution of warps. The high level idea behind SE is to

identify the points of divergence as early as possible during the execution. Prior hardware

mechanisms resolved the divergence challenges reactively, while SE is able to proactively

determine the divergence, and hence, takes steps to maximize the benefits when

divergence actually takes place. To this end, the proposed SE technique utilizes a compiler

pass to identify the conditional and memory instructions and hoists their respective

backward slices as much as possible while preserving correctness. After the hoisted

dependence chain, it inserts one shadow instruction corresponding to the

conditional/memory instruction (but well before the real conditional/memory

instruction). Note that these shadow instructions are similar to speculative instructions in

the sense that they do not change the microarchitectural state of the GPU pipeline,

except to be specifically used to populate the SE hardware. Furthermore, by hoisting the

dependence chain up, we resolve all the data dependences early, and therefore, the shadow
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execution always provides outputs that match the actual output of the corresponding

instruction execution. Based on the shadow instructions’ information, the SE performs

intelligent warp scheduling to maximize the benefits when divergence occurs. For example,

let us consider a conditional instruction whose shadow instruction is already executed and

SE hardware is already populated. Using the populated information, a SE can decide

whether to create new warps or not in order to improve the SIMD utilization. Note that

the SE would have proactively started prioritizing warps with similar behavior to make

forward progress when it encountered the shadow instruction, and therefore, have enough

threads available at the point of divergence to regroup. Similarly, when a divergent

memory instruction is executed, the SE is notified, which takes over warp scheduling to

improve utilization of divergent memory instructions as well. The goal in this work is to

develop a mechanism to fully and automatically mitigate the effects of control-flow and

memory divergences by generating new warps to reduce control-flow divergence and by

performing intelligent warp scheduling to maximize the consumption of divergent memory

operations. The main contributions of this chapter are the following:

• It provides an in-depth characterization of the control-flow divergence and memory

divergence in GPU applications. Our characterization shows that for a hypothetical

system (MIMD-like), on an average, we can boost performance by 46% with complete

elimination of both divergence types.

• We propose a software-assisted hardware mechanism, Shadow Engine (SE), that

identifies divergence points as early as possible during execution to take corrective

actions.

• By utilizing the early notifications about the divergence information, we propose two

complementary techniques to improve the core utilization and hence performance.

For tackling control-flow divergence, we employ a thread regrouping mechanism to

minimize stalls and for memory divergence, we employ a locality-aware warp

scheduling.
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Figure 4.2: Baseline GPU execution pipeline.

• Detailed evaluations of our proposed Shadow Engine mechanism using 32 GPU

workloads demonstrate that the combine approach is more effective than individual

solutions to either control-flow or memory divergence as has been done in prior

work. Moreover, the combined solution provides better performance than simple

additive improvements due to each divergence. It provides, on an average, 25.9%

improvement in performance (IPC) compared to the baseline architecture, while

improving the average core utilization by 14% and lowering coalescing stalls by 24%.

4.2 Background

This section provides an overview of the GPU architecture and the divergence problem.

4.2.1 GPU Architecture

Figure 4.2 shows a simplified view of our baseline GPU architecture. Each core consists

of a fetch/decode unit, a scoreboard to check for dependencies, a per-warp SIMT stack 1

to keep track of control-flow divergence in each individual hardware warp, a register access

unit with operand collector and the execution units (ALU and LDST). The LDST unit 2

comprises of the address generation unit (AGU), a coalescer for reducing the number of

memory requests generated by a warp, a miss-status holding register (MSHR), a private L1

data cache, a texture cache and a constant cache, along with a software- managed scratchpad
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memory (called shared memory). The cores are connected to the memory channels via an

interconnect. Each memory channel is directly connected to the L2 cache (LLC) partition

that is shared by all the cores, and a memory controller (MC).

To execute a warp, the fetch unit fetches the instruction, decodes it, and stores it in

the instruction buffer. This buffer is hard partitioned for each hardware warp. This helps

keep the pipeline full so that on a context switch, decoded instructions for the particular

warp are already buffered and ready for execution. The decoded instruction is then sent to

the scoreboard to check for dependencies. If no dependencies are found, the instruction is

then sent to the SIMT stack to account for any control-flow divergence. Once the warp is

issued for execution, depending on the instruction type, it is either sent to the ALU or the

LDST unit. For memory instructions, the LDST generates the memory addresses for each

of the threads in the warp, and then the coalescer reduces the number of memory requests

which are then sent to the memory hierarchy for service. If there is more than one memory

request that is generated per warp, then the warp is stalled until all of the requests have

been serviced.

4.2.2 Divergence in GPUs

To illustrate the effects of divergence, let us look at Figure 4.3a. Let us assume that there

are 4 threads in a warp (T0—T3), and all the threads are executing the conditional code

snippet (if(tid%2==0)). Once the conditional instruction is executed by all the threads,

the predicate mask is populated as shown in the figure. The If block is executed for T0 and

T2, while T1 and T3 execute NOPs. Similarly, the Else block is executed by T1 and T3,

while T0 and T2 execute NOPs. Then, at the reconvergence point1, all the threads become

active. Note that, during the divergent execution, only 50% of the SIMD lanes were active

leading to under-utilization. Similarly, for memory divergence let us look at Figure 4.3b.

1In our baseline architecture, the reconvergence point is decided based on the immediate post-
dominator [201].
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Figure 4.3: Illustration of the two types of divergences in a GPU.

Let us consider the execution of the statement c[tid] = a[tid]+ b[a[tid]] by the same

4 threads. Here, the instruction is broken down into load/store and ALU instructions. For

the 4 threads, the load for a[tid] generates 4 memory accesses to the addresses a[0], a[1],

a[2], and a[3]. The coalescer combines the addresses and requests only one cacheline, a[0]

which contains the other needed data as well2. On the other hand, the load for b[a[tid]]

generates the memory addresses b[0], b[51], b[52] and b[101] based on the values of array

a[]. The coalescer combines the requests but generates 3 cache line requests corresponding

to b[0], b[32] and b[96]. Now, assuming only b[0] hits in the L1-cache, thread T0 can

potentially make forward progress. However, due to SIMD execution, the warp is still

stalled until all the requests (b[32] and b[96]) have been serviced. This leads to memory

divergence stalls, which can potentially be exposed at runtime and degrade performance.

2One cacheline is 128 bytes long and we assume 4 bytes per data element.
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Note that both these divergences are program dependent and thus, cannot be solved solely

by architectural optimization. Moreover, the effects of divergences become prominent in

irregular applications.

4.3 Motivation

Let us revisit Figure 4.1 to understand the divergences issues in detail to support our

design decisions. The figure shows the ideal performance for 32 GPU applications in the

absence of any kind of control-flow and memory divergence, essentially executing the

application in a MIMD paradigm. We observe that, on an average, performance improves

by 46%. Therefore, the SIMD nature of the GPU architecture poses an important

bottleneck to address. Furthermore, based on the ideal performance improvements

(from Figure 4.1), we classify the evaluated 32 applications into three categories based on

the type of divergence they are sensitive to: (Category-I) control-flow divergence;

(Category-II) memory divergence; and (Category-III) control-flow and memory divergence.

In the following three sub-sections, we discuss the two divergences and viable approaches

to solve the problems.

4.3.1 Analysis of Control-flow Divergence

To analyze the impact of control-flow divergence, we evaluated 32 GPU applications

(evaluation details are discussed in Section 4.5) and measured their core (SIMD lane)

utilization and details of control-flow divergence across warps. Figure 4.4 plots the

average SIMD unit utilization3 and it can be seen that the performance improvements

(from Figure 4.1) can be co-related with their SIMD unit utilization. We also observe that

the SIMD utilization and distribution confirm our classification of the applications.

3The SIMD units are 32-wide in our baseline architecture. Note that, we do not consider stalls for
computing the average SIMD utilization as it will bias the average to the lower-end due to SIMD utilization
being 0 when stalled.
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In Figure 4.4, a utilization of 32 indicates that all the SIMD lanes are occupied during the

entire execution of the application (limited scope for improvement if control-flow is

resolved) and a utilization close to 0 indicates that barely any of the SIMD lanes are

occupied during execution. We make three observations here. First, there exists

applications such as bc, bfs, lavamd, etc. whose average SIMD utilization is lower than

16. Second, applications such as bicg, scan, b+tree, etc. have SIMD utilization very

close to the optimal (>30). Finally, there exists applications such as mis, color max, lps,

etc. whose SIMD utilization lie between 16-30. Overall, Category-I and Category-III

applications have lower SIMD utilization, while Category-II has high SIMD utilization,

and therefore, the performance improvements that can be achieved by eliminating

control-flow divergence is lower for Category-III when compared to the other categories

( Figure 4.1).
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Figure 4.4: Average core (SIMD lanes) utilization.

Figure 4.5 shows the distribution of SIMD unit utilization across 4 bins. We observe

that most of the applications have either less than 8 active threads (yellow bars) or more

than 24 active threads (pattern bars), while very few applications have warps with active

threads between 8-24. This highlights that the control-flow divergence is skewed and is not

uniformly distributed. This information is critical to make efficient design choices for our

proposed mechanism as discussed in Section 4.4.
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Figure 4.5: Distribution of SIMD lanes utilization.
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Figure 4.6: Coalescing stalls due to memory divergence.

4.3.2 Analysis of Memory Divergence

To analyze the impact of memory divergence on performance, we eliminate the stalls that

were introduced due to it. Figure 4.1 (“No Memory Divergence”) shows this performance

improvement. Note that, control-flow divergence can still persist in this scenario. On an

average, the performance improves by 21.5%. This increase in performance is due to the

forward progress that is made by threads in a warp that have received their data, which

otherwise would have been stalled. Figure 4.6 shows the coalescing stalls that are incurred

by an application as a fraction of the total execution time. Coalescing stalls are defined as

the number of cycles a warp is stalled while it is waiting for some of its data to be received.

We make three observations from this plot. First, applications such as gaussian, lps, etc.
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Figure 4.7: Distribution of memory requests generated per memory instruction.

have coalescing stalls less than 10% of the execution time. Second, applications such as

bc, mis, etc. have coalescing stalls less than 35% of the execution time. Finally, there are

applications such as bicg, covariance, etc. that have more than 40% of their execution

time being spent as coalescing stalls. Note that coalescing stalls need not be completely

exposed at runtime. It can be hidden due to the SIMT nature of the GPU architecture. Still,

higher the coalescing stalls, less likely of it being hidden as the number of ready warps to

context switch with also reduce greatly. Overall, Category-III and Category-II applications

have medium to high coalescing stalls, while Category-I has low coalescing stalls. Therefore,

the likelihood of improving the performance by eliminating memory divergence is lower for

Category-I applications when compared to the other categories ( Figure 4.1).

We also analyze the number of memory requests that are generated by all the memory

instructions of an application and categorize them into four different bins depending on

their intensity of number of memory requests generated (shown in Figure 4.7). We observe

that most of the applications generate less than 12 memory requests per memory operation,

while a small subset of applications such as mst, bicg, etc. generate more than 20 requests

per memory instruction.
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Figure 4.8: Percentage of data accessed by more than one warp.

4.3.3 How to Reduce Divergence?

In order to mitigate the effects of control-flow divergence, the SIMD unit utilization needs

to be increased – preferably, it needs to be equal to the SIMD unit width. To this end,

threads need to be remapped to form groups that follow the same path during the divergent

parts of the code. Tackling memory divergence is non-trivial as there are many potential

ways of resolving it. One potential approach is to perform data layout transformation

to achieve an appropriate thread-data mapping. However, this has high data movement

and bookkeeping overheads. Rather, one can potentially schedule warps intelligently to

maximize the data consumption of the divergent memory operations. Figure 4.8 shows the

percentage of sharing that occurs across warps over their total data accesses. We observe

that, on an average, 41% of the total data is accessed by more than one warp, and therefore,

intelligent warp scheduling can help achieve performance improvement. Let us consider the

two scenarios shown in Figure 4.9. Scenario I: when 4 warps generate 2 load requests each

for a total of 8 load requests but effectively only accessing 4 cachelines. However, the long

reuse distance due to the warp scheduling policy, by the time the cachelines are reused by

W15 and W16, the data has been evicted out and it results in a cache miss. Scenario II: In

this case, after scheduling W0, W15 is scheduled, which translates to a hit (either a cache

hit or an MSHR hit). Similar will be the case when W16 is scheduled immediately after
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T0  T1  T2  T3 T0  T1  T2  T3 T0  T1  T2  T3 T0  T1  T2  T3

load a[0]

. . . 

load b[0]

load a[4]

load b[4]
Miss

Miss

load a[32]

load a[36]

load b[32]

load b[36]

Miss

Miss

# of Accesses = 8 
# of Misses = 8

Warp scheduling order:  W0 → W1 → … → W15 → W16
W0 W1 W15 W16

(a) Scenario I: Agnostic to memory divergence.

T0  T1  T2  T3

W0

T0  T1  T2  T3 T0  T1  T2  T3 T0  T1  T2  T3

W1 W15 W16

load a[0]

load a[4]

load b[0]

load b[4]

HIT

HIT

# of Accesses = 8 
# of Misses = 4

load a[32]

load a[36]

load b[36]

load b[32]

Miss

Miss

Warp scheduling order:  W0 → W15 → … → W1 → W16

. . . 

(b) Scenario II: Aware of memory divergence.

Figure 4.9: Different warp scheduling scenarios.

W1. Note that, although the coalescing stalls do still exist for W0 and W15, a portion of

it has been overlapped due to the intelligent scheduling, and furthermore, the W15 misses

have been converted to hits, leading to an efficient execution. Moreover, even if the data

layout is optimized and each warp generated 1 load request, it would still require 4 load

requests (as there are 4 distinct cachelines), which is also the case for Scenario II that makes

use of memory divergence aware scheduling. Therefore, in this work, we limit ourselves to

intelligent warp scheduling and do not explore any potential data layout optimizations, as

discussed in Section 4.4.4.
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4.4 Design of Shadow Engine

The main idea of the Shadow Engine (SE) is to dynamically mitigate the effects of any

control-flow and memory divergence that arise during run-time. To this end, we need to

essentially perform the following two steps: (1) dynamically form new warps that maximize

the SIMD lane utilization, and (2) improve the consumption of the multiple memory requests

generated from a single warp through intelligent warp scheduling in order to hide any

exposed memory divergence.

4.4.1 Design Challenges

There are two main challenges that need to be tackled in order to build SE. First, the

reshuffling of threads to create new warps requires the knowledge of the paths to be taken

by each of the threads and the availability of such threads that are executing the same

Identify each threads 
control flow path 

Identify each threads 
memory accesses

Regroup divergent 
threads improve 

the SIMD utilization

Memory
Divergence?

Schedule warps that 
maximizes consumption of 
divergent mem operation

Yes

Control Flow ?

Yes

NoNo

New Warps Prioritize Warps

Figure 4.10: Key steps to mitigate divergences.

instruction. Second, to efficiently mitigate the effects of the latency exposed due to memory

divergence, we need to be able to identify which warps should be scheduled close in time in

order to maximize the consumption of the divergent memory instructions.

Figure 4.10 shows the steps in facilitating our proposed mechanism: (1) identify the

control-flow paths for each thread; (2) identify the divergent memory operations for each
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warp; (3) in the presence of control-flow divergence, re-group the threads to form warps

with higher SIMD lane utilization; and (4) in the presence of memory divergence, modify

the warp scheduling to prioritize warps that will maximize the consumption of the divergent

memory operations.

4.4.2 Proposed Mechanism

As mentioned earlier, there is a need for a priori knowledge of the threads control-flow path

and the memory addresses it accesses. Furthermore, we need hardware support to facilitate

regrouping of threads, tracking memory divergence, and intelligent scheduling of warps.

Identifying Control-flow and Memory Divergence: In order to ensure that we can

safely predict the control-flow path and memory divergence, we use a code hoisting

mechanism [202, 203]. Note that, we perform all code analysis on the Parallel Thread

Execution (PTX) ISA generated by the CUDA compiler [204]. Figure 4.11 shows the

code hoisting mechanism used to identify the control-flow path of each individual threads.

The entire control-flow instruction (setp) and its dependent instruction chain are hoisted

to the earliest point possible in the instruction stream. Note that the hoisting does not

cross basic block boundaries. Furthermore, the setp instruction is replicated (as a shadow

instruction) unlike its dependent chain which is hoisted up. We develop these shadow

instructions such that they do not modify any architectural registers and only interact

with the Shadow Engine (SE) (described below) to provide the required control-flow

information. The real setp instruction remains in its original position and acts as a

divergent point.

Similarly, Figure 4.12 shows the code hoisting mechanism for memory divergence

mitigation. Each of the memory instruction’s corresponding shadow instruction is inserted

and hoisted up along with the dependent chain for the memory instruction’s effective

address generation. These shadow instructions also interact directly with the SE providing
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Original 

...
setp.eq.s16  %p2, %rs1, 0;
@%p2 bra BB1_3;
…

Shadow Instruction Insertion
setp.shadow.eq.s16 %p2,%rs1,0;

Modified 

Hoisted

...
cvt.s64.s32 %rd7,%r1;
add.s64 %rd1,%rd6,%rd7
ld.global.u8 %rs1,[%rd1]
setp.eq.s16  %p2,%rs1,0
@%p2 bra BB1_3
...

...
cvt.s64.s32 %rd7,%r1;
add.s64 %rd1,%rd6,%rd7
ld.global.u8 %rs1,[%rd1]

Figure 4.11: Code hoisting for conditional instructions.

…
add.s64 %rd17,%rd15,%rd16
add.s64 %rd2,%rd17,4
ld.global.u32 %r24,[%rd2]
add.f32   rd3, r5, r24
st.global rd3, [r3]
…

…

ld.global.u32 %r24,[%rd2]
add.f32   rd3, r5, r24
st.global rd3, [r3]
…

Shadow Instruction Insertion

Original Modified 

add.s64 %rd17,%rd15,%rd16
add.s64 %rd2,%rd17,4
ld.shadow.global.u32 %r24,[%rd2]

Hoisted

Figure 4.12: Code hoisting for memory instructions.

with the information of the memory address the thread will access. Note that shadow

instructions for memory operations do not perform any memory loads/stores. They are

executed only to generate the coalesced memory addresses for each warp and perform L1

cache probing on the generated requests to confirm the presence of memory divergence.

Note that, we perform code hoisting to help SE direct the execution schedule of the warps

in order to perform a control-flow and memory divergent-aware scheduling.

Hardware Support for Shadow Engine: Figure 4.13 shows the hardware modifications

that are needed to the baseline architecture to mitigate control-flow and memory divergence.

Specifically, we add an additional component called Shadow Engine (SE) ( 1 ) to the GPU

pipeline. SE is tightly integrated with the SIMT Stack and the Warp Issue Unit, and

is responsible for keeping track of control flow divergence and memory divergence, warp

shuffling and warp prioritization. SE is made up of six components: Shadow Controller
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Figure 4.13: Proposed hardware design of Shadow Engine.

( 2 ), PC-based Thread Reshuffling Queues (PTRQ) ( 3 ), Warp Reshuffling Unit (WRU) ( 4 ),

Request Queue (RQ) ( 5 ), Warp-Request Bitmap Table (WRBT) ( 6 ) and Warp Priority

Unit (WPU) ( 7 ). The Shadow controller is responsible for receiving the information from

the shadow instructions. Based on the shadow instruction type (conditional or memory),

the shadow controller accordingly populates an entry either in the PTRQ or the RQ and

WRBT. PTRQ is made up of 16 queues of 64-entries each. Each queue is tagged with

a Program Counter value and holds threads that are going to execute the tagged PC at

the control-flow divergent point. RQ keeps track of the cacheline addresses that belong

to divergent memory instructions. The number of entries in RQ is equal to the number of

entries in the L1 cache miss status holding register (MSHR) (In our baseline architecture, we

have a 256-entry MSHR.). Only entries that have been deemed as L1-miss and contribute

to memory divergence are added into the queue. WRBT keeps track of the warps that are

going to access the memory address in RQ. It is a 64-entry, 256-wide bitmap, where each

entry corresponds to a hardware warp and the bitmap corresponds to the entries in RQ

as to whether that address is being accessed by the warp or not. WRU is responsible for
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taking 32 entries from a queue of PTRQ and forming new warps dynamically and issuing

them, while WPU is responsible for prioritizing certain warps that are likely to access data

from divergent memory loads. We give detailed explanation of how these components are

utilized in Section 4.4.3.

W1
T1  T3  T5  T7

D setp.s32

W0

A setp.shadow.s32
cond-> if(tid%2 == 0)

G ld.shadow.f32

J ld.global.f32

A[0]
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A[64]

After W2 is issued and 
executed, schedule W63
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Warp Priority Unit (WPU)
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…
W63

I

... ...

Figure 4.14: Representative scenarios for control-flow and memory divergence.

4.4.3 How does Shadow Engine Work?

In this section, we describe how our Shadow Engine mitigates control-flow divergence and

memory divergence.

Control-flow Divergence: Let us refer to Figure 4.14 where Warp 0 (W0) and Warp
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1 (W1) have a conditional statement if(tid%2==0) to execute. We first perform code

hoisting and add shadow conditional statements. When the shadow instruction is executed

( A ) by W0, the predicate bits for the threads in the warp are obtained by the Shadow

Controller ( B ), which then divides the threads into two different PC queues (taken and

not taken blocks) and pushes them into the PTRQ ( C ). If there are queues already tagged

with the PC for taken and not taken, the thread IDs for W0 are added to these queues,

otherwise a new queue is obtained from PTRQ and tagged with the appropriate PC values.

Also, when a queue is tagged with a PC, SE starts prioritizing other warps to fill the queue

(going against the baseline warp scheduler (GTO)) until it is filled with at least 32 entries at

which point the scheduling reverts back to GTO. Note that, the real conditional statement

is a divergent point. When it is executed ( D ), SE is notified, and 32 entries from the queue

following the divergent statement as the tag are pulled and used to create a new warp by

the WRU ( E ). The new warp (Ŵ0, F ) is executed until the reconvergence point. At the

reconvergence point, Ŵ0 is dissolved and the threads go back to their original warps. Note

that, when a warp dissolves, its threads can potentially belong to 32 different warps (Ŵ0

contains threads from W0 and W1). Until all the threads from the original grouping are

not dissolved, the original warp continues stalling, while other newly-generated warps (Ŵ1)

execute the divergent instructions.

Memory Divergence: Let us again refer to Figure 4.14 to explain the working of SE during

memory divergence. Let us assume that the Warp 2 (W2) is executing a load operation.

Similar to control-flow divergence, we hoist the dependent chain of the load operation and

replicate a shadow instruction for the load instruction. When the shadow instruction is

executed by W2 G , the shadow load goes through the load/store unit and generates all the

memory addresses and coalesces them to minimize the number of memory requests. If the

number of memory requests after coalescing is one, then there is no memory divergence and

the execution continues normally. If there are more than one memory requests generated

after coalescing, the memory addresses are probed in the L1-cache. If all of the requests

are cache hits, again there is no memory divergence and the baseline execution resumes.
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Only if there are some cache hits and some cache misses or all cache misses4, does memory

divergence exist. In the presence of memory divergence, all the memory requests (that were

cache miss during the L1 probe) after coalescing stage are pushed into the RQ ( H ) and the

corresponding bits (depending on where it was pushed in the RQ) for <W2,RQ entry#>

in the WRBT are set ( I ). When the real load instruction is executed by W2 ( J ), SE finds

the most suitable warp to schedule next based on the entries in WRBT. The warp with the

most matching bits with W2 is chosen (in this case W64) and is scheduled to be executed

immediately after W2, leading to faster data consumption of the divergent load. In the

presence of both control-flow divergence and memory divergence, we prioritize control-flow

divergence (prioritize warps to fill PTRQ) and then perform scheduling to optimize memory

divergence.

4.4.4 Limitations of Shadow Engine

Control-flow Divergence: We do not consider threads from different thread blocks for

formation of new warps due to the existence of synchronization primitives. It is possible

to relax the constraints to further improve the SIMD utilization, but we do not explore

such optimizations in this work. Also, we use the immediate post-dominator

reconvergence mechanism where as there are prior work [165] that make use of

likely-convergence mechanism to improve performance further. It is possible for us to

make use of this mechanism as well, but we leave it for potential future work.

Memory Divergence: In this work, we only consider intelligent warp scheduling when

dealing with memory divergence. We do not consider other approaches such as data layout

optimizations. Note that data layout optimizations are not always feasible, since they

require fine-grain management of data copy/transfer and computation overlap. If there

is no overlap, the performance benefits are not clear and might lead to degradation as

4Memory requests that are heading to L2 cache can also return at different times depending on their L2
partition location, bank, etc., and therefore, for any memory instruction that generates multiple requests
that are L1 misses will lead to memory divergence.



108

Table 4.1: Configuration parameters of the GPU.

GPU Features 1.2GHz, 80 cores, 32 SIMT width, GTO warp scheduler

Resources/Core 96KB shared memory, 64KB register file, maximum
resident 2048 threads (64 warps, 32 threads/warp)

Private Caches/Core 32KB L1 D-cache, 64KB C-cache, 128KB I-cache,
128B block size

L2 Cache 32-set, 24-way, 128 KB cacheline size L2 cache partition,
192KB/Memory Partition, 4.5MB cache size

Memory Model 24 Memory Controllers, FR-FCFS, 16 banks/MC,
850 MHz, 768 GB/s peak BW

HBM Timing tCL = 12, tRP = 12, tRC = 40, tRAS = 28, tCCD = 2
[206] tRCD = 12, tRRD = 3, tCDLR = 3, tWR = 10

Interconnect Crossbar, 1200MHz, dest. tag routing, 2 cores/node, 1VC,
flit size=40B, Buffers/VC=256, islip VC & switch allocators

well. Furthermore, data layout optimizations are not always possible for applications with

data-dependent irregular access patterns, and are usually feasible only for applications with

easy-to-analyze memory access patterns. Finally, we do not modify the baseline thread

block scheduling policy (round-robin), which can also efficiently hide the memory divergence

latency via intelligent thread block scheduling [168,205].

4.5 Experimental Methodology

Simulated System: We simulate the baseline architecture as mentioned in Table 4.1

using GPGPU-Sim v4.0 [103]. The code was hoisted at the PTX level and the support for

shadow instructions was also added in the PTX ISA. We modeled the appropriate latency

for each of the shadow instructions and the additional execution overhead was taken into

consideration during simulation. We extensively modified GPGPU-Sim to implement the

SE and its related components. SE was added into the GPU pipeline as a shadow to

the SIMT-Stack/Issue unit. It is possible to merge the SIMT-Stack and the SE, but to

keep the implementation simple, we kept the units different. We run the applications until

completion or 1 billion instructions, whichever comes first.
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Table 4.2: List of evaluated benchmarks. Legend: (A) Type of divergence sensitivity
(I: Control-flow divergence, II: Memory divergence and III: Control-flow and memory
divergence), (B): Number of inputs evaluated.

Workload A B Suite Workload A B Suite

qtc I 1 shoc [87] 3mm II 1 polybench [93]

spmv I 1 shoc [87] atax II 1 polybench [93]

lps I 1 gpgpu-sim [103,207] bicg II 1 polybench [93]

mum I 1 gpgpu-sim [103,208] corr II 1 polybench [93]

ray I 1 cuda [92,103] covariance II 1 polybench [93]

wp I 1 gpgpu-sim [103,209] fdtd2d II 1 polybench [93]

dmr I 1 lonestar [91] gemm II 1 polybench [93]

mst III 3 lonestar [91] gesummv II 1 polybench [93]

bc III 2 pannotia [210] mvt II 1 polybench [93]

color max III 2 pannotia [210] 2mm II 1 polybench [93]

color maxmin III 2 pannotia [210] b+tree II 1 rodinia [94]

mis III 2 pannotia [210] bfs III 3 rodinia [94]

pagerank III 1 pannotia [210] lavamd I 1 rodinia [94]

pagerank spmv III 1 pannotia [210] nn III 1 rodinia [94]

lbm II 1 parboil [211] srad v1 I 1 rodinia [94]

2dconv II 1 polybench [93] streamcluster II 3 rodinia [94]

Benchmarks: We analyzed over 140 GPGPU workloads from GPGPU-Sim [103],

LonestarGPU [91], Pannotia [210], Parboil [211], Polybench [93], Rodinia [94] and

SHOC [87]. However, we only report the analysis for 32 applications and omit the others

due to two reasons: (1) There are multiple implementations of the same application (such

as bfs) across different benchmarks suites that have similar behavior, and (2) many of the

applications did not show any performance benefit (<10%) when simulating a MIMD-like

system, meaning that they did not suffer from any divergences to begin with. Table 4.2

shows the list of the evaluated benchmarks along with the number of different inputs that

were simulated. It also shows the classification category of the application being sensitive

to which type of divergence. Note that, for each application with multiple inputs, the

average for all the application is presented. Out of 32 GPU workloads, 9 applications

belong to Category-I (sensitive to control-flow divergence), 14 applications belong to

Category-II (sensitive to memory divergence) and 9 applications belong to Category-III

(sensitive to both, control-flow and memory divergence).
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Hardware Overheads: In SE, the largest components are the three storage structures:

(1) PTRQ, (2) RQ, and (3) WRBT. PTRQ is a group of 16 FIFOs of 64-entry each,

with each entry occupying 11 bits for the thread IDs. Therefore, it requires a total of

1.4KB of storage. Note that, we limited the number of queues to 16 in order to handle a

maximum of 16 different Program Counters (PCs) values. In the extreme case, this could

be very high depending on the number of nested conditions and the discrepancy between

the forward progress of different warps. However, in practice we find that more than 16 PCs

do not improve performance. This is due to our early identification of divergence points

and preparing the warp scheduling to have enough threads with the same PC to be used to

form new warps. RQ is a 256 entry storage buffer to hold the memory addresses generated

by the shadow instructions. The memory addresses can be of length 64 bits. Therefore, a

total of 2KB storage is required for RQ. Note that, RQ can be combined with the L1-MSHR

for efficient implementation. WRBT is a 64-entry 256-bit bitmap table that requires a total

of 2KBs of storage. Overall, SE requires a storage overhead (per core) of approximately

5.4KBs which is less than 2% of the total storage available in a core of a state-of-the-art GPU

architecture. For control units such SC, WRU and WPU, the implementation overheads

are negligible.

4.6 Experimental Results

To evaluate the benefits of our proposed Shadow Engine, we measure the GPU performance

(instructions-per-cycle [IPC]), increase in SIMD utilization, and reduction in coalescing

stalls. The increase in the SIMD utilization highlights better usage of the SIMD lanes in

the GPU core. On the other hand, a decrease in coalescing stalls indicates that the warps

are waiting less for divergent memory operations to complete.

We compare three different implementations of Shadow Engine:(1) SE-Control-flow ;

(2) SE-Memory ; and (3) SE-Both. SE-Control-flow only mitigates control-flow divergence
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Figure 4.15: Impact of Shadow Engines on performance.

and does not perform code hoisting and shadow instructions for memory instructions.

Furthermore, the RQ, WRBT and WPU components are disabled in the Shadow Engine.

SE-Memory mitigates only the memory divergence through intelligent warp scheduling.

Similar to SE-Control-flow, it does not perform code hoisting and shadow instructions for

conditional instructions, and the PTRQ and WRU components are disabled in Shadow

Engine. SE-Both mitigates both control-flow divergence and memory divergence. All

results are normalized to the execution of the vanilla workloads (without shadow

instructions and code hoisting) on the baseline architecture.

Figure 4.15 shows the performance benefits for the three different implementations of

SE. For the evaluated 32 GPU applications, SE-Control-flow, SE-Memory and SE-Both

improve performance by up to 68%, 42%, 74%, respectively, and on an average, by 9%,

13.5% and 25.9%, respectively.

Effects on Category-I applications: As Category-I applications are sensitive to control-

flow divergence, SE-Control-flow improves the performance, on an average, by 17.5% while

SE-Memory does not affect the performance. With SE-Both, the average performance

improves by 20.7%. SE-Both performs better than SE-Control-flow, because once new

warps are created dynamically, it leads to memory divergence. As SE-Both is able to
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resolve memory divergence as well, it provides better improvement than SE-Control-flow.

Effects on Category-II applications: On the other hand, Category-II applications are

sensitive to memory divergence, and therefore, SE-Memory improves the performance, on an

average, by 24.7% while SE-Control-flow had negligible impact towards performance. With

SE-Both, the average performance improves by 25%. The slight change in performance is

due to applications such as b+tree exhibiting low levels of control-flow divergence, which

gets resolved in SE-Both.

Effects on Category-III applications: As Category-III applications are sensitive to

both control-flow and memory divergence, SE-Control-flow improves the performance, on

an average, by 15.5% while SE-Memory improves the performance by 10.5%. As SE-Both

targets both types of divergences, the average performance improves by 31.9%. Note that

the performance achieved by SE-Both is larger than the combined linear performance

gains for SE-Memory and SE-Control-flow. This is due to the constructive inference of the

two optimizations. Once control-flow divergence is resolved, it leads to an alternate

memory access pattern that allows more opportunities for optimizations (memory

divergence removal) to take place. Applications such as bc, nn, pagerank and mis show

this behavior prominently, while applications such as bfs, mst and pagerank spmv show

performance gains that are near to their linear combination of performance gains achieved

by SE-Control-flow and SE-Memory.

To further understand the reasons for the performance improvement achieved due to the

mitigation of control-flow divergence, in Figure 4.16, we plot the normalized SIMD unit

utilization for SE-Both. On an average, SIMD utilization improves by 14%. For Category-I

applications, the SIMD lane utilization improves by 27.4% and for Category-III applications,

the performance improves by 25.9%. On the other hand, Category-II applications do not

see any noticeable change to their SIMD utilization. The SIMD unit utilization correlates

well with the performance improvement that are achieved when control-flow divergence is

eliminated.
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Figure 4.16: Normalized SIMD lanes utilization.
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Figure 4.17: Normalized coalescing stalls.

Similarly, to understand the underlying reason for performance gain that is obtained by

reducing the effects of memory divergence via intelligent warp scheduling, in Figure 4.17,

we show the normalized coalescing stalls for SE-Memory and SE-Both. On an average, the

coalescing stalls reduce by 16% and 24% for SE-Memory and SE-Both, respectively. This

reduction in coalescing stalls can be co-related to the performance gains that are achieved

when utilizing a memory divergence-aware warp scheduling. Specifically, the warps are

scheduled such that even in the presence of divergent memory operations, the data locality

across warps is exploited. Note that, the coalescing stalls may only be partially exposed to

the run-time and therefore, any reduction in the stalls will manifest differently for different

applications based on their latency hiding capability. This is observed for applications such
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as 2dconv and 3mm where the coalescing stalls do not reduce as much, but the exposed

latency reduces due to improved warp scheduling, and hence improves performance greatly.

Note that, for certain applications such as dmr, lps and ray, the coalescing stalls have

increased. This is due to two reasons: (1) their coalescing stalls are a very small fraction

of the execution time (from Figure 4.6), and therefore, the increase is negligible; and (2)

these are control-flow divergence sensitive applications and modifying the warp scheduler to

improve memory divergence changes the memory access pattern from the baseline execution,

which in turn introduces slight inefficiencies.

4.7 Related Work

To the best of our knowledge, this is the first work that comprehensively tackles control-

flow and memory divergence concurrently without any data layout optimizations for both

regular and irregular applications. Below, we briefly discuss the prior research in the related

areas.

Divergence Optimizations: Control-flow divergence has been well studied in the past

and many prior works have mitigated it through variety of techniques [161, 165, 170, 198,

212–217]. Few of the prior works also considered the effects of memory divergence along

with control-flow divergence [160, 169, 197, 218]. Fung et al. [161] developed a dynamic

wavefront formation (DWF) technique that dynamically regroups threads into new warps

to reduce control-flow divergence. Fung et al. [165] proposed a thread block compaction

(TBC) technique, which improves upon the dynamic wavefront formation technique by

pushing the reconvergence point further than what is allowed in post-dominator based

reconvergence mechanism. Unlike our Shadow Engine, neither DWF nor TBC resolves

the issues of memory divergence and may in fact increase its severity. Meng et al. [169]

proposed a dynamic warp subdivision (DWS) mechanism that essentially breaks a warp into

smaller warp-splits which then can be scheduled. This effectively reduces the SIMD width
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of the warp-splits, and thereby, reduces the effects of divergence. However, when executing

a warp-split, there are still idle resources that are not being utilized. Shadow Engines

dynamically forms new warps, and therefore, maximizes the resource utilization. To resolve

memory divergence, Shadow Engine opts for an efficient warp scheduling mechanism over

DWS, which could potentially lead to long reuse distances. Zhang et al. [160] developed

G-Streamline, a software framework that can dynamically handle both types of divergences

by performing thread regrouping and data remapping. They overlap the latency of data

remapping with computation. Although, they resolve the issues of divergence in software,

unlike Shadow Engines, G-Streamline is unable to capture the control-flow and memory

divergence for applications with data-dependent control-flow and irregular memory access

patterns.

GPU Optimizations: There have been many prior works on improving the performance of

GPU architectures [59,85,105,106,168,196,202,205,219–221]. Rogers et al. [105] proposed a

divergence-aware warp scheduler that predicts the L1 cache usage of the active threads and

schedules warps in order to minimize cache thrashing and increase data locality. Tang et

al. [168] developed a locality-aware scheduler that takes into account the locality between

kernels, thread blocks and warps, and schedules them accordingly at each level of scheduling

hierarchy. Lee et al. [219] proposed a criticality-aware warp scheduler that categorizes the

warps based on their execution latencies, and prioritizes them to improve performance.

Rogers et al. [222] developed a variable warp size architecture for GPUs where they start

off with a smaller warp size and then gang up multiple of these smaller warps execution

whenever possible to improve performance and energy efficiency. Lee et al. [221] proposed a

pattern-based warp scheduler that observes the instruction issue pattern of workloads and

dynamically adapts the scheduling strategy to improve performance.

Early Execution/Code Analysis: Many prior works have dealt with code hoisting or

speculative execution to improve performance [223–229]. Kim et al. [223] developed a

warp pre-execution mechanism that identifies independent instructions of a stalled warp
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and executes them as long as they are not part of a long-latency dependence chain. This

increases the latency hiding capability as well as register utilization. Menon et al. [226]

proposed iGPU, a mechanism which adds support for exception handling and speculative

execution in GPUs. They convert the code into smaller regions which are idempotent to

allow for minimizing the live state of the GPU, thereby making it more efficient for context

switches and speculative execution.

Prior efforts that dealt with divergences using hardware mechanisms performed their

optimizations as and when they encountered divergences. Thus, they performed warp

regrouping (control-flow) or sub-warp execution (memory divergence) when they

encountered the divergence. Shadow Engine is unique in that it proposes to identify the

divergence early and make scheduling decisions that lead up to the divergent code, which

then can be optimized more efficiently.

4.8 Chapter Summary

In this chapter, we present a software-assisted hardware mechanism, Shadow Engines, that

can mitigate the effects of control-flow and memory divergences in GPU architectures, and

hence, improve performance. Shadow Engines identifies the points of divergences in an

application as early as possible during execution, and appropriately takes action through

thread regrouping and locality-aware warp scheduling to minimize the impact of control-

flow and memory divergences, respectively. The required compiler support and hardware

modifications to the GPU architecture are presented to facilitate the mitigation of both

types of divergences. Simulation results with 32 GPU workloads show that our proposed

integrated mechanism is able to improve performance, on an average, by 25.9% compared

to the baseline design, and is much more effective than addressing any of the two types of

divergences in isolation.



Chapter 5
Conclusions and Future Work

5.1 Summary of Dissertation Contributions

As the demand for increased processing power within a given power budget exacerbates,

all major technology driven industries have started employing GPUs in various different

forms. With the explosion of data, they have become an integral component from

wearable computing to run machine learning workloads to warehouse-scale computing for

scientific and high performance applications. Therefore, it has become imperative to push

the performance and energy-efficiency envelopes of GPUs.

Furthermore, as data movement overheads severely limit scalability, it has become

imperative to have designs that are aware of data movement. This dissertation is an effort

in making throughput processors, specifically GPUs, more aware of data movement. It

proposes compute scheduling techniques to improve performance and energy efficiency in

GPU architectures with processing in memory capabilities. It also develops computation

offloading mechanisms to reduce on-chip data movement and improve performance and

energy efficiency. Finally, it also proposes techniques to mitigate the effects of control-flow

and memory divergence in GPUs via efficient warp formation and scheduling. The
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research conducted in this dissertation has three major contributions.

First, it proposed two new code scheduling techniques that enable effective use of

processing-in-memory (PIM) mechanisms in PIM-Assisted GPU architectures, where a

conventional GPU is augmented with 3D memory stacks that house simpler GPUs in their

logic layers. First, a kernel offloading mechanism that accurately decides what code

portions to offload to the GPUs in the 3D memory stack, using a new regression-based

kernel affinity prediction model. Second, a concurrent kernel management mechanism that

uses the affinity prediction model, a new kernel execution time prediction model, and

kernel dependency information to decide which kernels to schedule concurrently on both

the main GPU cores and the GPU cores in memory stacks.

Second, it proposed two complementary computation offloading techniques for

minimizing on-chip data movement in GPU architectures, and hence, improve

performance and energy efficiency. The first technique enables computational offloading to

the LLCs, while the second technique complements the first technique by adding

offloading capability to any node in the interconnect. It identifies several small and basic

instruction chains in GPU applications that can be offloaded to any one of the locations.

Lastly, it proposed a novel software-assisted hardware technique, called Shadow Engines,

to reduce the control-flow and memory divergence that arises at runtime. It shows that by

identifying the divergence points early on in the execution, it is possible to take corrective

actions and mitigate the effects of the divergences when they arise. Shadow Engines can,

at runtime, dynamically form new warps, keeps track of memory divergence and prioritizes

warps for scheduling in order to improve the formation of new warps as well as the ordering

of the memory accesses to improve the consumption of the data from divergent memory

operations.
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5.2 Future Research Directions

One of the biggest challenges in computing systems is the need for high performance, high

energy-efficiency, flexible programming and supporting a rich feature set such as

virtualization, multiple application execution, etc. While throughput processors are being

utilized ubiquitously, from wearables to warehouse-scale computing, they still suffer from a

limited set of features and limited application-specific scalability. Due to the growing

demand for high performance and energy efficient throughput processors, possible exciting

future directions include 1) extending the use cases of shadow engines for various

optimizations such as instruction and data prefetchers, branch predictors, etc.; 2)

designing architectures with high degree of heterogeneity to improve performance and

energy-efficiency in high-performance computing systems; 3) designing throughput

architectures that can efficiently handle the execution of the rapidly changing landscape of

machine learning applications; and 4) designing throughput processors that improve the

security guarantees while minimizing performance impact.

5.2.1 Using Early Execution to Resolve Different Challenges

In Chapter 4, to efficiently mitigate the effects of control-flow and memory divergences, we

proposed Shadow Engines. Shadow Engines make use of early execution, which helps

identify and process the divergence points early. The mechanism of hoisting the code and

executing a shadow version of an instruction has potentially far more use-cases than

simply resolving control-flow and memory divergence in GPUs. It can potentially be used

for providing accurate addresses to prefetchers, train branch predictors, help speculative

execution in executing appropriate instruction streams, allow efficient control of nested

parallelism in GPUs, etc. In this context, to extend Shadow Engines, we need to answer

some key questions: 1) What modifications and information does shadow engines need for

the above mentioned optimizations in GPUs? 2) How shadow engines can be ported
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efficiently to other general purpose architectures such as CPUs to perform similar

optimizations?

5.2.2 Heterogeneous Computing

With the demands for improving performance and energy-efficiency of domain-specific

application on throughput processors increasing day by day, it has become inevitable to

add heterogeneity throughout the computing stack starting from multiple different types

of memory (NVM, DRAM, SRAM, etc.) and different processing elements (video decoder,

tensor cores, ray tracing units, etc.). As per proof of concept in Chapter 2, that studies a

GPU architecture with high-throughput, low-bandwidth main GPU and low-throughput,

high bandwidth GPU-PIM, exploring the design space for further heterogeneity in GPUs

is a promising research direction. In this context, some key questions that need to be

answered are 1) how much and what type of heterogeneity is required? 2) how to map

computations to which unit and at what granularity? and 3) how to maximize the

performance and energy-efficiency of these architectures using near data computing

techniques?

5.2.3 Accelerating Machine Learning Kernels using Near-Data

Techniques on Throughput Processors

With the advent of high-throughput architectures, machine learning (ML) applications

have become feasible and are being deployed for various different purposes such as natural

language processing (NLP), data analytics [230], video analytics [231], IoT devices [232],

gaming [233] and smart grid power management [234]. Therefore, there is a growing trend

to add support for such domain-specific applications to improve performance and

energy-efficiency. Since, machine learning applications involve high amounts of data

movement, there are many near data computing optimizations that needs to be
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investigated. In this context, some key questions that need to be answered are 1) what are

the key computation bottlenecks in machine learning applications? 2) what computations

(pre-processing, etc.) can be done closer to memory? and 3) how to take advantage of

sparsity machine learning models in GPUs?

5.2.4 Improving Security in Throughput Processors

Recently, throughput processors are penetrating the entire computing system

environment, from handheld devices, cloud gaming to executing scientific applications.

Specifically, there has been a growing push for GPUs in public data centers for use by

machine learning applications, financial simulation models and gaming. Since, resources in

a data center need to be virtualized for cost-effectiveness and energy-efficiency, it has

become imperative to support the execution of multiple applications in GPUs. Therefore,

with multiple applications residing on the same GPU, the security capabilities of GPUs

needs to be investigated. In this context, some key questions that need to be answered are

1) how vulnerable (side-channel attack [235], speculation attacks [236], etc.) are today’s

state-of-the-art GPUs when co-locating malicious applications with other applications, 2)

how can techniques (if present) from CPU domain be ported to GPU to efficiently

mitigate the attacks, and 3) how prior GPU optimization techniques affect the security of

a GPU system and what are the ways to easily mitigate them?
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