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ABSTRACT

In this thesis | study resource allocation and task migration for novel architectures.
Nowadays in order to increase the performance of microprocessors, reducing their energy
consumption has become essential as we hit the power wall. Novel architectures are being
proposed that increase energy efficiency and thus provide higher performance per watt than
traditional CPUs. Yet the differences between these architectures and traditional microprocessors

require new approaches for assigning and migrating tasks across computational resources.

Among these new architectures are Graphic Processing Units (GPUs) and Processing-In-
Memory (PIM). GPUs are highly parallel platforms that can offer both high performance and
energy efficiency by using a large number of simple and energy-efficient compute elements. PIM
architectures place the computation logic and the memory on the same chip reducing the energy
of moving data from the memory to the processor. In the last few years, GPUs have been widely
adopted for general-purpose computing on GPUs (GPGPU); these capabilities have been enabled
thanks to their increased programmability and the emergence of high-level programing

languages such as OpenCL [1] and CUDA [2].

With every generation, GPUs contain more computing resources; however, it has been
shown that many GPGPU applications fail to fully utilize these resources [3]. Spatial
multitasking has been proposed as a solution for this problem [3]. Spatial multitasking shares the
GPU resources among multiple concurrently-executing applications. Traditionally, GPUs have
been designed to run computations serially, one at a time, and thus they offer very poor spatial
multitasking support. When multiple applications execute concurrently on the GPU, a decision

needs to be made to determine how to distribute the computing resources among them. This



iii
thesis presents and studies the effects of different resource allocations on performance when

considering process variation, quality of service (QoS) and fairness.

On the other hand, PIM architectures try to solve a different problem: they reduce the large
amount of energy that is spent moving data from main memory to the processor. Current PIM
architectures place one or more DRAM dies atop (or under) a logic die implementing compute
capabilities; this is done using 3D-die stacking. In the last part of this thesis | examine the
feasibility of fine-grained work migration to reduce remote memory accesses in systems with
multiple PIM devices. In such a system the memory is perceived as non-uniform; local memory
accesses are more efficient than remote memory accesses. In this dissertation, | perform a high-
level exploration to study when it is more efficient to perform a remote memory access versus
work migration, and investigate mechanisms that have the potential to improve the efficiency of

migration.

The mapping and re-mapping of computation to a subset of highly-parallel resources is
critical to the utility of computing architectures, such as GPGPUs and PIM architectures, that are
increasingly promoted as architectural solutions to increase performance while improving energy
efficiency. The work presented in this thesis thus represents an important step in not only

improving the capabilities of these architectures, but also their utility.
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1 Introduction

Efforts to improve performance of current microprocessors are complicated by the power
wall [4]. Power consumption is currently one of the most important constraints for
microprocessor design, as high power consumption limits microprocessors’ performance. New
architectures that provide higher energy efficiency are being proposed, in order to continue to
increase computing performance. General-Purpose GPUs (GPGPUSs) and Processing-In-Memory
(PIM) are two examples of novel architectures that try to mitigate the energy consumption

problem.

GPUs provide high compute throughput and energy efficiency by using a large number of
simple and energy-efficient compute elements. Although GPUs were initially developed for
compute-intensive graphic applications, they have evolved considerably in the last few years.
Increased programmability in the graphics pipeline [5] and the development of new high-level
programing languages such as CUDA [2] and OpenCL [1] have made GPUs a popular platform
to accelerate a wide variety of general-purpose applications, from scientific to multimedia
applications [6] [7]. This area is known as GPGPU computing. Because of their high
performance and relative energy efficiency, GPUs are being used in a large variety of computing

systems from mobile to HPC.

As process technology keeps scaling, every GPU generation contains more computing
resources. It has been shown that some GPGPU applications fail to fully utilize all the computing
resources on a GPU [3]. One solution to this problem is spatial multitasking, where multiple
concurrently executing applications share the GPU resources. This approach differs from the

traditional method of multitasking in GPUs—cooperative multitasking—where the time to



execute is divided among the multitasked applications and the applications run in isolation on the
GPU. Spatial multitasking provides higher resource utilization, responsiveness and overall
system performance than cooperative multitasking, but requires effective methods to partition the
GPU resources among concurrent applications. These decisions are complicated by problems
such as process variation (which leads to different possible clock frequencies in different regions
of the GPU), quality-of-service (QoS) requirements for any of the applications, and issues related

to fair execution.

PIM architectures also attempt to improve energy consumption. The motivation for their
design is based on the observation that data movement from the memory system to the processor
consumes a large amount of the total energy in current computing systems [8], [9], [10].
Unfortunately, applications that present irregular memory access patterns and low locality cannot
take advantage of the traditional cache hierarchy, making data access energy a significant
concern [11], [12]. For these applications a large amount of the total system energy is spent in
the memory system. A solution to this problem is to place the computation closer to its data; this

way the energy of accessing the memory is reduced resulting in performance improvements.

A memory module with processing in Memory (PIM), or a PIM stack, implemented using
3D stacking technology places one or more memory dies atop (or under) a logic die
implementing compute capabilities. | study a system that consists of a host processor and
multiple such PIM stacks. Each in-memory processor has low-latency, high-bandwidth, and low-
energy access to data in the local memory stacked on top of it. Accesses to remote data in other
memory modules incur high latency and energy consumption and low memory bandwidth. A
large number of remote memory accesses can negate the benefits of PIM. In these situations

migrating work to execute on the PIM device co-located with the data that it accesses can be



more efficient than fetching the data from a remote PIM module, when the overhead of migrating

work is lower than that of performing remote memory accesses.

GPGPUs and PIMs present new challenges when it comes to resource allocation and task
scheduling and migration. Improving these capabilities for PIM and GPGPUs will not only result
in performance and energy gains, but also better ways of providing QoS and fairness for different

applications.

1.1 Contributions

This thesis presents several novel resource allocation techniques for GPGPU and PIM

architectures, and studies their effects on performance and energy consumption.

| first consider a spatial multitasking GPU where multiple applications run concurrently on
the GPU by using a subset of the computing resources. In this case, | examine how process
variation, QoS requirements and fairness considerations can be used in the scheduling process to
result in different tradeoffs. Later, | look at how to dynamically allocate tasks to the different
GPUs on a system with multiple PIM stacks in order to exploit data locality and thus improve

performance and energy consumption.

First, 1 look at process variation effects on GPGPU computation. As process technology
scales below 65-nm, considerable transistor delay variations occur both within-die (WID) and
die-to-die (D2D) [13]. Specifically, WID process variations result in a large difference among
the maximum operating frequencies (F..) of each core on the same die. Using a single global
clock, as is the case in most CPUs and GPUs, requires all cores to run at the same frequency—
the minimum of the cores’ F,.. values. Because GPUs have a much larger number of cores than

CPUs, this issue is particularly problematic. Clocking each core at its own F,., removes the



artificial restriction of global clocking (GC), and thus improves throughput. This technique is
called per-SM clocking (PSMC) [14]. When multiple GPGPU applications with different
characteristics run on a spatially-multitasking GPU with PSMC, the assignment of SMs to
applications can significantly impact performance. Some applications benefit from higher SM
frequencies, while others do not suffer when executing on SMs with lower frequencies. In this
thesis, | exploit WID process variations and the characteristics of GPGPU applications to
maximize the overall performance of spatial-multitasking GPUs. The main contributions of this

project are presented below:

| characterize the sensitivity of GPGPU applications’ performance to SM’s operating

frequency in the context of spatial-multitasking GPUs.

e | present WID process variation-aware SM-to-application assignment techniques for
spatial-multitasking GPUs supporting PSMC.

e | demonstrate that assigning faster SMs to compute-bound applications and slower SMs
to memory-bound applications can considerably improve overall performance of spatial-
multitasking GPUs supporting PSMC.

e | evaluate the efficacy of the proposed application assignment technique for various SM

partitioning algorithms for spatial-multitasking GPUs.

Second, | study resource allocation when one or more of the concurrently-executing
applications on the GPU have QoS requirements, as are common in many multimedia and other
applications. Performing below an application’s QoS requirement is considered undesirable,
whereas performance above it may not offer any benefit. These applications may concurrently
run on the GPU with other applications that do not have QoS requirements, but do benefit from

increased performance. | refer to this latter class of applications as “best-effort” applications.



QoS requirements complicate GPU resource allocation for GPUs using spatial multitasking, but
they also provide an opportunity. If QoS requirements can be satisfied without using all of the
GPU’s resources, the remaining resources can either be disabled to reduce power consumption,
or allocated to any co-executing best-effort applications to increase their performance. The main

contributions for this work are presented below:

e | show that GPU resources that are unused after QoS requirements are satisfied can be
disabled to reduce power consumption or allocated to a co-executing best-effort
application to increase its performance.

e | demonstrate that the resource requirement to satisfy an application’s QoS depends on
its characteristics and those of any co-executing applications. A runtime dynamic
resource allocation algorithm is thus needed to maximize the benefit of a spatial-
multitasking GPU running at least one QoS application.

e | propose a runtime dynamic resource allocation algorithm and evaluate its efficacy.

Third, | study the performance implications of considering fairness issues when allocating
resources to concurrently-executing (spatially-multitasked) applications on the GPU. One
straightforward allocation goal is to attempt to maximize overall system throughput and ignore
fairness issues; however, if one application has significantly higher throughput per SM, that
application will receive nearly all SMs, penalizing other application(s) executing on the GPU.
Lower-throughput applications can suffer a significant penalty relative to the performance that
they would have experienced when temporally-multitasked on the GPU using cooperative
multitasking. A possibly more fair allocation of resources may be to evenly distribute the
resources among the simultaneously-running applications, but this approach may not make the

most effective use of resources, penalizing overall throughput. In this thesis | present different



allocation goals that aim to provide a balance of fairness and performance. The main

contributions of this project are presented below:

e | present a set of different fairness policies to allocate resources to multiple concurrently-
executing applications on a spatial multitasking GPU.

e | study the effects of these policies on the performance of individual applications and the
system as a whole.

e | demonstrate a run-time approach for choosing a resource partition based on the chosen

fairness policy.

Last, | explore the potential benefits of migrating work to bring computation closer to its
data in Processing-in-Memory (PIM) systems. The systems | examine consist of multiple PIM
stacks, where each in-memory processor only has efficient access to the memory on its same
stack. Direct accesses to data in other memory modules — remote data accesses — can be highly
inefficient. Therefore, it is sometimes beneficial to migrate work to the PIM stack where the
remote data is located, rather than fetching remote data. This thesis studies techniques to
determine when work migration is beneficial, and mechanism to make migrations more efficient.

The main contributions of this project are presented below:

e | present a queueing framework to perform light-weight fine-grained task migration

amongst PIM devices.
e | introduce hardware mechanisms that implement efficient queuing for PIM systems.
e | present a parameterized high-level timing model to estimate the performance of graph

algorithms implemented atop this framework.



e | use the above timing model to study the possible performance tradeoffs of work
migration under a variety of system configurations as well as application and graph

characteristics.

1.2 Thesis Organization

The rest of the document is organized as follows: In Chapter O | introduce background and
related work regarding GPGPU architecture and spatial multitasking, process variation, QoS,
fairness, graph processing and task migration, and processing in memory. In Chapter 3 | describe
my experimental framework for the GPGPU studies presented in this dissertation. In Chapter 4, |
introduce my work to take advantage of process variation when allocating GPGPU resources to
multiple concurrently-running applications on a GPU that supports spatial multitasking. In
Chapter 5, | demonstrate how resource allocation can take advantage of GPGPU spatial
multitasking to meet applications’ QoS requirements while either reducing energy or increasing
the performance of best-effort applications when possible. In Chapter 6, | discuss fairness and its
implications in spatially-multitasked GPU resource allocation. In Chapter 6 presents my work in
the area of task migration for graph algorithms using PIM in order to maximize locality and

improve performance and energy consumption.



2 Background and Related Work

2.1 GPGPU Architecture and Execution

A GPU’s specific architecture varies by manufacturer, but the main components of a GPU
most commonly are: multiple cores (called “streaming multiprocessors” (SMs) in NVIDIA's
GPUs), on-chip memory/interconnect, and off-chip DRAM. Because the experimentation for this
dissertation focuses on NVIDIA architectures | use their terminology throughout the document;
however, the same ideas could be applied to other GPGPU architectures supporting spatial

multitasking.

Due to the large number of cores, GPUs are highly parallel and thus powerful computing
platforms for not only graphics processing but also general-purpose computations [6].
Applications usually consist of a combination of GPU and CPU execution, with the most
compute-intensive portions accelerated by the GPU; these parallel and compute-intensive
sections of an application are implemented to run on the GPU and are called kernels. A General
Purpose GPU (GPGPU) application can contain one or more of these kernels. The CPU part of
the application launches the kernels when needed, and may execute outer control-flow operations

if they cannot be implemented efficiently in the GPU.

A GPGPU kernel consists of a large number of threads organized in a hierarchy of
independent thread blocks that form a grid. A thread block is a group of concurrently-executed
threads that can communicate through the shared memory and can synchronize. A thread block
executes completely in a single SM and each SM can execute one or more thread blocks
concurrently. A kernel launch is followed by initialization of its threads, after which the global

thread block scheduler on the GPU starts distributing thread blocks to the available SMs; once no



SM has available resources for more thread blocks, the scheduler will wait until one of the

currently-executed thread blocks finishes execution.

2.2 GPGPU Multitasking

Current GPUs only have basic multitasking capabilities when executing applications.
Generally, GPU applications must wait to execute until the application currently occupying the
GPU voluntarily yields control—a form of cooperative multitasking. In contrast, an operating
system (OS) typically preemptively multitasks a CPU, suspending and later resuming
applications to time-share the CPU without the applications’ intervention or control. Both

cooperative and preemptive multitasking are forms of temporal multitasking.

However, GPUs are highly-parallel compute devices with an ever growing number of cores,
and past research showed that some GPGPU applications fail to fully utilize GPU resources [3].
This trend is likely to continue with increasing GPU compute capabilities from advances in GPU
design. This motivates the use of spatial multitasking (dividing resources amongst co-executed
applications) in addition to temporal multitasking (dividing resource time amongst applications
so they appear to execute simultaneously). Thus, multiple applications that might each under-
utilize the GPU can execute simultaneously, improving GPU utilization and thus overall system

throughput [3]. Figure 1 is an example of three applications running on the GPU using spatial

)

U ) [ ]

Figure 1: Spatial multitasking on the GPU with three applications sharing the
computing resources. Each application gets a share of the resources.




10

multitasking, each on a subset of the GPU resources.

Multi-core CPUs use spatial multitasking when they execute multiple applications
simultaneously on different cores. However, this form of multitasking is currently very limited
on GPU architectures. For example, NVIDIA’s Fermi architecture supports spatially-
multitasking kernels, but only if they belong to the same application [15]. NVIDIA’s newer
architectures, Kepler [16] and Maxwell [17] support co-execution of multiple GPGPU kernels
from different applications, as long as there are resources available on the GPU, but the
implementation details have not been disclosed. Furthermore, it is not yet clear how the
resources are allocated to the different kernels, and how performance is impacted by these

allocation decisions.

As the GPU moves onto the same chip as the CPU [18], [19], the potential advantage of
using GPUs as parallel accelerators with multitasking capabilities will grow. Fully exploiting
GPUs will require new temporal and spatial GPU multitasking techniques. Although spatial
multitasking provides more effective use of GPU resources, leading to improved throughput and

system responsiveness, many issues require further research.

2.3 Process Variation

As process technology scales below 65-nm, considerable transistor delay variations occur
both die-to-die (D2D) and within-die (WID) [13]. D2D variations affect all transistors on a die
identically, whereas WID variations result in different characteristics for transistors across a
single die. When there are multiple cores in a die, WID process variations result in cores having
a different maximum operating frequency (Fmax). As technology scaling encourages integrating

more cores per die, WID variations lead to more significant core-to-core (C2C) frequency
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variations. Using a single global clock, as is the case in most CPUs and GPUs, requires all cores
to run at the same frequency—the minimum of the cores’ Fnax values. Because GPUs have a
much larger number of cores than CPUs, this issue is particularly problematic. Clocking each
SM at its own Fnax, removes the artificial restriction of global clocking (GC), and thus improves
throughput. This technique is called per-SM clocking (PSMC) [14]. There are some applications
that benefit from running on SMs with higher frequencies, while others do not suffer when
executing on SMs with lower frequencies. When multiple GPGPU applications with different
characteristics run on a spatially-multitasking GPU with PSMC, the assignment of SMs to

applications can significantly impact performance.

Technology scaling increases WID, and also encourages integrating more SMs per die,
resulting in larger SM-to-SM frequency (and leakage power) variations. According to a model
applied to a GPU comprised of 30 SMs in 32nm technology, the fastest SM can be up to 40%
faster than the slowest SM [20]. In a globally-clocked GPU this leads to the “worst of both
worlds”: all SMs are limited to the Fnax Of the slowest SM, but cores otherwise capable of higher
frequencies consume much more leakage power, degrading power efficiency considerably [13].
In contrast, PSMC allows us to exploit SM-to-SM F,a Variation to improve overall performance

[14].

This thesis extends prior work [3] by exploiting WID process variation, PSMC, and an SM
partitioning methodology that assigns kernels to SMs based on workload characteristics and SM
frequency. I exploit this WID Fax variation to improve performance by implementing PSMC on
a GPU. Per-core PLLs are already commonly used even for globally-clocked multiprocessors to
optimize clock skew and reduce power dissipation of clock trees [21]. Thus, | assume there

would be little to no extra cost to support PSMC using per-SM PLLs on a GPU. If the number of
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SMs is such that it makes the cost of having a PLL per SM too high, a PLL per cluster of
neighboring SMs could be used to lower the overhead. This approach would still provide benefit,

since WID process variations are typically dominated by spatially correlated ones.

K. Bowman et al. [22] and Humenay et al. [23] examined the impact of WID C2C
frequency variations on the performance of multi-core processors. The performance
improvement of a frequency islands (FIs) scheme exploiting WID C2C frequency variation
across a range of multicore processor designs is examined using an analytical throughput model
of the FIs multi-core processors [20]. Lee et al. [14] showed that PSMC on a GPU having WID
process variation can significantly improve performance because there is rare or no inter-SM
communications in most GPGPU kernels. The independence of the thread blocks within the
same GPGPU kernel allows any available SM in a GPU to execute multiple blocks

independently while running at a different frequency.

2.4 Quality of Service (Qo0S)

Many multimedia and other applications have certain quality-of-service (QoS) requirements.
Performing below the application’s QoS requirement is considered undesirable, whereas
performance above it may not offer any extra benefit. For example, encryption algorithms might
need to keep pace with communication algorithms or media playback, and algorithms such as
JPEG might be required to decode frames at a certain rate at which they are presented to the
consumer. Applications with QoS requirements may concurrently run on the GPU with other
applications that do not have QoS requirements, but do benefit from increased performance. I

refer to this latter class of applications as “best-effort” applications.
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Allocating limited resources to multiple applications satisfying their QoS requirements has
been studied before; low level parameters descriptive of the task such as arrival rate, period or
service time are usually considered (e.g., [24], [25]). For this work | take into consideration a

single QoS dimension, which is the IPC executed by the QoS application.

Harada et al. looked at adjusting the QoS requirements of an application to reduce its energy
consumption; this work targeted embedded real-time systems (e.g., [26]). In this thesis | also
study using QoS requirement information to allow energy consumption to be reduced, but
without changing the QoS requirements. Other previous research studied how to satisfy the
required level of QoS for a certain application while guaranteeing the lowest energy
consumption by adjusting the supply voltage and frequency on a CPU with DVFS support (e.g.,
[27]). | pursue the same objective, considering a GPU, but instead by minimizing the amount of
resources assigned to a QoS application running on the GPU, while still satisfying its

performance requirements.

Hong and Kim use an analytical GPGPU model to find the number of cores in the GPU that
provides the largest performance per watt for a certain application [28]. Although they consider
leaving resources (GPU cores) idle to save power, they do not take into account QoS; in this
work | also consider how to partition the GPU resources between multiple QoS and best-effort
applications running on the same GPU to minimize power consumption or maximize

performance of a co-scheduled best-effort application.

TimeGraph schedules GPU commands from multiple applications that try to access the

GPU; it guarantees the performance of certain applications by giving preference to its commands
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[29]. My approach instead satisfies QoS by partitioning the GPU resources among applications

running concurrently in a spatial multitasking GPU.

2.5 Fairness

Previous work exists that studies GPU resource management for multitasking systems, but it
usually focuses on temporal multitasking (dividing the time among the applications to execute on
the complete GPU resources). GERM is another GPU scheduler that guarantees fairness in the
system by assigning an equal amount of time to the competing applications to run on the GPU
[30]. In contrast, the approach that | present in Section 0 (which is based on spatial multitasking)
partitions the GPU computing resources among competing applications and executes them

simultaneously, each on their assigned subset of GPU resources.

Jog et al. [31] look at the issue of fairness when multiple GPGPU applications run
concurrently on the GPU (spatial multitasking). They show that GPGPU applications with high
memory intensity can negatively impact the performance of other GPGPU applications. To solve
this problem they modify the memory system to serve memory requests from the different
applications in a round robin fashion; now applications with lower memory intensity are not
starved by other applications that present higher memory usage. While their proposal reduces the
negative interactions that can occur from multiple applications sharing the memory system, it
does not completely solve the fairness problem, nor does it handle fair allocation of compute

resources as | propose in this work.

Other previous work focuses on fairly distributing computing resources among concurrent
executing applications in simultaneous multi-threaded (SMT) and chip multiprocessor (CMP)

systems. Bhadauria et al. study when to co-schedule threads from multiple parallel programs to
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the individual processors in a CMP. They try to schedule threads that present a different use of
resources to run concurrently, optimizing for both overall system performance and individual
thread energy-delay [32]. Although their work focuses on the advantages of space-scheduling vs.
time-scheduling, they also consider fairness. They limit their co-scheduling to the applications
whose performance does not scale well with the number of threads simultaneously executing
from that application; those applications that do scale well are run in isolation. This means that
the per-thread performance of a co-scheduled application actually increases, despite the fact that
fewer of its threads can execute simultaneously. However, the inability to co-schedule
applications from both categories (those that do and those that do not scale well with increasing

thread execution) limits the possible solution space.

Another concern regarding fairness in multiprocessor (SMT and CMP) systems is that
contention in the shared resources (such as memory) can lead to reduced performance relative to
running in isolation; hardware solutions that assign a share of the resource to each of the
applications competing for it, provide some amount of fairness. Nesbit et al. [33] present a
memory scheduler that assigns each application in the system the same amount of memory
bandwidth, independently of the resource usage of the other applications; Kim et al. use
hardware mechanisms to partition the L2 cache, this way all threads running on the system are
affected equally by the sharing of the L2 [34]. Cazorla et al. study how to reduce the
performance variability that an application suffers when running on an SMT CPU with a variety
of co-scheduled applications; in this case resources such as the issue queues, registers and fetch
priority are divided among the concurrent applications [35]. Ebrahimi et al. [36] study how
individual application’s performance is affected when multiple applications run on a CPM

sharing the memory system. They propose clocking down the cores that place more pressure on
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the shared resource and negatively impact other application’s performance. The clocked down
cores issue fewer memory requests reducing the pressure on the memory system, and
applications that were negatively impacted by the sharing experience performance improvement.
This particular method could be used in conjunction with my proposed methods to control

fairness using resource allocation.

2.6 Processing in Memory and 3D Die Stacking

The performance gap between the processor and the memory system has kept increasing
over the years [9]. Currently the memory system presents higher latency and energy consumption
than the processor [37]; which results in the memory system being responsible for a large portion
of the total system energy consumption [8], [10]. This trend is particularly problematic for
applications that are memory bound and present irregular memory access patterns and low data
reutilization; for these applications accessing data is expensive and inefficient. A solution to this
problem is to place the compute logic and the memory closer together, reducing the energy

consumption and latency of accessing data from the memory to the processor [38], [39], [40].

Processing in memory (PIM) architectures couple compute logic and memory on the same
chip. Traditional PIM proposals integrated logic and memory on the same chip using the same
process technology; this results in reduced performance and it is expensive to produce due to the

low yield. This is the reason why PIM has not been adopted until now.

This thesis studies PIM architectures implemented with 3D die stacking. 3D stacking is a
technology that overcomes the previous problem of integrating both logic and memory in the
same chip using the same process technology; 3D stacking places two or more dies on top of

each other, and makes it possible for the different dies to use different process technology.
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Figure 2: Example system with a host processor and multiple memory devices with PIM capabilities.
Figure taken from“Thermal Feasibility of Die-Stacked Processing in Memory”, by Yasuko Eckert,
Nuwan Jayasena, Gabriel H. Loh, in In the 2nd Workshop on Near-Data Processing (WoNDP), 2014.

Previous research has shown that the main benefit provided by 3D stacking is the high memory
bandwidth access that the processor has to the memory [41]. There are industry standards that
show the interest in 3D die stacking; the hybrid memory cube (HMC) and High Bandwidth
Memory (HBM) are examples of it [42], [43]. As the main benefit of 3D stacking is the large
memory bandwidth, applications with high bandwidth demand will be a good fit for PIM

systems [41].

The system that | study is shown in Figure 2; there is a host processor connected to multiple
memory devices with PIM capabilities. In such a system, memory intensive computations are
offloaded to the PIMs and computation and data are partitioned among the stacks. Due to the low
latency and high bandwidth to the memory available to the processor when accessing data in its
local stack and the high latency and high energy consumption of remote memory accesses,
maximizing data locality is desired. However, emerging workloads with increasingly irregular
memory access patterns make it difficult to place the data and computation in the same stack,
resulting in computation having to access data that is remote. Migrating work to execute on the
stack where the remote data is located, can be more efficient that fetching the data from a remote

stack.
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Previous research exists on the topic of work and task migration for distributed systems
(e.g., [44], [45], [46], [47]). However, PIM introduces a number of new considerations that
warrant revisiting the topic. The PIM stacks within a single system, in some ways, resemble non-
uniform memory access (NUMA) architectures. However, the close coupling of PIM to main
memory makes local memory access extremely inexpensive from both performance and power
perspectives relative to traditional NUMA machines and other forms of multi-processor systems.
Further, the PIM stacks can be interconnected via memory interfaces enabling efficient, fine-
grain communication (e.g., a single cache line) among them. In addition, PIM’s proximity to
memory enables highly efficient, hardware-assisted implementations of queue primitives. These
factors justify and enable a finer granularity of tasks than many of the prior studies. In this study,
| consider work migration at the granularity of the processing performed on a single vertex of

graph algorithms.

2.7 Large-Scale Graph Processing

A graph is a data structure that tracks the connections between the different elements in a
set. Many important applications these days such as social science and machine learning use
graphs in their computations; some of the graphs that these applications work with are very large
having at least millions of vertices. Graph algorithms such as breadth-first search, connected
components, and shortest path are used frequently in other more complex applications. Graph
algorithms are memory-bound and present irregular and graph-topology-dependent memory
access patterns with limited data locality; these characteristics result in graph algorithms having
high memory bandwidth requirements [48]. These characteristics also make graph algorithms a
good match for PIM architectures. However, the irregular memory access patterns make it

challenging to partition the computation and data across the multiple PIM stacks so that



19

computation is co-located with its data and remote memory accesses are avoided. Therefore, |
explore work migration techniques targeted towards graph processing algorithms to improve

their performance in systems with multiple PIM stacks.

Narse et al. have compared two different approaches used to parallelize graph algorithms:
topology- and data-driven [49]. In the first one all the vertices are visited regardless of whether
there is work to perform on the vertices. In the second approach vertices are only visited if they
are active and there is work to be done on them. This second implementation requires using a
worklist data structure to track the vertices that need processing; threads read active vertices
from the worklist and if, during the processing of a vertex, more vertices become active, they are
written to the worklist. Updates to the worklist need to be atomic to prevent conflicts among
concurrent updates. While data-driven implementations are more work-efficient, they can suffer
from contention when multiple threads are updating the shared worklist [49]. In this thesis |
propose hardware mechanisms that take advantage of PIM’s proximity to memory to implement

efficient queues and reduce the overhead of using work migration.

In cases where a large graph is distributed across multiple memory modules, | anticipate the
common case is for all PIM devices to execute the same code on different subsets of data.
Therefore, task migration in these cases does not require moving code between devices as the
code base is identical and is already available at each PIM stack. Task migration simply involves
communicating additional vertices, edges, or other data elements to be processed at a remote
stack. Therefore, migrating a task can be as simple and as low overhead as communicating a
single word (e.g., a vertex ID) to a remote PIM device. In many ways, this is similar to the

original notions of active messages (i.e., the data from the message is integrated into the ongoing
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computation at the remote location) [50] and does not require the migration of a full register set

or context state.

Many distributed systems that perform computations on graphs follow this same approach:
all the vertices to a remote processor are collected and then sent in a package to the
corresponding remote processor. This approach results in an additional communication time that
can reduce system performance [44], [51], [52], [53]. My proposed fine-grained work migration

overlaps the communication with the computation, improving performance.

Hardware approaches have been proposed to improve the performance of data-driven graph
algorithm implementations by reducing the contention on the shared data structures [54], but
these often require dedicated hardware to hold the queue’s data or metadata or both. As a result,
these schemes incur high overheads to provision these dedicated structures and scalability is still
limited by the hardware availability. Dedicated hardware also complicates context switching as
the dedicated hardware must either be included in the context state or continue to be occupied by
inactive contexts. Dedicated accelerators have also been proposed in the context of PIM [55],
[48]. I use general purpose processors, which are able to execute a variety of applications not

only graph algorithms.

Lock-free structures have also been proposed based on the computation of prefix-sums of
multiple, parallel agents accessing the queue (so that each knows which location within the
queue to access in parallel) [56]. However, these are difficult to orchestrate over loosely-coupled
execution engines, as is the case with multiple processors that may not reside on the same chip.
My proposal does not require extra time to compute the prefix-sums, and it also does not require

coordination among the different PIMs in order to coordinate the queue operations.
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3 Experimental Framework for GPGPU Studies

This section describes the experimental framework used in Chapters 0, 5, and 0 for my
research related to GPGPUs. For all the experiments | use GPGPU-Sim, which is a detailed
cycle-level execution-driven GPGPU simulator, | modify GPGPU-Sim to support spatial
multitasking. For early experiments (resource allocation for spatial multitasking GPGPUs taking
in consideration process variation and QoS) | used a modified version of GPGPU-Sim 2.1.1 [57]
that models the NVIDIA Quadro FX 5800 GPU (GT200 architecture) with 30 SMs and 8
memory controllers [58]. For the later experiments (resource allocation for spatial multitasking
GPGPUs considering fairness) |1 use GPGPU-Sim 3.2.1, which approximates the NVIDIA
GeForce GTX 480 GPU based on the newer NVIDIA Fermi architecture with 16 SMs and 6
memory controllers [15]. Although I model NVIDIA GPUs, these results can be generalized to
other architectures. Table 1 lists the parameters used with GPGPU-Sim to model these

architectures.

| use the methodology presented in [59] to compare performance of multitasking GPGPU
applications. | run all spatial multitasking simulations for 5M GPU cycles and measure the
number of instructions simulated for each application. If an application completes in less than
5M cycles, it is restarted so that | am able to gather data for a full 5M cycles. | measure the
number of instructions that each application completes, which represents a measure of work
accomplished by the application during the 5M cycle timeframe. | then run the applications for
the same number of instructions in cooperative multitasking, and determine the change in time
required for those instructions. This ensures that | compare the same amount of steady-state work

for each application between spatial and cooperative multitasking.
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Figure 3: (@) A WID Vth variation map for a 30-SM GPU and (b) the
corresponding normalized F,

Figure 3(a) shows a WID threshold voltage (Vi) variation map for a region (containing 30
SMs) of a die in a GPU. To generate spatially-correlated Vi, and effective channel length (Les)
maps for a GPU die, | used an analytical WID variation model and the following parameters as
presented in [20]: WID correlation distance coefficient (0.5) and WID Vy, variation (6.4%). |
partitioned each variation map into 96x96 grid points and obtained a pair of Vi, and Les values
for each grid point using the analytical WID variation model. Then, | applied the corresponding
pair of Vi, and L values to the 32nm predictive technology model [60] to obtain Fpax Of each
grid point, which is modeled with a 24-stage FO4 inverter chain. Measuring propagation delay of
this multi-stage FO4 inverter chain through HSpice simulation is a widely-accepted methodology
to evaluate digital circuit performance [61]. Note that an SM’s Fnax is determined by the slowest

grid point in the SM [20].

In Figure 3(b), each rectangle represents an SM and each number in a rectangle corresponds
to Fnax Of each SM at the supply voltage (Vpp), normalized to the Fnax Of the slowest SM. Note
that the Fax Of the fastest SM is 1.4 times the Fax of the slowest SM in the GPU die shown in
Figure 3(b). As more SMs are integrated in a die (i.e., the die size becomes larger), | observe that

the relative SM-t0-SM F, Variations across the die increase.
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Parameters Quadro FX5800 GTX 480
# SMs 30 16
SM Frequency 1300 MHz 1400 MHz
Warp Size 32 Threads 32
SIMD Width 8 16 x2
# Threads per SM 1024 (32 warps) 1536 (48 warps)
Registers / Shared Memory per SM 64 KB /16 KB 32768 / 48 KB
# Memory Controllers 8 6
Memory Frequency / Bandwidth 800 MHz /102 GB/s | 924 M Hz /134 GB/s
Bandwidth per Memory Module 8 Bytes per Cycle
Interconnect Topology / Frequency Crossbar / 650 MHz | Crossbar /1400 M Hz
L1 cache (per SM) None 16 KB
L2 cache (per SM) None 768 KB
Table 2. Key Application Characteristics
o Thread Threads / Thread
Application Category Kernels | blocks/ blocks /
Kernel thread block SM
AES Decryption [70] (AES) 1 4097 256 6
AES Encryption [70] (AESE) Encryption 1 1420 256 2
SHAL [75, 71] (SHA1) 1 1539 64 8
JPEG Decoding [72] (JPEG) Image 1 512 64 8
Image Denoising [73] (ID) processing 1 4096 64 8
Ray Tracing [74] (RAY) Graphics 1 2048 128 5
Fractals 2 512, 336 64, 256 8,4
Streamcluster [76] (SC) Data mining 1 128 512 3
Pathfinder [76] (PATH) Grid traversal 1 463 256 6
Dirac Video Codec [82] (DVC) Video 14 230 (avg.) 231(avg.) 4 (avg.)
Sum of Absolute Difference [81] processing 3| 1584, 99, 99 61, 128, 32 8,8,8
Neural Network [77] (NN) Artificial 4| 168,1400,| 169,25 1,1| 5,8,8,8
Back Propagation [62] (BPR) Intelligence 2 4096, 4096 256, 256 4,4

To evaluate the performance of this research | use a variety of CUDA kernels and

applications taken from ERCBench [3] and Rodinia [62] benchmark suites. Table 2 shows the

most important characteristics of these applications.
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4 Process Variation-Aware Workload Partitioning Algorithms for GPUs

Supporting Spatial Multitasking

Within-die (WID) process variation results in different F,, across the streaming
multiprocessors (SMs) in a GPU. Per SM clocking (PSMC) provides the opportunity to assign
SMs with different F... to concurrently-executing applications. In this Chapter | study the
benefits of using PSMC on a spatial multitasking GPU. For this work 1 model a NVIDIA Quadro

FX 5800 GPU, which has 30 SMs and 8 memory controllers (MCs).

4.1 Application Characterization

| first study how sensitive different GPGPU applications are to frequency; | run each
application several times in isolation on the simulator increasing the frequency of all the SMs
each time. | repeat this for four different simulated architectures related to the NVIDIA Quadro
FX 5800 GPU that allow us to estimate spatial multitasking performance from isolation data. |
examine one architecture with 15 SMs and 4 memory controllers, one with 10 SMs and 3
memory controllers, and finally both 15 and 10 SMs with 8 memory controllers. The latter two
architectures help identify if each application is more affected by SM frequency, memory
bandwidth, or a combination of the two. | vary the frequency from 1.3GHz to 1.82GHz in
130MHz steps. All SMs are clocked at the same frequency in each run (i.e., GC) and the highest
frequency is 1.4 times the lowest frequency. This is a realistic frequency range considering WID

process variations in a large die for 32nm technology, as previously discussed.

Figure 4 shows, for each application in isolation, speedups for different clock frequencies
normalized to 1.3GHz. Based on how application’s performance scales with SM frequency, |

classify the applications in two groups: compute- and memory-bound.
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Figure 4: Speedup vs. SM frequency for 15 and 10 SMs and 8, 4 and 3, memory controllers. Results are
normalized to a GPU with SMs operating at the base frequency (1.3GHz). The X-axes is the normalized SM
frequency.

AES-E, ID, RAY and SAD present almost linear speedup in all cases, showing compute-
bound behavior. Applications such as DVC and JPG-D show moderate performance
improvement with frequency, though the improvement is higher when more memory bandwidth
is available. With 10 SMs and three MCs, DVC performs 23% better with 40% higher frequency.
By increasing the number of MCs to eight, the performance of DVC increases by 37% (close to
linear). SHA1’s performance is also dependent on the number of MCs; at 1.82GHz with 10 SMs
and three MC, it shows no speedup, with eight MCs the performance is 39% higher. NN presents

little speedup with frequency, no matter the memory bandwidth available.
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Table 3. Speedup of two-application workload using CSMF and CFMS assignments (Profile
Partitioning, normalized to global clocking cooperative)

Workload CSMF |CFMS A 'Workload CSMF |ICFMS |A

AES-E / JPG-D 1.34 1.38 0.04 ID/DVC 1.44 1.48 0.04
AES-E / NN 1.82 1.98 0.16 ID / SHA1 1.30 1.38 0.08
AES-E / BPR 1.57 1.60 0.03 RAY /JPG-D 1.29 1.33 0.04
AES-E / DVC 1.39 1.40 0.01 RAY / NN 1.56 1.67 0.12
AES-E / SHA1 1.28 1.35 0.07 RAY / BPR 1.48 1.52 0.04
SAD / JPG-D 1.32 1.34 0.02 RAY / DVC 1.40 1.42 0.02
SAD /NN 1.32 1.45 0.13 RAY / SHA1 1.19 1.24 0.05
SAD / BPR 1.30 1.35 0.05 BPR /NN 1.12 1.13 0.01
SAD /DVC 1.31 1.33 0.02 AES-E /ID 1.24 1.24 0.00
SAD / SHA1 1.08 1.13 0.05 JPG-D/DVC 1.36 1.36 0.00
ID/JPG-D 1.36 1.42 0.06 RAY / SAD 1.27 1.27 0.00
ID /NN 1.70 1.86 0.16 DVC/ SHA1 1.17 1.18 0.01
ID/BPR 1.51 1.58 0.07 Geo Mean 1.36 1.41 0.05

| classify RAY, AES-E, ID, and SAD as compute-bound because they show nearly linear
speedup with frequency. On the other hand, I classify SHA1, JPG-D, NN, BPR, and DVC as
memory-bound since they do not benefit significantly from increased SM frequency. This

classification can be done either in advance or at runtime by using a sampling method [63].

4.2 Resource Partitioning Algorithms

The following sections present experiments that combine PSMC with my SM partitioning

algorithms to improve overall system performance in a spatial-multitasking GPU.

| use the following partitioning algorithms [3] to assign SMs to GPGPU applications and
evaluate PSMC: Even-Split assigns SMs evenly among running applications, regardless of their
computational needs. Profile uses isolated application profiling information to choose the best
SM partitioning for each application. In my experiments, | profile applications in advance, and
the results are used by the allocator. However, the profiling could be performed at runtime [63] if
data-dependent application behavior is a concern. | use Even-Split and Profile to examine SM

partitioning methods that have different objectives: Even-Split aims to provide applications with
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equal access to GPU resources. Profile, on the other hand, tries to assign the number of resources
to each application that maximizes system throughput. The best partitioning method would

depend on the system’s and/or user’s goals.

4.2.1 Performance Impact of Application Assignment Methods for Spatial-Multitasking

GPUs Supporting PSMC

As shown before, different applications respond differently to frequency. I hypothesize that
assigning more compute-bound applications to fast SMs and less compute-bound applications to
slow SMs will result in higher overall performance. | compare the performance of the two
assignment methods: (i) compute-bound applications to faster SMs and memory-bound
applications to slower SMs (CFMS) and (ii) compute-bound applications to slower SMs and
memory-bound applications to faster SMs (CSMF). | use Profile partitioning and | run several
combinations of two applications for a time corresponding to 5M GPU cycles of the slowest SM.
| use Profile because it provides better overall system performance. Table 3 shows the results,
normalized to cooperative multitasking with GC; CFMS is better and never worse than CSMF.
The difference (A) is greatest when a compute-bound application executes with a memory-bound
one, and negligible for applications with similar characteristics. For the remainder of the paper, |

use CFMS.

4.2.2 Impact of SM Partitioning Algorithms on Performance of Spatial-Multitasking

GPUs Using CFMS
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First, I run combinations of two applications on the GPU to study the performance improvement
of using PSMC with CFSM and my partitioning algorithms over GC. In Figure 5 each graph
shows the speedup of a compute-bound application running with the memory-bound ones.
Assigning faster SMs to compute-bound application(s) and slower SMs to memory-bound
application(s) leverages the PSMC benefits provided by WID. Figure 4 showed that AES-E and
ID scale better with frequency than SAD or RAY. Hence, combinations of either AES-E or ID
with memory-bound applications show higher speedups than when those memory-bound
applications are combined with SAD or RAY. Even-Split partitioning outperforms cooperative

multitasking, and Profile generally outperform Even-Split.
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Figure 5: Speedup of compute- and memory-bound application combinations for spatial multitasking partitioning
algorithms using both GC and PSMC. The results are normalized to cooperative multitasking with GC.
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Figure 6 shows PSMC performance when two compute- or two memory-bound applications
run simultaneously on the GPU. For brevity, | only present results for a few combinations. When
two memory-bound applications co-execute, neither benefits much from higher frequency SMs.
When two compute-bound applications co-execute, the benefit achieved by one application using

fast SMs is largely offset by the penalty of the other using slow SMs.

Figure 7 shows the geometric means of the speedups of the application combinations shown
previously. The first four pairs of columns are the geometric means of the combinations shown
in Figure 5, the fifth are the means from Figure 6, and the sixth column shows all combinations.
The most compute-intensive applications gain the most from PSMC and spatial multitasking
when assigned high frequency SMs. The overall speedup using PSMC for the different
partitioning algorithms ranges from 18%-20% over their counterparts using GC. Compared to
cooperative multitasking with GC, these speedups increase to 33%-41% across all tested

combinations, and 36%-46% for cases that combine compute- with memory-bound applications.
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Figure 6: Speedup of combinations of two compute- and two memory-bound apps for different partitioning
algorithms with GC and with Per-SMC. The results are normalized to cooperative multitasking with GC.
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Figure 7: Geometric mean speedup of combinations of compute- and memory-bound applications, and the
geometric mean of speedups for all combinations. Results are normalized to cooperative multitasking with GC.

4.2.3 Combinations of Three Applications

| extended the previous experiments to study combinations of three applications that might
run together in a real scenario. For example, 1D, JPG-D, and DVC together represent a user
decoding and editing video and images. AES-E, DVC and NN show someone encrypting and

decoding a high-definition video while searching for objects of interest in that video.

Figure 8 shows the speedups of the different partitioning algorithms over cooperative
multitasking with GC. As expected, speedups are best when combining a mix of compute- and

memory-bound applications. Profile results in better speedups than Even-Split for most
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Figure 8: Speedups of combinations of three applications using different multitasking partitioning algorithms with
GC and PSMC. The results are normalized to cooperative multitasking with GC.
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combinations. For some combinations Figure 8 shows that Profile performs worse than Even-
Split, which is initially an unexpected result. However, Profile uses information from running the
applications in isolation; when multiple applications execute on the GPU, the contention between

applications in the shared resources (such as interconnect and memory) can affect performance.

Resource partitioning algorithms with PSMC obtain average speedups of 19% for both
Even-Split and Profile, compared to GC. Compared to cooperative multitasking with GC,
speedups are 42% and 43% when running three applications with spatial multitasking and

PSMC.

4.3 Summary

| propose a variation-aware assignment of SMs to applications in a GPU that supports
spatial multitasking and PSMC. | characterize GPGPU applications as compute-bound or
memory-bound based on their change in performance as the frequency of SMs is increased.
Next, | apply a variation-aware assignment of SMs to applications that co-execute with spatial
multitasking. Our proposed technique that assigns faster SMs to compute-bound applications and
slower SMs to memory-bound applications demonstrates an improvement in performance. | also
evaluate different SM partitioning algorithms that take advantage of PSMC in a multitasking
GPU. When executing two or three applications concurrently, | achieve speedups of 18%-20%
using Even-Split and Profile partitioning algorithms, respectively, compared to the same
partitioning algorithms with global clocking. These speedups increase to 36%-46% when

compared to the performance of cooperative multitasking with global clocking.
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5 QoS-Aware Dynamic Resource Allocation for Spatial-Multitasking GPUs

In this section | explore how spatial multitasking can improve system performance and
power consumption when running quality of service (QoS) applications on a spatial multitasking

GPU. For this work | also model a NVIDIA Quadro FX 5800 GPU using GPGPU-Sim.

5.1 Methodology

AES Decoding (AES-D), JPEG Decoding (JPEG-D) and SHA1 are our QoS applications;
they present different characteristics and represent applications that may have a QoS
requirement: Encryption algorithms need to keep pace with communication or media playback,
and JPEG-D is required to decode frames at a certain rate. Image Denoising (ID), Ray Tracing
(RAY), Dirac Video Codec (DVC), Sum of Absolute Differences (SAD), and Fractals are our

best-effort applications.

| compare the power and performance implications of using spatial vs. cooperative
multitasking while meeting the QoS requirements of different applications. | measure power
differences by noting the number of SMs that must be enabled for each method and | measure
performance differences in terms of the number of instructions completed during the same time
span [59] for each method. For our experiments, | assume that the QoS applications meet their
QoS using cooperative multitasking. | then evaluate if spatial multitasking can also meet these
requirements, and if so, how many SMs can be left idle to save power or assigned to best-effort

applications to overall system improve performance.

To establish a QoS requirement for each application, | measure the work (humber of
instructions) it completes when allocated 100% of the GPU resources (30 SMs) for 50% of the

simulated execution time (i.e., cooperative multitasking). This same instruction count must then
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Figure 9: (@) SMs not required by each QoS application running in isolation on the GPU. (b) SMs not required
for two QoS applications sharing the GPU.

be met by a partial allocation of SMs for 100% of the simulated time. Different QoS
requirements do not change the fundamental approach, merely the result of applying it. To test
the effects of “tighter” vs. “looser” requirements, | also examine 95%, 90%, 85% and 80% of the

calculated QoS.

To evaluate the benefits of spatial multitasking over cooperative multitasking for QoS
GPGPU applications, | examine three execution scenarios. First, one QoS application is
executing in isolation, and | determine the minimum number of SMs needed to satisfy its QoS.
Second, | examine two concurrently-executing QoS applications, and determine how many SMs
are not needed to meet the applications’ QoS requirements—which depends in part on the co-
executing applications. Last, | examine combinations of one best-effort and one QoS application
to determine how allocating the “extra” SMs (those not needed by the QoS application) to the

best-effort application can improve performance.

5.2 Profile-based Resource Allocation

In this section, | present application profile information showing how many SMs each QoS
application needs to meet its requirement. First, | run each QoS application in isolation using up

to 50% of the GPU resources (15 SMs) for 100% of simulated time and measure the number of
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Figure 10: The throughput increase of best-effort applications when spatially-multitasked with one QoS
application for 100% of the simulated time as compared to running in cooperative multitasking using all the
resources (30 SMs) for 50% of the simulated time.

SMs (out of the 15) that can be disabled to reduce power consumption while meeting QoS
requirements (Figure 9 (a)). | can disable 4 SMs for SHAL’s 100% of execution time but none
for AES-D at 100% of the calculated QoS. As the QoS requirement is relaxed, more SMs can be

disabled.

Second, | concurrently run two QoS applications using spatial multitasking on the GPU, and
evaluate the number of SMs that can be disabled while still meeting their QoS (Figure 9 (b)).
Spatial multitasking allows the GPU to disable 11 SMs when concurrently executing SHAL and
JPEG-D; with cooperative multitasking there would be no idle SMs—each application uses

100% of the resources for 50% of the time.

Finally, I examine all possible SM allocations when one QoS and one best-effort application

co-execute on the GPU. | determine, for each pairing, the minimum number of SMs for the QoS

Table 4. Average power savings when spatially-multitasking
two QoS applications, if unneeded SMs are left idle vs. power-

gated.
QoS I<(j\|/$/)SMs Power Gated SMs (W)
100% 2.6 6.9
95% 5.8 11.2
90% 8.8 15.8
85% 13 22.2
80% 18.1 28.6
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application to satisfy its QoS requirement, then measure the performance improvement of the
best-effort application when it is allocated the extra SMs. Figure 10 shows the throughput
increase factor of best-effort applications when they are allocated the “extra” SMs with spatial
multitasking. This is computed by dividing the amount of work that the best-effort application
completes when spatially-multitasked with the QoS application, divided by the amount of work
that the best-effort application completes when cooperatively-multitasked using all the resources
(30 SMs) for half of the time. When a best-effort application such as Fractals, ID and RAY
concurrently runs with SHA1L, their performance increases at least 20% for the 100% QoS
requirement. Cooperative multitasking, however, cannot allocate unused SMs to best-effort

applications to increase performance.

When | only run QoS applications, any SMs unneeded for QoS is left idle; idle SMs
contribute to power savings because they consume less dynamic power than active SMs. Current
GPUs do not employ core power gating, but future ones could as a result of the increasing
number of cores and the increasing importance of power consumption especially in embedded
devices. Using GPUWattch [64], | determine the power consumption per SM for every
application and then compute the power savings obtained by leaving SMs idle as well as by
power gating the otherwise-idle SMs when running two QoS applications simultaneously (using

spatial multitasking) on the GPU (Table 4).

5.3 Impact of Co-scheduled Applications on Performance

The previous section showed that the number of SMs required by QoS applications to meet
their performance requirements with spatial multitasking depends on any co-executing

applications. For each QoS application, | determined which best-effort application most
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degraded the QoS application’s performance. Table 5 reports this performance degradation for
each QoS application relative to its performance in isolation with the same number of SMs. |
show results for both 10 SMs (1/3 of the GPU) and 15 SMs (1/2 of the GPU). AES-D does not
have notable performance loss, but JPEG-D and SHAL are more sensitive to co-executing
applications. Even with 50% (15) of the SMs, JPEG-D and SHAL exhibit up to 16% and 18%

performance loss (respectively) in the worst case.

It is thus difficult to statically determine QoS applications’ required SM allocation. If the
application(s) that might co-execute with it are not known a priori, | must conservatively allocate
SMs to ensure the QoS is met for the worst case. This could considerably reduce or completely
negate the performance benefit of spatial multitasking over cooperative multitasking. | further

examine this problem in the next section, and propose a method to address it.

Table 5. Maximum performance loss of each QoS application when sharing the GPU with
another application vs. alone with the same # of SMs

Application Max. performance loss Max. performance loss
(15 SMs) (10 SMs)
AES-D 0.3% 0.3%
JPEG-D 16% 23.2%
SHA1 18.2% 24%

5.4 Dynamic Resource Allocation

As previously discussed in Section 5.3, an application’s performance depends on any co-
executing applications due to contention in shared resources such as memory and interconnect.
Thus, | propose a runtime algorithm to estimate QoS application performance and dynamically

allocate the required SMs to them.



37

For performance estimation, | assume that application performance increases linearly with
the number of SMs. | assign an initial number of resources to the QoS application and measure
its performance at that point; our performance estimation is the line that contains that point and a
slope equal to the performance divided by the number of SMs at that point. | can plot this
estimation on a graph of performance vs. SM allocation by drawing a line between the current
measurement point (# SMs, performance) and a point at 1 SM and a performance level equal to
the measured performance divided by the SM count for that performance. Most applications
show sub-linear speedups with the number of allocated SMs. Hence, when used as a guide
primarily for estimating a reduction in SMs, this performance estimation is generally pessimistic.

Figure 11 shows the performance of SHAL running in isolation for allocations of 1 to 30 SMs.

Since this estimation method is not 100% accurate, however, | use an iterative approach as

follows:

1. I initially assign 50% of the SMs to a QoS application and measure its performance after it
has run on those SMs for at least the duration of one thread block. | use this sample point to
create a linear performance model.

2. If the current performance exceeds the QoS requirement, | determine whether or not the QoS
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Figure 11: Linear approximation of SHA1, running in isolation
on the GPU, from 30 SM for a target QoS of 160 IPC. X-axes
are the number of SMs.
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would still be satisfied with fewer SMs based on the model. If so, | decrease the allocated
SMs as predicted by the linear model. On the other hand, if the QoS is not satisfied, |
increase the SM allocation according to the model.

3. | re-evaluate the performance after running the application with the adjusted number of SMs,

and repeat step two if appropriate.

To reallocate an SM from one application to another, | first need to make sure that the SM is
no longer executing work. There are three ways to do this: (i) migrate the remaining work to a
different SM; (ii) terminate the work and later restart it on another SM; or (iii) wait for the SM to
finish executing. As each SM on a GPU has many threads executing simultaneously, each
keeping their intermediate results in large register files and local memory, migrating work across
SMs requires moving a large amount of state and thus incur a great deal of overhead.
Terminating the work and later restarting it on another SM can be very costly because some
threads perform a large amount of work that might then be lost. For this work, | choose the third
option: wait for the SM to finish executing the remaining work it had been assigned from the

first application; then, allocate the SM to the new application.

Figure 11 shows how our algorithm works. SHAL needs to satisfy a QoS of 160 IPC, shown
as a horizontal line. | start at 30 SMs, and after executing the application for the duration of a
thread block, our algorithm estimates that 12 SMs are needed to satisfy the QoS. | wait for the
extra SMs to finish execution of any remaining work, then I reduce the number of SMs to 12.
After executing our application now on 12 SMs for the duration of a thread block, the algorithm
runs again and estimates that only 9 SMs are needed. With 9 SMs the QoS is satisfied, and if I

run the algorithm again it determines that I cannot further reduce the SM allocation.
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Figure 12: (a) Convergence of each QoS application, in isolation, to the minimum # of SMs to satisfy its QoS.
(b) Convergence of two QoS applications spatially-multitasked on the GPU to the minimum # of SMs to satisfy
their QoS. (c) Convergence of one QoS application to the minimum # of SMs to satisfy its QoS when spatially-
multitasked with a best-effort application. The x-axes represent the # of GPU cycles (passage of time).

For our experiments, the main concern is to satisfy the QoS requirements. Thus, |
conservatively choose the middle point of the line for our next SM allocation, intentionally
attempting to over-estimate the required SM allocation. This requires more iterations, but
reduces the probability of backtracking to a higher allocation (if the QoS is not met). Although I
always want to satisfy the QoS requirements, the proposed approach may still violate QoS
requirements for short time periods due to inaccurate estimations. However, such violations can

be tolerable for soft QoS requirements, as long as the performance returns to an acceptable level.

Figure 12(a) shows how the number of SMs converges to the minimum over time, the extra

SMs are left idle. The x-axes represent the cycle count. AES-D converges to 12 SMs and JPEG-
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D to 11 SMs. Figure 12(b) shows how the number of SMs needed by two QoS applications
running simultaneously using spatial multitasking converges to the minimum required to satisfy
80% QoS, with the unused SMs left idle. Two copies of JPEG-D running on the GPU need 12
SMs each, as opposed to the 11 SMs that would have been required for one copy of JPEG-D in
isolation. When SHAL and JPEG-D co-execute on the GPU, JPEG-D needs 12 SMs if SHAL has
more than 12 SMs, but when SHAL is reduced to 12 SMs or less, JPEG-D can satisfy its QoS
with 11 SMs. Figure 12(c) shows combinations of one QoS and one best-effort applications. As
the number of SMs assigned to the QoS application decreases, the number of SMs assigned to

the best-effort application increases.

| observe that all the QoS applications converge to the minimum number of SMs needed to
satisfy their QoS. Each application takes a different number of cycles to converge, depending on
the duration of their thread blocks. This is because | execute the application for a complete
thread block before running our algorithm. If | decide to reassign an SM, | also wait for that SM
to complete its in-progress work before re-allocating it. When running just QoS applications on
the GPU, the SMs that are not needed by the QoS applications could be power gated during the
search process of the algorithm. Since | start from a conservatively high number of SMs and
reduce from there, | rarely suffer from overhead related to waking-up the power gated SMs

during the (re-)allocation process.

Dynamic SM allocation could be done by the GPU hardware, which already assigns
computations to resources (e.g., thread blocks to SMs) without OS intervention. This is because
many threads with short execution time run on the GPU, and frequent OS intervention would
incur excessive overhead. For a spatial-multitasking GPU, its hardware would also be

responsible for assigning thread blocks to the SMs and thus it tracks which SMs are allocated to
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which applications. For QoS support, the OS now must inform the GPU of an application’s
performance target so the GPU allocates enough SMs to satisfy the application’s QoS

requirement.

5.5 Summary

Spatial multitasking on the GPU can satisfy the performance requirements of QoS
applications by assigning them enough computing resources to satisfy its performance
requirements, while allocating unused SMs to best-effort applications improving overall system

performance or leaving them idle contributing towards power saving.

| show that the performance of the QoS application depends on what other applications run
simultaneously on the GPU, this is due to contention on the shared resources such as
interconnect and memory. This is the reason why a static allocation of resources to the
applications is not a good approach. | show how a linear approximation algorithm allows us to
dynamically allocate the minimum number of resources to the QoS application, so that it satisfies

its performance requirements no matter what other applications run simultaneously on the GPU.

By using spatial multitasking with QoS applications on the GPU | obtain 7W power
consumption reduction or 17.57% performance improvement for co-executing best-effort

applications.

As the GPUs become parallel processors and support simultaneous execution of multiple
applications, allocation of GPU resources to co-executing applications will become more

relevant and should be further researched.
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6 Resource Allocation and Fairness in a Spatial Multitasking GPU

General Purpose GPU (GPGPU) spatial multitasking requires partitioning the streaming
multiprocessors (SMs) among simultaneously-running applications. But this partitioning can be
performed based on a variety of goals, such as performance, power-savings, and others. If the
aim is to maximize overall system throughput, but one co-executing application has significantly
higher throughput than the other, the high-throughput application will receive nearly all SMs,
penalizing the other application’s performance relative to what it may have achieved. A possibly
more fair allocation may be to evenly distribute the resources to the applications, but this
approach may not be the most effective use of resources, penalizing overall throughput. In this
thesis | propose and evaluate a variety of possible resource allocation policies, and determine
their effectiveness at providing a balance of individual application and overall system

performance.

6.1 Proposed Fairness Policies

As stated above, | examine several different possible resource allocation policies, each of

which could, from some point of view, be considered “fair”. These include:

Equal compute resources for each application.

e Equal throughput for each application.

e Equal speedup for each application.

e Maximum system throughput such that applications are not slowed relative to cooperative

multitasking.
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Figure 13: Example system and individual application throughput for different SM allocations using spatial
multitasking (solid lines). Dashed lines show cooperative throughput for comparison. Vertical lines indicate the
allocation required to achieve different fairness metrics.

Figure 13 illustrates three of the fairness policies using two fictitious applications: Appl and
App2. Solid lines represent individual application performance when running concurrently on the
GPU with spatial multitasking, for all possible resource allocations. When Appl gets most of the
SMs it has high performance, whereas App2 gets few SMs (and vice versa). The dark line on top
is the combined performance of both applications (system performance). The dashed lines show
the performance of the applications running in isolation using cooperative multitasking (all
resources for 50% of the time). The vertical lines are the allocations meeting the following

fairness criteria: Equal Compute, Max Fair Throughput, and Equal Throughput.

6.2 Comparison of Fairness Metrics

In this section, | examine different combinations of applications, and, for each fairness goal
described previously, determine the resource allocation that meets that goal. In the next section, |

discuss how I might predict the desired allocation at runtime.
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Figure 14 shows the performance curves for combinations a) JPEG+RAY and b)
AES+JPEG. Each application’s throughput generally increases as it is assigned an increasing
number of SMs, though different applications improve at different rates. For comparison, the
throughput achieved with cooperative multitasking is shown as horizontal lines in the figures. As
previously stated, cooperative multitasking is the performance that the application obtains when

running in isolation on the GPU, for half of the total simulated time.

If half of the resources (8 SMs) are assigned to each of JPEG and RAY ( Figure 14(a) ),
JPEG benefits considerably compared to cooperative multitasking (52% improvement), while
RAY performs 15% better. If | instead assign 7 SMs to JPEG and 9 SMs to RAY, both
applications have almost equal throughput and both applications benefit from spatial
multitasking (38-30% speedups). Assigning 6 SMs to JPEG and 10 SMs to RAY provides the
highest overall system speedup (36% speedup compared to the cooperative case) and provides
speedups to both applications with respect to the cooperative multitasking case. Equal speedup
would be at the same point as Equal Throughput because their cooperative performance is

similar.
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600 - 1000 -

500 -
400 +

800 -

600 -

Q300 - g
= = 400 |
200 -
100 200 1
0- o
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
# SM assigned to JPEG, rest assigned to RAY # SM assigned to AES, rest assigned to JPEG
(@) (b)

Figure 14: For (a) JPEG running with RAY and (b) JPEG running with AES, the individual application and
system throughput for all the different SM allocations among two applications for spatial multitasking.
Horizontal dashed lines show cooperative throughput for comparison.
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Figure 14(b) shows the performance of spatially multitasking AES and JPEG. Assigning
most of the SMs to AES results in the highest system throughput, starving JPEG off. Assigning
half of the resources to each application provides JPEG with 52% speedup over the cooperative
case, but no benefit for AES. Equal Throughput is obtained when AES gets 6 SMs and JPEG 10
SMs, slowing down AES. Assigning 11 SMs to AES and 5 SMs to JPEG maximizes system
performance while each application performs better than cooperative multitasking. Equal

Speedup is obtained when AES gets10 SMs and JPEG gets 6 SMs.

Table 6 shows these results along with other combinations of applications. | see that
different fairness policies mean different tradeoffs between applications’ and overall system
performance. For AES+JPEG and ID+SHAL, Equal Throughput slows down one of the
applications to match its throughput to the other one, resulting in lower system performance.
Equal Speedup results in a good overall system performance with no application being
considerably slowed down. For JPEG+RAY, Max Fair Throughput has the same allocation as
Max Unfair Throughput, but for some other combinations of applications (AES+JPEG and
RAY+SHAL1) the allocations differ and Max Unfair starves one application. | observe similar
results from running three applications, Equal Throughput does not provide a good overall
system performance, Equal Speedup and Max Fair Throughput provide higher overall system
throughput and better individual application performance. Max Unfair Throughput also starves

one of the applications.
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Table 6. For an illustrative subset of tested application combinations, the number of SMs assigned by each
fairness policy and the resulting raw (T)hroughput in IPC and (S)peedup relative to executing the same

application set with cooperative multitasking. The highest speedup in each row is highlighted.

Equal Compute Equal Equal Max Fair Max (Unfair)
Resources Throughput Speedu Throughput Throughput

APP. M| T ] s Ism] T s sm]T]|slsm] T s Ism| T ]| s
IPEG 209 | 152 270 | 1.38 270 | 138 | 6 | 244 | 124 | 6 | 244 | 124
RAY 235 | 145 265 | 1.30 265 | 1.30 | 10 | 300 | 1.48 | 10 | 300 | 1.48
g{PAEfJ’ 16 | 534 | 133 | 16 | 535 | 134 | 16 | 535 | 134 | 16 | 544 | 136 | 16 | 544 | 1.36
AES 468 | 1.00 | 6 | 349 |075| 10 | 583 | 1.25 | 11 | 643 | 1.38 | 15 | 874 | 1.88
JPEG 209 | 152 | 10 | 331 |169| 6 | 249 |127| 5 | 221 | 112 | 1 | 54 | 027
AES+PEG | 16 | 767 | 116 | 16 | 680 | 1.03 | 16 | 832 | 1.26 | 16 | 864 | 1.31 | 16 | 927 | 1.40
ID 393 | 1.00 | 5 | 246 | 0.63 442 | 113 422 | 113 | 15 | 734 | 1.87
SHAL 169 | 113 | 11 | 225 | 1.50 152 | 1.02 152 | 102 | 1 | 22 | 015
ID+SHA1 | 16 | 563 | 1.04 | 16 | 471 | 087 | 16 | 594 | 109 | 16 | 594 | 100 | 16 | 756 | 1.40
PATH 412 | 100 | 1 | 52 | 013 | 11 | 555 | 140 | 11 | 555 | 1.40 | 15 | 756 | 1.9
sC 39 | 16 | 15 | 45 | 187 5 | 30 |123| 5 | 30 | 123 | 1 | 626 026
PATH+SC | 16 | 450 | 11 | 16 | 97 | 023 | 16 | 585 | 137 | 16 | 585 | 137 | 16 | 763 | 18
IPEG 220 | 1.68 141 | 1.10 184 | 1.40 220 | 168 | 5 | 218 | 1.66
RAY 161 | 1.13 161 | 1.13 188 | 1.32 188 | 132 | 10 | 303 | 212
SHAL 120 | 1.19 160 | 1.59 123 | 1.22 101 | 100 | 1 | 17 | 017
JPEG+RA

Tt | 16 |01 | 134 | 16 | 462 | 124 | 16 | 495 | 132 | 16 | 509 | 136 | 16 | 538 | 143
AES 205 | 095 | 3 | 177 | 057 295 | 0.95 205 | 095 | 14 | 817 | 2.63
ID 246 | 095 | 4 | 197 | 0.75 205 | 1.13 205 | 1.13 49 | 0.19
SHAL 127 | 126 | 9 | 184 | 1.82 106 | 1.05 106 | 1.05 21 | 020
'g‘ﬁi;'m 16 | 668 | 1 | 16 | 558 | 082 16 | 696 | 104 | 16 | 696 | 1.04 | 16 | 887 | 1.32
RAY 161 | 113 | 6 | 188 | 1.32 161 | 1.13 143 51 | 036
RAY 161 | 113 | 6 | 188 | 1.32 161 | 1.13 143 51 | 036
ID 205 | 113 | 4 | 197 | 075 205 | 1.13 393 | 15 | 14 | 686 | 2.62
f’fg RAY Y 16 | 617 | 113 | 16 | 573 | 105 | 16 | 617 | 123 | 16 | 679 | 124 | 16 | 788 | 1.44

(b)

Figure 15Figure 15 shows aggregated data for all the possible combinations of two

applications for the different metrics. Figure 15(a) shows the speedup of the least “sped-up”

application (light) and overall system speedup (dark) compared to cooperative multitasking. 1 use

the geometric mean to aggregate these values. | see that, although Max Unfair Throughput

results in the largest overall throughput, it has the greatest negative impact on the least-
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Figure 15: Speedup and Fairness information for all possible combinations of two applications for the different
fairness metrics, a) shows speedup of the application that benefits least from spatial multitasking with respect to
the overall system speedup and b) shows the degree of unfairness in the allocation of resources, throughput and
speedup that the applications experience.

accelerated application. In fact, it significantly decelerates that application relative to
cooperative multitasking. Several criteria, including Equal Speedup and Max Fair Throughput,
exceed the performance of cooperative multitasking for each application and the system. Max
Fair Throughput has higher system throughput keeping the speedup of the least-accelerated

application above, but close to, 1.

Figure 15(b) shows unfairness by graphing aggregated unfairness for several possible
metrics for each fairness criteria. | measure the unfairness of these metrics as the normalized
difference between the highest and the lowest value from the two applications. For example,
when measuring unfairness in the speedups of the applications | compute the normalized
difference between the speedups of the most-accelerated and least-accelerated applications using

the following equation:

(Smax_smin% (1)

where Spax IS the largest speedup and Spin is the smallest speedup of the co-executing

applications. Each fairness criteria that aims to equalize a particular metric (Equal Compute,
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Equal Throughput, and Equal Speedup) achieves a very low degree of unfairness in that metric,
though often at the expense of the other potential metrics. Max Unfair Throughput is
significantly unfair in all metrics, since it targets performance and not fairness. Max Fair
Throughput, on the other hand, is relatively fair in both resources and speedup—the unfairness of
the throughput is due to different applications having different throughputs per SM, so achieving
similar speedups does not achieve similar throughputs. Regardless, its throughput unfairness is

significantly lower than that of Max Unfair, which starves the application with lower throughput.

6.3 Targeting Fair Allocation When Dynamically Allocating Resources

A system may execute a wide variety of GPGPU applications, and different combinations of
them at different times. This means that it may not be reasonable to examine all possible SM
partitions in advance for all possible combinations of applications to choose the allocation that
best meets a particular performance and/or fairness goal. This section describes a method to use
performance profiles of each application when they execute in isolation—specifically, the
throughput the application achieves for each possible SM allocation in the absence of other
applications—to estimate how the applications will perform when they execute together. I use
these estimates to choose SM partitions at runtime, and then apply a linear approximation
method and runtime performance monitoring to adjust this allocation to maximize the desired

fairness metric.

6.3.1 Profile Based Allocation

| profile each application in isolation, for each possible number of SMs it could be allocated.
For the targeted fairness criteria, | use the isolation data for each application to estimate the

allocation of SMs that would meet that fairness criteria. In all of our test cases, | found that the
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predicted SM allocation matched the allocation found through brute-force searching in the prior
section. This means that, for at least some applications, the isolation profiling data can be used to
choose a partitioning of the SMs at runtime, for the currently-executing combination of

applications.

In other cases, however, performance may be dependent on the data size. If so, the
application can be profiled in advance for several different data sizes. If the data size matches
one of the profiles, | can use that profile. Otherwise, | can interpolate between the profiles to
estimate performance [65]. The content of the data itself could also affect performance in some
cases, though this is generally much less common for the type of highly data-parallel
applications that are likely to target GPGPU execution. In that case, | could either restrict myself
to a fairness criteria that requires no prior profile information, such as Equal Compute, or profile
a variety of data sets in advance and attempt, at runtime, to determine which profile best matches

the observed behavior of the application with the current data set.

In the next section, | discuss a method to adjust the allocation for cases where the isolation
profile information may not as accurately reflect the run-time behavior. This loss of accuracy can
be the result of contention between applications in shared resources (e.g., interconnect and the
memory system) that causes performance to scale differently from the isolation profile data. This
adjustment method can also be used to accommodate staggered kernel execution, where some
kernels may begin while others are already in progress, and some complete while others have not
yet finished execution. This adjustment method can also be used to calculate the best partition of

resources when | have no isolation profile data.
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6.3.2 Dynamic Allocation of Resources Based on Execution Measures

As stated above, there may be cases in which an application’s isolation data does not
accurately predict its runtime behavior. In this case, the system uses the profile information to
create an initial allocation that is then adjusted based on run-time performance monitoring and a
linear approximation algorithm (similar to one that was previously-proposed) if it is not meeting
the desired fairness criteria. Specifically, if the run-time behavior for any application deviates by
more than an estimated SM’s worth of performance from the isolation prediction, the allocation
is adjusted using an updated estimate, based on runtime profile data, of how performance scales
with SM allocation. For the case when | have not profile isolation data an equal allocation of

resources can be used as a starting point.

The algorithm presented in Section 5.4 is used to allocate the minimum number of resources
that a QoS application needs to satisfy its performance requirements, not considering fairness.
This is done by first splitting all resources among the QoS applications, then progressively
reducing the allocation to each if/when possible. | use a modified version of this algorithm to
achieve a different goal: achieving a fair (according to the chosen fairness metric) partition of

resources among applications executing concurrently on the GPU.
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Figure 16: Graph of actual (solid line) and estimated (dashed line) JPEG throughput. Estimations are made from
actual profiled performance with an initial execution on 8 SMs. The two different line slopes reflect different
estimations for increasing vs. decreasing allocation.

Each application’s performance is sampled by averaging it over a number of cycles equal to
the duration of the longest thread block of all currently-executing applications. Some
applications have particularly long-running thread blocks, which could decrease responsiveness,

so limit the time to 25K GPU cycles, which | found to be effective in our experimentation.

| then estimate the performance for different SM allocations using two different linear
functions of performance vs. SM count. For the case where the allocation increases, | use a linear
function between the current (run-time profiling) datapoint to the application’s isolation
performance with all SMs. This latter point represents the extreme case where the application is,
in fact, allocated all of the SMs. This method is based on the fact that, as an application’s SM
allocation increases, it should experience less contention from competing applications that now
have fewer SMs on which to execute. For the case where the allocation decreases, | use a linear
function that decreases from the current data point with a slope equal to the current performance
divided by the current SM allocation. Figure 16 shows the two lines used to predict the
performance of the JPEG application based on a performance measurement with an initial

allocation of 8 SMs. The graph also shows the isolation performance for each possible SM.
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After predicting each application’s performance for different SM allocations, | choose the
SM partitioning that is predicted to best satisfy our chosen fairness metric. To migrate SMs from
one application to another, | first need the resources to become idle (SM Draining). A reallocated
SM is allowed to complete its existing work, but no additional work can be assigned to it until
reallocation is complete. The downside of this method is that the delay of SM Draining depends
on the length of the application’s thread blocks. Since kernels generally execute many times, and
execution usually lasts much longer than a single thread block within the kernel, this overhead is
usually reasonable. If this is not the case for some workload, the system could instead decide to

not re-allocate the SMs as calculated.

| use our simulation platform to apply our dynamic linear approximation method to all
combinations of two applications, using an equal allocation of SMs as a starting point. In all
cases, this method is able, for my applications, to correctly determine the required allocation to

meet the desired fairness metric with two passes of performance measurement followed by SM
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Figure 17: Convergence and overhead of the dynamic algorithm for two cases, a) Equal Throughput for AES
and RAY and b) Max Fair Throughput for JPEG and ID. The graphs show cumulative application throughput
normalized to the cumulative throughput achieved at the same cycle count if the “best” allocation for the
targeted fairness metric is known from the start. Values close to 1 are better in terms of meeting the chosen
fairness metric. Dashed lines show normalized throughput for a static allocation of equal SMs, which is also
used as the starting point for the dynamic algorithm.
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allocation adjustment.

Figure 17 shows the convergence of the dynamic approach, and illustrates the overhead of
the dynamic method. | simulate each test case using the dynamic reallocation approach where
each application in a test case is initially allocated half (8) of the SMs, and SMs are re-allocated
during execution using our proposed method. | measure total achieved performance for each
application every 5K cycles. | also simulate the same test cases for two static allocation cases:
the “ideal” allocation for the chosen fairness metric (the allocation eventually achieved by the
dynamic algorithm), and one where equal SMs were allocated to the applications for the entire
simulation (the allocation used for the start of the dynamic algorithm). The graphs show
application performance (throughput) normalized to the ideal static case at each sampled point in
time. Values above 1 represent improved performance from an “excessive” SM allocation
(tempered by SM draining overhead after dynamic reallocation); values below 1 represent

penalized performance from “insufficient” SM allocation.

Figure 17(a) illustrates co-executing AES and RAY, targeting Equal Throughput. Each
application was initially allocated 8 SMs, but the required allocation for Equal Throughput is 5
SMs for AES and 8 SMs for RAY. Early in the simulation, after some initial noise in the graph
due to startup behavior, AES has a higher throughput than the ideal due to the increased SM
allocation, whereas RAY has a lower relative throughput due to insufficient SMs. At
approximately 50K cycles, three SMs are reallocated from AES to RAY, causing the normalized
performance of each to more closely approach the ideal; performance continues to converge
towards the ideal the longer the applications execute. The overhead of draining does not
completely mitigate the advantage AES has from the initial SM allocation being higher than the

desired allocation. The combination of a low initial SM allocation and the overhead of SM



54

draining prevents RAY from quite achieving the ideal performance. Based on this data, both

applications would achieve performance within 5% of the ideal within 430K cycles.

Figure 17(b) illustrates co-executing JPEG and ID, targeting Max Fair Throughput. For the
dynamic case, they are initially allocated 8 SMs each, but the ideal allocation for this metric is 5
SMs for JPEG and 11 for ID. This occurs in two steps, with 2 SMs reallocated at 24K cycles, and
one additional reallocated at 35K cycles. In this case the dynamic performance also converges
quickly towards the ideal, with both applications achieving within 5% of the ideal after 170K

cycles.

6.4 Summary

Spatial multitasking can improve overall system performance and resource utilization
compared to cooperative multitasking. But one of the main challenges it presents is how to
divide the computing resources among the concurrent executing applications. | show that
maximizing system performance can come at a significant cost of fairness of individual
application performance. This thesis demonstrates that | can define a fairness metric that results
in a partition of the SMs between simultaneously executing applications which increases
performance relative to cooperative multitasking, and does not sacrifice individual applications
performance. | further present a methodology to determine at runtime how to allocate GPU
resources to meet this metric, and adjust that allocation if isolation-based performance

predictions are determined to be inaccurate in the face of multiple co-executing applications.
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7 Fine Task Migration for Graph Traversal Algorithms in Processing in

Memory Architectures

In this Chapter, | study the feasibility and potential benefit of fine-grained work migration to
reduce remote memory accesses in systems with multiple memory devices with Processing in
Memory (PIM) capabilities. First, 1 propose a queuing framework to implement fine-grained
migration; using this framework, vertex IDs are sent to the PIM stacks that will process them.
Second, I propose hardware mechanisms that take advantage of PIM’s proximity to memory to
implement efficient queues and reduce the overhead of work migration. Third, | develop a high
level timing model for the queueing framework to evaluate the proposed hardware support for
efficient queues and to study the performance of work migration vs. a baseline where vertices are
enqueued in a round robin fashion to the PIM stacks and remote memory accesses are performed
as necessary. | propose and explore the potential benefits of a variety of task migration strategies

and study their trade-offs under a variety of system configurations using this high-level model.

7.1 Motivation

To illustrate the number of remote vertices that are visited in an example graph algorithm, |
observe the behavior of Breadth-First Search (BFS) that is a widely used algorithm in graph
processing; it traverses a graph by starting at a root vertex and processing all its direct neighbors
first before proceeding to process the next level of neighbors. BFS processes all the vertices that
are at the same distance from the root before proceeding to process any vertices located one level
further. Although the following data is taken from BFS, many other graph algorithms exhibit

similar characteristics.
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Figure 18. Neighbor distribution of a BFS traversal for a graph that has been partitioned among four PIM stacks.
Graph level is the distance from the root vertex. This figure shows the spatial distribution of the neighbors for the
vertices at each level of the graph that are located on PIM2.

| study a Google web graph taken from the Stanford Network Analysis Project (SNAP) [66],
where the vertices are different webpages and the edges show the links connecting these
webpages. This graph consists of 875,713 vertices and 5,105,039 edges. | evenly partition the
graph data structure across a system with four PIM devices®, PIM1 through PIM4. | perform a
vertex-based partitioning, where | place equal numbers of vertices in each of the memory
modules. All the outgoing edges of a vertex are placed on the same PIM as the vertex. This

partitioning is corresponds to the one shown by Bulu¢ and Maduri [53], called 1D Partitioning.

"While the specific graph partitioning used affects the data locality characteristics, my interest is in
understanding the effectiveness of task migration independent of the graph partitioning scheme (i.e., not all graphs
can be effectively partitioned). Therefore, | use a simple partitioning here. Further, | believe effective task migration

can avoid the high overheads typically required in graph partitioning schemes that seek to minimize communication.
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Figure 19. Queuing mechanisms used in my system to implement the graph algorithms
and the work migration mechanisms.

Using this partitioning only the PIM where a vertex has been placed stores information related to
that vertex. Figure 18 shows the neighbor distribution for the vertices located in a single PIM
device (I arbitrarily select PIM2) at each level of the graph. The vertices that fall in PIM2 are the
only neighbors that are local to PIM2. Neighboring vertices located in PIM1, PIM3, and PIM4
are remote to PIM2. There is an approximately uniform distribution of neighboring vertices
among all the PIM stacks for this graph, resulting in the majority of the neighboring vertices
being located in remote PIM devices. Processing such a large number of remote vertices implies
many remote memory accesses, which can hurt performance and negate the benefits of using

PIM.

7.2 System Architecture

In this section | first describe the system that | model in my experiments, and later | propose

hardware support for efficient implementation of shared data structures in the system of study.

7.2.1 System Organization

Figure 2 shows the system of study, which consists of a host processor connected to multiple
memory modules. Each memory module contains one or more memory dies and computation
capabilities on a separate logic die connected through 3D stacking with the memory dies. In such

a system, memory intensive computations can be offloaded to the PIM logic. | assume inter-PIM
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links that allow each PIM to access any memory in the system, although it is always lower
performance and higher energy to access remote memory. The study system architecture
supports a shared, unified virtual memory address space among the host and PIM devices.
Further, caches are kept coherent between the host and each PIM device as well as among the

PIM devices.

The study system implements a CPU as our in-memory processor in each of the memory
stacks, which enables the execution of general purpose programs. However, my evaluation
methodology supports exploring the impact of PIM processors with greater degrees of
parallelism. For my experiments, | also vary the number of PIM devices from 4 to 16. For my
studies | don’t use the host for the computation, all the computation are performed and evaluated
in the in-memory processors. The host would be in charge of performing the graph paritioning

and launching of the PIM computation, but I do not account for that overhead.

7.2.2 Queueing Framework

The queuing framework that | use consists of two queues per PIM device. One queue
(PULL) is used to read the active vertices (vertices that require processing in the current iteration
of the algorithm) and the other queue (PUSH) is used to keep track of the vertices that become
active while processing the current vertices; those neighboring vertices will be processed in the
next iteration of the algorithm. Figure 19 shows the queuing framework. These are actual queues
that are in memory, no dedicated hardware is used for them for the storage, but some hardware
support is provided to efficiently implement them as will be shown in Section 7.2.3. In work
migration, when a vertex is processed, its neighbors are enqueued to the PIM device where their
data is located, based on the partitioning of the graph data structure. In work migration vertices

will be processed locally. While for the baseline, when a vertex is processed, its neighbors are
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enqueued in a round robin fashion to the PIM devices in the system. Some vertices will be
processed locally and some remotely. For both approaches some queue operations will be
performed to local memory (local queue) and others to remote memory (remote queue). This

framework is based on an implementation of BFS for distributed systems [53].

The queues are an array-based implementation. As there might be multiple threads
simultaneously operating on the same queue, | use atomics to guarantee isolation and

correctness. Currently | do not impose any restrictions on the size of the queues.

7.2.3 Hardware Support for Efficient Shared Data Structures

As the queues in the framework are shared and can be accessed by all the threads in the
system, atomic instructions are used to update the index that threads need to use to access the
array-based queues. The use of atomics results in performance overheads and increased

contention.

| propose to leverage the proximity of PIM to memory to implement hardware support that
can serialize the queue operations and guarantee atomicity without the need for explicit software
atomics, thereby enhancing the performance of shared queues. The proposed work migration
scheme benefits directly from these hardware mechanisms while other applications and

execution models may also benefit from having more efficient shared data structures.
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Figure 20. Hardware support for the atomic queues implemented in the memory controller.

Although the queues are hardware-accelerated, there are no dedicated storage resources for
holding queue data, metadata, or queue pointers (except as an optional cache for performance
optimization). Therefore, the scalability is not constrained by any hardware resources other than

memory capacity itself. Further, this lack of dedicated state eases context switching and context

management.
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Figure 21. Metadata for a queue with three data elements in it.

Hardware support for such atomic queues is implemented in the PIM dies, at the DRAM

controllers as shown in Figure 20. Each atomic queue is allocated such that it does not span
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multiple memory modules or multiple memory channels (i.e., all accesses to an atomic queue go

through the same DRAM controller).

Before being used, each queue must be “registered” via a system call. The system call takes
one or two arguments: the maximum size of the queue and, optionally, which memory module
the queue must be placed on. If the second argument is omitted, system software selects a
module to place the queue in. The queue registration allocates memory for the queue and sets up

the necessary metadata. The registration call returns the following 2 values:

e P:an opaque handle to the allocated queue
e S: registration status, which returns a SUCCESS code if the queue registration succeeded or

an error code if failed (e.g., due to insufficient memory to allocate the queue)

The registration call also sets up the necessary metadata in a data structure located at the
memory pointed to by P. For a queue the metadata includes head and tail pointers, a count of
elements in the queue, and the start and end points of the memory space allocated for payload?
storage of the queue and/or the maximum size of the queue. An example of a queue with three

elements is shown in Figure 21.

Atomic queues are word-aligned and each enqueue or dequeue atomically inserts or removes

a single-word entry to or from the queue. This capability is sufficient to enqueue vertex IDs or

% Throughout this document, “payload” refers to the data (to be) stored in the queue or other data structure

implemented using the invention.
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identifiers used in task queues. An enqueue operation is issued as a special store operation to the
address of the queue (i.e., the address of the metadata block returned at queue allocation) and the
vertex ID as the data to enqueue. A dequeue operation is issued as a load instruction to the queue
address. Specialized hardware at the DRAM controllers is responsible for updating the queue
metadata as necessary as well as atomically performing the requested queue operation. Atomic
queue metadata is allocated in a part of the addresses space that cannot be cached by the PIM or
host processors to simplify the implementation. Note that this does not lead to performance
overheads as the queue metadata are not manipulated by the processor after allocation. Further,
to optimize the performance, the queue management hardware may contain a cache exclusively
for storing recently used queue metadata (as all accesses to the queue must go through this

hardware, its cache has no coherence requirements).

To enqueue a word to the queue, the application performs the following operation:

status = atomic enqueue (P, D)

Here, P is the opaque queue handle returned when the queue was registered and D is the data
payload word to be enqueued. If the operation succeeds, a SUCCESS code is stored in status
upon completion. If the operation fails (e.g., the queue is full), an error code is stored in

status.

The preferred implementation is for atomic_enqueue() to be implemented as a single

instruction in the host processor. An example format for such an instruction is as follows:

aeq rsl, rs2, rd
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Here, the aeg mnemonic identifies the atomic enqueue instruction and rs1 and rs2 identify
the two source operands: a register containing the queue handle and a register containing the data
word to be enqueued (P and D in the above example, respectively). Note that alternative
implementations may allow either or both of the operands to be specified as constants encoded in
the instruction or to be computed using registers and/or constants (e.g., the queue handle formed
by adding a constant operand from the instruction to a value in a register). The register rd

specifies where to store the status of the operation.

When executed on the host processor, the aeq instruction generates an “enqueue” operation
to the memory module to which the address pointed by handle P maps to. Parameters P and D are
passed as input operands to the enqueue memory operation (much like the address and data
operands of a store operation). Upon receiving the enqueue(P, D) operation, the near-memory
processor performs the following operations atomically with respect to other queue operations

using the same handle p:

e Uses the first operand (P, in this case) to access the queue metadata structure.
e |f the metadata indicates the queue is full:
o Does not change anything in the queue and returns an error code to be stored in the
status register at the host (status).
e Otherwise (i.e., if the queue is not full):
o Adds the data word (D, in this case) to the next available slot of the data payload
storage of the queue
o Update queue metadata as appropriate (e.g., adjust tail pointer, increment count of

elements in queue etc.)
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o Returns a SUCCESS code to be stored in the status register at the host (status)

The above sequence of steps may either be implemented entirely in hardware or in

software/firmware with hardware providing only the support necessary to ensure atomicity.

An alternative implementation is to issue the enqueue operation as a simple store operation
with P as the address and D as the data. The advantage of this approach is that the PIM
capabilities can be used by processors that may not implement PIM-oriented instructions. In this
implementation, the near-memory processor must check each incoming store operation’s
addresses against all registered queues in the module to detect enqueue operations. To reduce the
overhead of doing so, a region of memory within the module may be set aside for queue
metadata (the queue registration system software must abide by the same convention). Therefore,

only addresses that fall with that region need to be checked against handles of queues.

In either of the above implementations, only accesses to the same queue need to be
serialized (i.e., the above sequence of operations need only be atomic with respect to other
operations on the same queue). Other memory operations as well as operations to other queues

may proceed in parallel.

Serialization among operations to the same queue is enforced at a point where all accesses to
a given address (e.g., P in this case) must go through (e.g., the DRAM controller). Once a queue
operation starts, all other operations to that queue are stalled at the serialization point until the in-
flight operation completes. Some amount of buffering may be provisioned in the near-memory
processor to hold stalled queue operations. If such buffering fills up, back-pressure may be
applied to requestors. Alternatively, credit-based schemes may be used to ensure that the number

of in-flight queue operations can be accommodated in the available buffering. Note that separate
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credit pools may be used for queue operations and normal memory operations as normal memory

operations are not stalled due to queue operations.

To dequeue a word from the queue, the application performs the following operation:

status = atomic dequeue (P, D)

Here, P is the opaque queue handle returned when the queue was registered and D is the register
to store the data payload word to be dequeued. If the operation succeeds, a SUCCESS code is
stored in status upon completion. If the operation fails (e.g., the queue is empty), an error

code is stored in status.

The preferred implementation is for atomic_dequeue() to be implemented as a single

instruction on the host processor. An example format for such an instruction is as follows:

adq rs, rdl, rd2

Here, the adg mnemonic identifies the atomic dequeue instruction and rs identifies the source
operand: a register containing the queue handle (P in the above example). Note that alternate
implementations may allow the source operand to be specified as constants encoded in the
instruction or to be computed using registers and/or constants (e.g., the queue handle formed by
adding a constant operand from the instruction to a value in a register). Registers rd1 and rd2
specify where to place the two resulting values: the data value dequeued (D, in the above

example) and the status of the operation.

When executed, the adq instruction generates a “dequeue” operation to the memory module
to which the address pointed to by handle P maps to. P is passed as the input operand to the

dequeue memory operation (much like the address operand of a load operation). Upon receiving
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the dequeue(P) operation, the near-memory processor performs the following operations

atomically with respect to other queue operations using the same handle P:

e Uses the operand (P, in this case) to access the queue metadata structure.
e |If the metadata indicates the queue is empty:
o Does not change anything in the queue and returns an error code to be stored in the
status register at the host (status)
e Otherwise (i.e., if the queue is not empty):
o Read the next available data word from the data payload storage of the queue and
return to be stored in the result register (D, in this case)
o Update queue metadata as appropriate (e.g., adjust head pointer, decrement count of
elements in queue etc.)

o Returns a SUCCESS code to be stored in the status register at the host (status)

The above sequence of steps may either be implemented entirely in hardware or in

software/firmware with hardware providing only the support necessary to ensure atomicity.

Similar to atomic_enqueue(), atomic_dequeue() can be implemented as a separate
instruction or via a load operation to the address P. In the latter case, also similar to enqueue, the
PIM may then compare the address of known queues with the queue handle being passed in (P)

to determine which loads correspond to queue operations.

Once a queue operation starts, all other operations to that queue are stalled at the
serialization point (i.e., DRAM controller) until the currently executing operation completes.
Queue accesses are only serialized with respect to other accesses to the same queue. Normal

load/store memory operations as well as operations to other queues can proceed in parallel.
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7.3 Evaluation Methodology

In this section | present the methodology for evaluating work migration against the baseline,
where data is accessed remotely when needed and no work migration is done. First, I implement
a queuing framework to support a distributed data-driven implementation of breadth-first search
(BFS), single source shortest path (SSSP) and betweeness centrality (BC) in the system of study.
Second, | look at possible ways to improve the queue efficiency by taking advantage of PIM.
Third, I develop a timing model to compare work migration against the baseline. Using both the
queuing framework and the timing model, | compare the performance of work migration vs. the

baseline.

The main purpose of using this framework instead of a cycle-level simulator is to easily and
quickly perform a rapid exploration of a large parameter space consisting of various hardware

systems, algorithm characteristics, and data sets.

7.4 Timing Model

To compare the behavior of work migration vs. the baseline, | develop the high level timing
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Figure 22. (a) and (b) represent the baseline and the work migration scenario, respectively.
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model shown in Figure 22. Figure 22(a) shows the baseline, where both the graph and the
computation are partitioned among all the memory modules but the neighbors of a vertex that is
being processed are enqueued in a round robin fashion to the queues of the various PIM devices;
some vertices are processed locally and others are processed remotely (performing remote
memory accesses to the vertex data that is located on a remote PIM stack). Figure 22(b)
represents the work migration scenario, where both the graph and the computation are also
partitioned among all the PIM stacks, but vertices are processed locally; some queue operations
are performed to local queues and others to remote queues. When a vertex is processed their
neighbors are enqueued to the PIM queue where their data is located, which may be the local

queue or a queue located on a remote memory module.

The parameters shown in Figure 22 represent the number of cycles for each of the key
operations in our system. CL and CR model computation time while the remaining parameters
model various aspects of queueing and memory accesses. | use this parameterized model to study

different application characteristics and a variety of hardware systems.

CL denotes the number of cycles spent doing computation on a vertex that is local to the
PIM. Varying this parameter allows us to model applications with different amounts of
computation per vertex. BFS is an example of an algorithm that performs no computation per
vertex and has a low CL value. CR is the number of cycles spent doing computation on a vertex
that is remote to the PIM in the baseline model. CR is not an independent parameter in our model
and is computed as CR = CL + X-C, which models the remote computation as consisting of the
same computation as a local vertex plus some number of remote memory accesses. The total
remote memory access overhead during the vertex’s computation is expressed as the product of

the remote memory access communication overhead C and the number of serialized remote
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memory accesses X (sets of independent memory accesses are counted as a single access in X as
those can be issued in parallel to overlap their latencies). Increasing the value of C allows us to
model systems in which it takes longer to perform a remote memory access®, and varying X

models applications that present a different ratio of computation to remote memory accesses.

Parameter QL is the number of cycles it takes for a vertex to arrive at a queue that is in the
local memory of the PIM device performing the enqueue operation. This parameter is based on
the latency of accessing local main memory. QR is the number of cycles that it takes a vertex to
reach a remote queue; | define QR = QL + C. The service time of a queue is the time it takes to
enqueue or dequeue a vertex and | represent it as S. This parameter models potential overheads
of using the queues. A naive queue implementation, such as one that requires acquiring a global
lock will have a high value of S while more efficient queue implementations will have lower
values. E is the interval between back-to-back engueues of vertices issued by a single PIM
device. A low value of E corresponds to more frequent issue of enqueue operations and models
PIM processors with higher operating frequencies or higher degrees of parallel execution. Note
that lowering the value of E also increases the degree of contention seen by the queues. Even

though multiple processors can issue an enqueue operation to the same queue, these operations

®Although my framework can be extended to model different communication delays (i.e., different values of C)
for each pair of communicating PIM devices, my results here use a constant remote access latency for all PIM
devices. | expect this to yield reasonable results on average for applications with irregular neighbor remote memory

accesses, such as the graph algorithms considered here.
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are serialized at the queue and only one element can be accepted by the queue at each time

interval (as defined by the parameter S); this way | correctly account for contention at the queue.

| initially assume that atomicity in queue manipulations is achieved via an atomic
modification of the queue pointers (i.e., atomic increment or decrement of queue pointers). |
model the cost of these atomic operations as equivalent to the cost of a load to main memory that
is serialized with the queue access. Some atomic operations will be performed to the local
memory and some others to a remote memory, depending on what PIM the queue that is being
accessed is located. | assume that reaching to any remote PIM constitutes the same amount of

communication overhead (C).

7.4.1 Experimental Setup

With the queuing framework and the timing model | first study the benefits of using PIM to
serialize the access to the queues and later | compare the performance of work migration vs. the
baseline for the selected graph traversal algorithms. | study the effect of load imbalance and
compare the energy of the memory accesses for the different approaches. | study a set of
algorithms that are core primitives for graph processing and are fundamental for many other

more complex applications.

For my experiments | choose parameters within a range that is reasonable for the study
system. | choose the latency to access local memory (QL) to be 64 cycles. | vary the latency of
accessing remote memory (QR) from 64 to 640 cycles, sufficient to cover a broad range of
design options from multiple memory modules within a single package to various

interconnection network options among memory modules in separate packages. | choose



71

parameter E = 1, as | model processors that can enqueue one element per cycle. Parameter S = 1,

as the queues can accept one element per cycle.

| measure the number of local and remote memory accesses for each approach and compare
the total relative memory energy considering the relative energy of a remote memory access with
respect to a local memory access. Similar to the performance modeling, | consider a range of
remote memory access energies that span a broad range of possible implementations. | compare
the total memory energy for the cases where the energy of a remote memory access is 1x, 5x and

10x that of a local memory access.

7.4.2 Graph Algorithms

Breadth First Search (BFS) is a fundamental graph traversal algorithm. It traverses all the
vertices in a graph that accessible from the starting source vertex. Initially all vertices are set as
not visited and the traversal begins at the source vertex. First, the neighbors of the source vertex
are visited, which are at a distance 1 from the source. Then all the neighbors of the vertices at
distance 1 that have not been visited before are visited. The same operations are repeated until all
vertices reachable from the source vertex have been visited, always visiting all vertices at

distance k from the source before visiting any vertex at distance k+1.

Single Source Shortest Path (SSSP) is a graph algorithm that computes the shortest
distance from each vertex in the graph to the source vertex. | use a modification of the Bellman-
Ford algorithm, which works for graphs that have positive edge weights [67]. Each vertex keeps
track of the shortest distance to the source vertex, which is initially set to infinity. This value
keeps being updated in an iterative way as new paths to a vertex are found that have shorter

distance.
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Table 7. Main Characteristics of the Graphs

Name Description # Vertices | # Edges Degree | Distribution | Diameter
Road Roads of Texas 1,379,917 1,921,660 1.4 normal 1054
Amazon | Co-purchased products | 403,394 3,387,388 | 8.4 normal 35
Pokec Social network 1,632,803 | 30,622,564 | 18.7 power 14

Betweeness centrality (BC) is a graph algorithm used in social networks to compute the
importance that each vertex has on the graph. The BC value of a vertex is directly proportional to
the number of shortest paths that pass through that vertex. This graph algorithm requires
computing as many BFS graph traversals as the number of vertices in the graph, each of the
BFSs traversals starts at a different vertex. During the BFS traversal the number of shortest paths
passing through each vertex is calculated. There are two phases in this algorithm; first, the
number of shortest paths passing through each vertex is computed while doing a forward BFS
traversal starting at each of the vertices, and second, a backtracking BFS traversal is done where

the dependencies are computed.

My implementation uses the algorithm proposed by Madduri et al. [68]. Their algorithm is a
modification of the traditional parallel algorithm proposed by Brandes [69] and it manages a

lock-free implementation by tracking the successors of each vertex instead of the predecessors.

7.4.3 Compressed Sparse Row Representation

| use the compressed sparse row (CSR) representation to store the structure of the graphs. In
this representation the vertices are stored in one array and the edges are stored in a different one;
the vertex array stores the offset into the edge array, giving the position of the first outgoing edge
of each vertex in the edge array. Figure 23 shows this representation. The main advantage of

CSR is that it is compact and it can be easily divided uniformly among the different PIMs.
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Figure 23. (a) the graph and (b) its CSR representation with the vertex and edges arrays.

7.4.4 \Workloads

| use three real-world graphs from SNAP [66], described below, that present different
characteristics. Table 7 summarizes their main characteristics. The diameter of a graph is the
longest shortest path in the graph. There are two types of distributions: normal, in which most
vertices have approximately the same number of vertices, and power-law, in which some vertices

have a very large number of edges while most vertices have just a few.
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Figure 24. Neighbor distribution when the graph that has been partitioned among four PIM stacks.
Graph level is the distance from the root vertex. This figure shows the spatial distribution of the
neighbors for the vertices at each level of the graph that are located on PIM2
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Texas road network graph: This graph shows intersections of roads in the Texas road

network as vertices and the roads between these intersections as edges.

Amazon co-purchasing graph: This graph shows combinations of products that are usually
bought jointly on Amazon. The vertices are the different products in Amazon and the edges show

if they were bought together.

Pokec social network graph: Pokec is a social network in Slovakia that consisting of more
than 1.6 million users, making it the most used social network in the country. The vertices are the

individuals in the social network and the edges show the relationships between them.

As Table 7 shows these graphs have different characteristics, and this is the reason they
were chosen for the study. Figure 24 shows for the three graphs of study the neighbor
distribution for the vertices that are located in PIM2, when the graph data structure has been
partitioned evenly among 4PIMs. This data helps to understand the locality in neighboring
vertices of the graph. Figure 24(a) shows the neighbor distribution for Texas road graph, I can
see that most of the neighbors of the vertices in PIM2, are also in PIM2, only a very small
number are in PIM1 and PIM3 and none in PIM3, this shows that Texas road graph has very
high locality in the neighbors. Figure 24(b) shows the neighbor distribution for Amazon, | can
see in this graph that most of the neighbors are located in PIM2, but also a considerable number
of neighbors are in PIM1 and PIM3, so this graph has medium locality in the neighbors. Figure
24(c) shows the neighbor distribution of Pokec, | can see that most of the neighbors are located
in PIM1, and also a large number in PIM3, this graph presents the lower locality of the three

graphs.
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7.5 Evaluation Results

In this section I compare the performance of work migration vs. the baseline case by
applying the timing model to the graph traversal algorithms. 1 first study the performance impact
of using PIM to serialize the queue operations without the need for application-level atomics.
Later, | study the performance of work migration vs. the baseline and | propose modifications to
improve its performance. Finally, | study load imbalance in our graph traversal algorithms and

mechanisms to improve load balancing while maintaining locality.

In this section | study the effect of my proposed mechanisms to take advantage of the
proximity of PIM to the memory to serialize the queue operations guaranteeing atomicity

without the use of explicit software atomics.

7.5.1 Hardware Support for Efficient Shared Queues
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Figure 25 shows the performance difference of using explicit software atomics (sw_atomics)
to serialize the queue operations vs. using PIM (pim_queues). | present results for BFS for the
Amazon and Pokec graphs, when doing migration for 4, 8 and 16 PIMs. For these experiments |
vary the cost of accessing remote memory QR from 64 to 640 cycles, which is 1x to 10x the cost
of accessing local memory QL. The results are normalized to the performance of pim_queue for
4 PIMs. | observe that for all cases my proposed mechanism performs better, with the Amazon

graph demonstrating a larger relative benefit, up to 16.7% improvement for 4PIMs when
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Figure 25. Performance of using explicit software atomics to update the queues vs. using my proposed
mechanisms that uses PIM to serialize the queue operations. | vary the latency to a remote PIM from 64 to 640
cycles (QR), which is 1x to 10x the latency to a local PIM (QL). Results are normalized to 4P1Ms.
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QR=640, due to the graph having a larger diameter. The maximum improvement that | see for
Pokec is 9.7% for 4PIMs when QR=640. A clear advantage is that when avoiding the use of
explicit software atomics, the performance of BFS is not dependent on the latency to access
remote memory in a remote PIM. This is because | can eliminate the remote memory accesses
from the critical path, as will be explained in the next section. The rest of the results | use of this

hardware support.

7.5.2 Study of Work Migration

In this section | study the performance of work migration compared to the baseline. | also

compare the number of local and remote memory accesses performed by each of the policies.

| consider two different alternatives to implement BFS and SSSP. When processing a vertex
these algorithms only require data related to that vertex or data from the immediate predecessor
vertex (SSSP requires the distance of the predecessor vertex to the root in order to compute the
distance of the current vertex to the root). First, | avoid the need to perform remote memory
accesses in the critical path by enqueuing all the neighbors of the vertex that is being processed
to the corresponding PIM. Checking whether those vertices need to be processed or not is done
in the next iteration of the algorithm locally. For SSSP the distance to the predecessor can also be
enqueued with the vertex, I do this by merging both words together into a longer word that can
be enqueued and dequeued atomically. The second alternative first checks whether the
neighboring vertices of the vertex that is currently being processed need to be processed or not
before enqueuing them. This ensures that only the vertices that need to be processed are
enqueued, but requires performing remote memory accesses in the cases where the neighbors are
located in different PIM stacks. | call these two implementations migration and migration

remote:
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Migration: This policy eliminates remote memory accesses from the critical path by
enqueuing all the neighbors of the vertex that is being processed to their corresponding PIM. The
check is later done locally. This policy results in vertices being enqueued and dequeued that

might not need to be processed, but avoids remote memory accesses in the critical path.

Migration remote: This policy performs remote memory accesses to check if the
neighboring vertices need to be processed. If a vertex needs to be processed it is enqueued to the
corresponding PIM. This policy avoids enqueuing and dequeuing extra vertices at the cost of

having remote memory accesses in the critical path.

In the case of BC, when a vertex is being processed data from its successors is needed. So
memory accesses to the successors are unavoidable and these memory accesses can be local or

remote. For BC | use the second implementation alternative.

Enqueueing and dequeueing all the neighboring vertices to later check whether they need to
be processed can be expensive. The higher degree a graph has, the more expensive migration
becomes. | propose the following modifications to migration in order to reduce the number of

vertices that are enqueued and still avoid remote memory accesses in the critical path:

Migration local: Similar to migration, but this policy checks the vertices that are local to
the PIM to ensure they need to be processed in the next iteration before enqueuing them. Since
the vertex is local, the memory accesses to the vertex’s data are local. Vertices that are not local

are still enqueued without validation.

Migration duplicates: This policy is similar to migration, but the queues are implemented
as a hash table to eliminate duplicate vertices. Every time an element is enqueued, the hash table

is looked up to see if the element is already present, and if it is not the element would be written
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to the table. This results in extra memory accesses when enqueuing, but they are overlapped with
the computation. This table could be implemented in software. Accesses to the hash table would

still be serialized by my previously proposed hardware mechanisms introduced in Section 7.2.3.

Migration duplicates local: Combination of migration local and migration duplicates.

Figure 26 shows the performance and memory accesses of the different migration policies
vs. the baseline for BFS, SSSP and BC, as | increase the cost of accessing remote memory. |
vary the cost of accessing remote memory (QR) from 64 to 640 cycles. | compute the total
memory access energy as the energy of a remote memory access is 1X, 5x and 10x that of a local
memory access. | study the behavior of the Amazon, Texas road and Pokec graphs, when using 4
and 8 PIM devices. | only show a subset of the results due to space constraints. The presented
data is sufficiently representative of the rest and can help understand the tradeoffs of the different
policies. For BFS and SSSP, Figure 26 (a) and (c), | can use the migration policy where all the
neighboring vertices of the vertex being processed are enqueued, and checking whether the
vertex has been visited (or whether the distance to the vertex is lower, for SSSP) is done locally.
Migration results in a large number of local memory accesses and only some engqueue operations
are remote. As the remote queue operations are overlapped with the computation, the
performance of migration is not affected by the increasing cost of accessing remote memory. But
the performance of migration is worse than that of the baseline and migration remote. Although
the number of remote memory accesses is low for migration, the large number of local memory

accesses results in high total memory energy, as Figure 26(b) and (d) show.

In Figure 26(a) and (c) | observe that the performance of migration improves with the

proposed modifications (migration local, migration duplicates and migration duplicates local)
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and they are also not affected by the cost of accessing remote memory. On the contrary, the
performance of baseline worsens as the cost of accessing remote memory increases. At lower QR
the baseline performs better, as it achieves better load balance among PIMs by enqueuing
vertices in a round robin way, and the effect of QR is lower and less important than the impact of
load imbalance. The baseline performs multiple remote memory accesses when processing a
vertex remotely, to read the graph data structure that is stored in remote PIMs. These accesses
are often interdependent resulting in multiple serialized round trip accesses to the remote PIM.
For example, the vertex array needs to be accessed first to find the corresponding index to the
edge array, which contains the neighbors of a vertex. On the contrary, migration and its variants
are not sensitive to higher latency to remote PIM stacks as accesses to a remote PIM are
performed when a vertex is enqueued to a remote queue, which is off the critical path. These new
policies based on migration result in fewer number of local memory accesses than migration as

shown in Figure 26 (b) and (d), lowering the total memory energy.
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Figure 26. The first column shows the performance of BFS for the Amazon graph (8PIMs), SSSP with Texas road network
(4P1Ms) and BC for the Pokec social network (8PIMs). | vary the latency to a remote PIM from 64 to 640 cycles (QR), which
is 1x to 10x the latency to a local PIM (QL). The second column shows the energy of the memory accesses when the energy of
a remote memory access is 1x, 5x and 10x that of a local memory access.
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In Figure 26(a) | observe that the performance of migration remote worsens with QR. This is due
to the remote memory accesses that this policy performs to check what vertices to enqueue. For
low QR, baseline performs better than migration remote as it is more balanced, but as QR
increases a low number of remote memory accesses becomes more important. The number of
remote memory accesses for migration remote is however larger than for the other migration
policies; as can be seen in Figure 26(b). This is not the case for SSSP with the Texas road graph;
as Figure 24(c) shows. The Texas road network graph presents few edges per vertex, and high
locality in its neighbors, meaning that the neighbors of a vertex are likely to be on the same PIM
stack as the parent. Therefore, migration remote is not affected by QR as most of the memory
accesses are local. This is why migration remote results in better performance than any of the
other migration policies. As migration remote does check and, if necessary, updates the distance
to the neighboring vertices before enqueuing the vertex, only the vertices that need to be

processed are enqueued, considerably reducing the number of memory accesses.

In Figure 26(e) for BC, I use migration remote; | need to perform memory access and update
a vertex’s data before it is enqueued. This is the reason why migration remote’s performance
increases with the cost of accessing remote memory. In this case migration remote’s
performance is worse than the performance of the baseline due to the load imbalance. The degree
of imbalance is input-dependent, but | observe it in all the studied graphs. As the number of
PIMs increases, load imbalance goes up. Figure 26(f) shows the memory accesses performed by
both policies. | observe that the number of remote memory accesses is larger for the baseline
than for migration remote, the baseline results in more energy spent in memory accesses. In the
next section | explore the effect of work stealing to improve the performance of migration

remote while still trying to maintain locality.
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7.5.3 Load Balancing and Locality

As shown before for the BC case, the baseline performs better than migration remote
although the baseline results in more remote memory accesses. For BFS and SSSP, the baseline
performs better than the rest of the policies for low QR. For all cases this is due to the load

imbalance in the graph algorithms and the graphs.

In this section | study work stealing implemented on top of migration remote and DL work
stealing implemented on top of migration duplicates local to address the load imbalance
problem. | implement a traditional work stealing mechanism, where threads first execute the
vertices that are in their local queue and once their local queue is empty, if there is still work to
be completed in the system, they steal from the queue with the most elements. When the cost of
accessing remote memory and local memory is close, work stealing reduces load imbalance and
the number of vertices processed by each PIM is similar. As the cost of accessing remote
memory increases, the cost of processing vertices remotely goes up, and fewer vertices will be
processed remotely, naturally reducing the degree of work stealing and decreasing the number of
remote memory accesses. Work stealing becomes more efficient as the cost of accessing remote

memory goes up.
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Figure 27. The first column shows the performance of work stealing for BC with the Pokec graph (8PIMs) and work
stealing and DL work stealing for BFS with Amazon graph (8PIMs). | vary the latency to a remote PIM from 64 to 640
cycles (QR), which is 1x to 10x the latency to a local PIM (QL). The second column shows the energy of the memory
accesses when the energy of a remote memory access is 1x, 5x and 10x the energy of a local memory access.

Figure 27 shows the performance of work stealing for BC using the Pokec graph and both

work stealing and DL work stealing for BFS using the Amazon graph. Figure 27(a) shows the

results for BC, and work stealing always performs better than the baseline. This is because work

stealing first executes as many vertices locally as possible and then it executes vertices remotely

(stealing vertices from other queues) to balance the load of the different threads. Figure 27(c)

shows the results for BFS, work stealing is the best performing policy for lower QR. For higher

QR, DL work stealing performs better as it is not affected by QR. Figure 27(b) and (d) show the

memory accesses performed by the different policies and the total memory access energy as the

energy of a remote memory access is 1x, 5x and 10x that of a local memory access. | see that

work stealing performs more remote memory accesses and less local memory accesses than
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migration remote, but less remote memory accesses than the baseline. In Figure 27(b) | see that
DL work stealing presents more local memory accesses than work stealing, but less than
migration duplicates local. Figure 27(b) and (d) show that for both work migration policies the
number of remote memory accesses decreases as the cost of accessing remote memory goes up

resulting in lower total memory energy with QR.

| observe that there is a tradeoff between performance and energy; both work stealing and
DL work stealing provide better performance for higher energy than other policies such as
migration remote or migration duplicates local, since in order to balance the load it needs to

steal vertices and execute them remotely, but this difference decreases as QR increases.

7.6 Summary

This work shows that the large amount of irregular memory accesses present in graph
algorithms make it challenging to implement these algorithms obtaining high data locality on
systems with multiple PIM devices. | propose fine-grained work migration to maximize data

locality in PIM-based systems.

This work proposes a framework to explore a large space of graph application behaviors and
system architectures. | provide insight regarding what characteristics of the graph applications

and system parameters result in efficient work migration to take advantage of data locality.

Hardware support for efficient queue implementations can considerably increase the
performance of my work migration mechanisms. | present a technique for such hardware support
that leverages the DRAM controller in PIM to enforce serialization of operations to the same

queue, eliminating the overheads of atomics. My method also does not require dedicated
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hardware storage, allowing it to scale to arbitrary numbers of queues and arbitrarily large queues,

limited only by the DRAM capacity of the memory modules.

To conclude | can say that fine-grain task migration results in lower number of remote
memory accesses in graph algorithms compared to the baseline, but naive migration schemes
increase the number of local memory accesses which can hurt both performance and energy. |
proposed optimizations to fine-grain task migration to reduce the number of vertices that are
enqueued/dequeued, mitigating the increase in local memory accesses and still keeping remote
memory accesses of the application’scritical path. | also explored a hybrid scheme with some
amount of remote memory accesses and task migration (Migration remote), which also reduces
the number of local memory acceses but its performance worsens with remote memory access
latency. | also evalauted work stealing mechanisms to further improve the performance of fine-
grain task migration by reducing the load imbalance at the cost of some loss of data locality in

the memory accesses.
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8 Conclusions

In this thesis | studied different task allocations and migration techniques in novel
architectures, and their implications on performance, energy savings and QoS and fairness. With
the slowdown of Moore’s Law and Dennard scaling, power consumption is currently the most
important design constraint for increasing microprocessors’ performance. New architectures that
result in higher power efficiency are being researched to continue increasing computing
performance. In this thesis | focused on two new architectural trends: GPGPU computing and
PIM systems. | showed that these architectures present new challenges when it comes to
scheduling work on them and | demonstrated how smart scheduling decisions considerably

increase the performance of these novel architectures.

For GPGPU execution, | showed that spatial multitasking improves overall system
performance and resource utilization compared to cooperative multitasking. In this thesis I
studied how to distribute computing resources to different concurrently-executing GPGPU

applications considering process variation, QoS and fairness.

| first proposed a variation-aware assignment of SMs to applications in a GPU that supports
spatial multitasking and PSMC. | characterized GPGPU applications based on their sensitivity to
frequency and applied a variation-aware assignment of SMs to applications. The proposed
technique that assigns faster SMs to compute-bound applications and slower SMs to memory-
bound applications demonstrated an improvement in performance. | also evaluated different SM
partitioning algorithms that take advantage of PSMC in a multitasking GPU. When executing
two or three applications concurrently, | achieved speedups of 18%-20% using Even-Split and

Profile partitioning algorithms, respectively, compared to the same partitioning algorithms with
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global clocking. These speedups increased to 36%-46% when compared to the performance of

cooperative multitasking with global clocking.

Spatial multitasking on the GPU can also help satisfy the performance requirements of QoS
applications by assigning them enough computing resources to meet those requirements. The
remaining SMs can then either be allocated to executing best-effort applications to improve
overall system performance, or be left idle to save power. | showed that this allocation is
complicated by the fact that the performance of the QoS application depends on the co-executing
applications, and the consequent contention on the shared resources. This is the reason why a
static allocation of resources to the applications is not a good approach. | showed how a linear
approximation algorithm allows us to dynamically allocate the minimum number of resources to
the QoS application, so that it satisfies its performance requirements no matter what other
applications run simultaneously on the GPU. By using spatial multitasking with QoS
applications on the GPU 1 obtained 7W power consumption reduction or 17.57% performance

improvement for co-executing best-effort applications.

Next, | studied fairness in the resource allocation in GPGPUs. | showed that maximizing
system performance can come at a significant cost of fairness of individual application
performance. This work introduced a fairness metric that partitions the SMs between
simultaneously-executing applications to increase performance relative to cooperative
multitasking, and do so without sacrificing individual application performance. | further
presented a methodology to determine at runtime how to allocate GPU resources to meet this
metric, and adjust that allocation if isolation-based performance predictions are determined to be

inaccurate in the face of multiple co-executing applications.
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Last, | performed a high-level analysis of graph algorithms executing in a system that
consists of multiple memory devices with PIM capabilities. The irregular memory accesses
patterns of these applications can result in large number of remote memory accesses, negating
the benefits of PIM. | proposed fine-grained work migration to maximize data locality in PIM-
based systems. | also proposed hardware support for efficient queue implementations taking

advantage of the proximity of PIM to the memory.

| found that fine-grain task migration results in lower number of remote memory accesses in
graph algorithms compared to the baseline, but naive migration schemes increase the number of
local memory accesses which can hurt both performance and energy. | proposed optimizations to
fine-grain task migration to reduce the number of vertices that are enqueued/dequeued,
mitigating the increase in local memory accesses and still keeping remote memory accesses of
the application’scritical path. | also evaluated work stealing mechanisms to further improve the
performance of fine-grain task migration by reducing the load imbalance at the cost of some loss

of data locality in the memory accesses.

As these new architectures become adopted in more computing systems, and a large variety
of applications are modified to execute on them, it will become increasingly important for these
architectures to provide better support for resource allocation, task partitioning and task
migration will increase in importance. Properly implementing these capabilities will determine
the performance and energy benefits that these architectures will be able to provide—and in

some degree will further help with their adoption.
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