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Abstract

Irregular applications comprise an increasingly important workload domain for many fields, includ-
ing bioinformatics, chemistry, graph analytics, physics, social sciences and machine learning. There-
fore, achieving high performance and energy efficiency in the execution of emerging irregular appli-
cations is of vital importance. While there is abundant research on accelerating irregular applications,
in this thesis, we identify two critical challenges. First, irregular applications are hard to scale to a
high number of parallel threads due to high synchronization overheads. Second, irregular applica-
tions have complex memory access patterns and exhibit low operational intensity, and thus they are

bottlenecked by expensive data access costs.

This doctoral thesis studies the root causes of inefficiency of irregular applications in modern com-
puting systems, and aims to fundamentally address such inefficiencies, by 1) proposing low-overhead
synchronization techniques among parallel threads in cooperation with 2) well-crafted data access
policies. Our approach leads to high system performance and energy efficiency on the execution
of irregular applications in modern computing platforms, both processor-centric CPU systems and

memory-centric Processing-In-Memory (PIM) systems.

We make four major contributions to accelerating irregular applications in different contexts in-
cluding CPU and Near-Data-Processing (NDP) (or Processing-In-Memory (PIM)) systems. First, we
design ColorTM, a novel parallel graph coloring algorithm for CPU systems that trades off using
synchronization with lower data access costs. ColorTM proposes an efficient data management tech-
nique co-designed with a speculative synchronization scheme implemented on Hardware Transac-
tional Memory, and significantly outperforms prior state-of-the-art graph coloring algorithms across
a wide range of real-world graphs. Second, we propose SmartPQ, an adaptive priority queue that
achieves high performance under all various contention scenarios in Non-Uniform Memory Access
(NUMA) CPU systems. SmartPQ tunes itself by dynamically switching between a NUMA-oblivious

and a NUMA-aware algorithmic mode, thus providing low data access costs in high contention sce-



narios, and high levels of parallelism in low contention scenarios. Our evaluations show that SmartPQ
achieves the highest throughput over prior state-of-the-art NUMA-aware and NUMA-oblivious con-
current priority queues under various contention scenarios and even when contention varies during
runtime. Third, we introduce SynCron, the first practical and lightweight hardware synchronization
mechanism tailored for NDP systems. SynCron minimizes synchronization overheads in NDP sys-
tems by (i) adding low-cost hardware support near memory for synchronization acceleration, (ii)
directly buffering the synchronization variables in a specialized cache memory structure, (ii) imple-
menting a hierarchical message-passing communication scheme, and (iv) integrating a hardware-only
overflow management scheme to avoid performance degradation when hardware resources for syn-
chronization tracking are exceeded. We demonstrate that SynCron outperforms prior state-of-the-art
approaches both in performance and energy consumption using a wide range of irregular applica-
tions, and has low hardware area and power overheads. Fourth, we design SparseP, the first library
for high-performance Sparse Matrix Vector Multiplication (SpMV) on real PIM systems. SparseP is
publicly-available and includes a wide range of data partitioning, load balancing, compression and
synchronization techniques to accelerate this irregular kernel in current and future PIM systems. We
also extensively characterize the widely used SpMV kernel on a real PIM architecture, and provide
recommendations for software, system and hardware designers of future PIM systems.

Overall, we demonstrate that the execution of irregular applications in CPU and NDP/PIM ar-
chitectures can be significantly accelerated by co-designing lightweight synchronization approaches
along with well-crafted data access policies. Specifically, we show that efficient synchronization and
data access techniques can provide high amount of parallelism, low-overhead inter-thread communi-
cation and low data access and data movement costs in emerging irregular applications, thus signif-
icantly improving system performance and system energy. This doctoral thesis also bridges the gap
between processor-centric CPU systems and memory-centric PIM systems in the critically-important
area of irregular applications. We hope that this dissertation inspires future work in co-designing
software algorithms with cutting-edge computing platforms to significantly accelerate emerging ir-

regular applications.

Keywords: Irregular Applications, Synchronization, Efficient Data Access Techniques, Multicore

Systems, Processing-In-Memory Architectures
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CHAPTER 1

Introduction

Irregular applications such as graph processing, data analytics, sparse linear algebra and dynamic
pointer-chasing constitute an important part of software systems we rely on. These applications lie at
the heart of many important workloads including deep neural networks [19-24], bioinformatics [25—
27], databases [28129], data analytics [29-37]], large-scale simulations [38-43]], medical imaging [18|
40,44], economic modeling [[18}|4044]], and scientific applications [18,40-44]]. Therefore, optimizing
and accelerating irregular applications is of vital importance, and thus a large corpus of research
proposes either software designs [1,13-15,/18,44-152]] or hardware mechanisms [5}|10} 20,22, 25-29,
32-37.39,/129,153-288]] to accelerate the execution of such applications.

In this dissertation, we identify three important characteristics of irregular applications that crit-
ically affect their performance. First, irregular applications exhibit inherent imbalance as a result
of the real-world input data sets given. Specifically, the concrete pieces involved in the underlying
data structures and program data of irregular applications are not of equal size. For example, the
matrices involved in linear algebra kernels are very sparse, i.e., the vast majority of elements are

zeros [|18,(103,/139,/15041286}289-294], and in most real-world matrices the number of non-zero ele-

27



28 Chapter 1

ments per row shows high disparity and imbalance across the rows of the matrix [295]]. Similarly, the
real-world graphs involved in graph processing workloads typically have a power-law distribution,
i.e., only a few vertices have a very high adjacency degree, while the vast majority of the remaining
vertices of the graph have a very low adjacency degree [101/109,(155|], which causes high disparity and
imbalance in the number of edges across vertices. Therefore, naively parallelizing such workloads to
a large number of threads in modern computing platforms can incur 1) high load imbalance across
parallel threads, and 2) high disparity in the amount of computation versus memory accesses exe-
cuted across parallel threads. Second, irregular applications exhibit random memory access patterns,
i.e., the memory accesses performed are neither sequential nor strided, and they are input-driven
dependent. Such complex memory access patterns are very hard to predict. Therefore, irregular ap-
plications exhibit complex data dependencies, poor spatial and temporal data locality, and high data
movement overheads to transfer data between memory and processors of commodity computing
systems. Third, most irregular applications have low operational intensity, i.e., the amount of use-
ful arithmetic operations performed by the processors compared to the amount of data necessary to
perform these operations is very low. As a result, irregular applications are memory-bound kernels.
They can be significantly bottlenecked by the memory subsystem, incurring high latency costs and
excessive memory bandwidth consumption to access data through memory.

As such, irregular applications constitute an important and emerging workload domain. How-
ever, at the same time, it is very challenging to achieve high performance and energy efficiency in the
execution of such workloads in modern computing systems due to the large memory and commu-
nication bottlenecks. Overall, irregular applications have several important inherent characteristics
that necessitate new approaches both in the software, i.e., re-designing parallel algorithms, and the
hardware level, i.e., re-designing key components of modern computing architectures, to achieve

high system performance, and cooperatively between the software and the hardware.

1.1 Motivation: Excessive Synchronization and High Memory

Intensity Degrade the Execution of Irregular Applications

Modern computing systems and state-of-the-art parallel algorithms have two important implications
that render the efficient execution of irregular applications a significantly challenging task.

Implication 1: Excessive Synchronization. To achieve high system performance in a multi-
threaded execution context, load balance among parallel threads is critical. Therefore, software engi-
neers employ a fine-grained parallelization strategy among parallel threads in irregular applications
due to the inherent imbalance exhibited in the input data sets involved. For example, Figure|1.1|com-
pares a regular Dense Matrix Vector Multiplication (DEMV) with an irregular Sparse Matrix Vector
Multiplication (SpMV). In the DEMV execution, a coarse-grained parallelization strategy (Figure[1.1p),
in which the rows of the matrix are equally distributed across parallel threads, can easily achieve
high load balance. However, using a coarse-grained parallelization strategy to parallelize the irregu-
lar SpMV kernel (Figure|[1.1p) results in significantly high load imbalance among parallel threads, due

to the high disparity in the number of non-zero elements processed across parallel threads, causing
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large performance overheads. Thus, a fine-grained parallelization strategy among parallel threads is
necessary, e.g., Figure [1.1c. Unfortunately, this approach however results in excessive and frequent
synchronization among parallel threads. In the example of the irregular SpMV kernel, with a fine-
grained parallelization strategy, parallel threads that process non-zero elements of the same row of
the matrix (Figure[L.1k), use synchronization primitives (e.g., locks, mutexes) to ensure atomicity and
correctness, when performing write updates on the same element of the output vector. Therefore,
a large amount of processor cycles is spent on communication and synchronization with significant
performance overheads [164/44,/47,291,296].

(a) Dense Matrix Vector Multipl. | (b) SpMV (coarse-grained approach) : (c) SpMV (fine-grained approach)

g 8 I et I et T IIT1]
vector * vector * vector *
‘ ' Thread 1 a
Thread 1 i Thread 1 ' Thread 2 a
; ' Thread 3
Thread 2 = Thread 2 = ' =
Thread 3 ! Thread3
Dense output Sparse output Sparse output
Matrix vector Matrix vector Matrix vector

Figure 1.1: (a) Dense Matrix Vector Multiplication using three parallel threads. (b) Sparse Matrix
Vector Multiplication with a coarse-grained parallelization strategy among three parallel threads. (c)
Sparse Matrix Vector Multiplication with a fine-grained parallelization strategy among three parallel
threads. The colored cells of each matrix represent non-zero elements.

At the application level, existing fine-grained parallel algorithms (e.g., [13,/59-6877,[78]]) typically

lack well-tuned synchronization implementations [45}297]], and/or do not achieve high system per-
formance under all various contention scenarios. Recent works [16,45.297,298] demonstrate that (i)
naive synchronization schemes used in irregular applications can cause high memory traffic with sig-
nificant latency access costs, and (ii) the best-performing synchronization scheme varies depending
on the levels of contention among parallel threads and the characteristics of the underlying hard-
ware platform. At the architecture level, even though numerous hardware synchronization mecha-
nisms have been proposed [299-317]], most of them incur high hardware cost to be implemented in
commodity systems, require important cross-stack modifications and/or have narrow programming
interfaces, and thus they are hard to adopt.
Implication 2: High Memory Intensity. Irregular applications involve random memory access
patterns, have low operational intensity and are primarily bottlenecked by the memory subsys-
tem [18]121,29,32-37,44,103,156,/162,291,294]. Thus, irregular applications incur high memory inten-
sity with significant data access costs, and a large fraction of the application’s execution time is spent
on data accesses and/or waiting for data to be transferred between memory and processors. Things
become even worse with the large growth in input data set sizes as well as intermediate data used
and generated during runtime. Therefore, irregular applications need to process increasingly large
volumes of data (input data sets with tens or hundreds of GBs memory footprints [46,318]]), and need
to effectively handle the high data demand.
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We demonstrate the aforementioned critical performance implication with an example, i.e., the
SpMV kernel execution. The SpMV kernel performs O(N N Z) operations on O(N + NN Z) amount
of data (assuming a square matrix), where NN Z is the number of non-zero elements of the input
matrix and NV is the number of columns of the input matrix (equal to the number of elements of the
input vector). However, the real-world matrices involved are very sparse [18}103}/150,286}289-293]].
For instance, the matrices that represent Facebook’s and YouTube’s network connectivity contain
only 0.0003% [286,289] and 2.31% [286,290] non-zero elements, respectively. Figure [1.2] presents
an example SpMV execution on the first four rows of a sparse 9x9 matrix with only 10 non-zero
elements, i.e., having ~0.17 operational intensity when assuming single precision non-zero elements
(i.e., integers). As shown in Figure the accesses to the elements of the input vector are random
and irregular, and they depend on the sparsity pattern of the matrix that is given as input. The
data accesses to the elements of the input vector are very hard to predict, since they are affected
by the particular characteristics of the input matrix, and are typically performed using the main
memory of commodity systems, which often has high latency and low bandwidth [244,[319]]. Thus,
SpMV execution is highly limited by the irregular data accesses to the elements of the input vector
and the data movement costs of accessing the elements of the input vector, which cause significant
performance overheads in the total execution time [18,/103,/111,/120,/132,/139,286,292,294,320-323].

Execution of the 1st row | Execution of the 2nd row | Execution of the 3rd row | Execution of the 4th row

input o TT W PPt T P dnput T T T T T
vector ! vector i vector L | [ 1] ! vector

[ * ]: * ' * : *
Sparse ! Sparse | Sparse ! Sparse | ]

Matrix i Matrix i Matrix i Matrix

Figure 1.2: An example SpMV execution on the first four rows of a sparse 9x9 matrix with only
10 non-zero elements. The execution steps are performed at a row granularity. The colored cells of
the matrix with purple color represent non-zero elements, and the colored cells of the input vector
represent the elements of the input vector that are processed/accessed at each execution step.

Two recent works [211324] explain that the energy overheads of data movement across the mem-
ory hierarchy of commodity systems can be significantly higher than that of computation in irreg-
ular applications. First, Boroumand et al. [21] show that moving data between memory and proces-
sors causes more than 60% of the total system energy efficiency in several irregular Google’s con-
sumer workloads. Second, Boroumand et al. [324] demonstrate that the commercial Google Edge
TPU unit [325] spends 50.3% of its total energy on off-chip memory accesses across a wide range of
irregular machine learning applications, including convolutional neural networks, transducers and
recurrent neural networks. Multiple other works (e.g., [326.]327]) provide analysis of data movement
bottlenecks in a variety of irregular workloads. Therefore, we conclude that the high memory inten-
sity of irregular applications causes significant bottlenecks and high overheads both in performance
and energy consumption.

At the application level, many parallel applications and software packages do not handle data well
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(e.g., [13449/53-561/59,60.|77./78]), and/or do not adapt their parallelization strategies to the particular
characteristics of the input data given. Recent works [328-333]] highlight that different pieces of
program data have different performance characteristics (latency/bandwidth/parallelism sensitivity),
and inherent properties. Consequently, data-oblivious policies, i.e., policies that are designed without
taking into consideration the properties of the application data they handle, result in lost performance
optimization opportunities, which could be achieved by exploiting data properties. Similarly, at the
architecture level, existing hardware mechanisms (e.g., [334-337]) are designed without considering
modern applications’ memory access patterns and overwhelming data demand, and as such, they

cause frequent data movement across the entire system and significant data access costs.

1.2 Our Approach: Efficient Synchronization and Data Access
Techniques for Irregular Applications

In this dissertation, we study a wide range of irregular applications, including graph processing,
data analytics, pointer-chasing and sparse linear algebra, and explore their performance implications
on two modern computing platforms: (i) the processor-centric Non-Uniform Memory Access (NUMA)
CPU architectures, and (ii) the memory-centric Processing-In-Memory (PIM) (or Near-Data-Processing
(NDP)) architectures. The NUMA CPU architectures constitute the dominant hardware platform in
today’s computing systems, and have been significantly optimized over decades to integrate general-
purpose cores with high computation capability. The PIM/NDP architectures have been recently
commercialized [156-1581|161,162,338-341]], and represent a promising disruptive paradigm to alle-
viate the costs of data movement across the memory hierarchy. PIM/NDP architectures equip mem-
ory chips with a large number of low-area and low-power cores with relatively low computation
capability, and alleviate data movement overheads by performing computation close to where the
application data resides. Therefore, PIM/NDP architectures provide high levels of parallelism and
very large memory bandwidth.

We posit that, moving forward, both hardware mechanisms and parallel algorithms need to con-
sider the synchronization needs and memory access patterns of irregular applications as the two
major priorities to significantly improve system performance and system energy efficiency, when
employing hundreds or thousands of parallel threads. In particular, modern software and hardware
designs for irregular applications should provide two major types of optimization approaches: (1)
efficient synchronization, and (2) efficient data access techniques.

Efficient Synchronization Techniques. Modern computing platforms need to support low-cost
and practical hardware synchronization mechanisms, while parallel algorithmic designs need to pro-
vide fine-grained communication and adaptive synchronization approaches among parallel threads
to significantly accelerate the execution of irregular applications. Lightweight synchronization tech-
niques are highly effective at execution of irregular applications, since they improve system perfor-
mance and energy efficiency by (1) mitigating coherence/communication traffic overheads caused
when synchronizing hundreds or thousands of parallel threads, and (2) exposing high levels of fine-

grained parallelism thanks to enabling low-cost communication and coordination among parallel
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threads. We demonstrate the benefits of efficient synchronization in four different contexts. First, we
design a speculative synchronization scheme for the widely used graph coloring kernel [48]] (Chap-
ter|2)), which speculatively performs most computations and data accesses outside the critical section,
and thus effectively minimizes synchronization costs and provides high levels of parallelism on the
graph coloring kernel by enabling short critical sections with small memory footprints. Second, we
propose an adaptive concurrent priority queue (Chapter [3), which dynamically tunes its paralleliza-
tion strategy between two algorithmic modes (a NUMA-aware and a NUMA-oblivious mode) without
using barrier synchronization, and thus achieving negligible synchronization costs upon transitions.
Third, we introduce a low-cost and practical hardware synchronization mechanism tailored for NDP
architectures (Chapter [4), which significantly improves system performance and system energy effi-
ciency in a wide variety of irregular parallel applications including pointer chasing, graph process-
ing, and time series analysis. Fourth, we implement three synchronization schemes among parallel
threads of a multithreaded PIM core in the SpMV kernel (Chapter 5), and show that the lock-free syn-
chronization scheme provides significant performance benefits over the lock-based synchronization

schemes in a real PIM system, by providing higher amount of parallelism among parallel threads.

Efficient Data Access Techniques. Modern computing systems need to eliminate data movement
overheads, while parallel algorithmic designs need to provide well-crafted data distribution and data-
aware parallelization strategies (by exploiting properties of data), as well as adaptive cache and mem-
ory management techniques (by leveraging characteristics of the underlying hardware), in order to
minimize data access costs in the execution of irregular applications. Data-aware parallel algorithms
and memory-centric architectures can significantly improve performance and energy efficiency in the
execution of irregular applications by (1) reducing data access and communication costs, and (2) bet-
ter leveraging the available memory bandwidth of the underlying hardware to increase the efficiency
of the application execution. We demonstrate the benefits of efficient data access techniques in four
different contexts. First, we propose an eager coloring conflict policy to detect and resolve coloring
inconsistencies arised among parallel threads in the graph coloring kernel [48] (Chapter [2), which
effectively reduces data access costs by accessing conflicted vertices immediately using the low-cost
on-chip caches of multicore CPU platforms. Second, we design (i) a concurrent priority queue (Chap-
ter [3) having a parallelization strategy that is aware of the non-uniform distribution (NUMA-aware)
of the underlying data structure in a NUMA CPU architecture, and thus achieves higher performance
benefits (by minimizing data access costs) in high-contention scenarios over state-of-the-art concur-
rent priority queues [13l|77], which are oblivious to the non-uniform distribution (NUMA-oblivious)
of the underlying data structure in a NUMA CPU architecture, and we also propose (ii) an adaptive
concurrent priority queue (Chapter [3), which dynamically tunes its parallelization strategy between
a NUMA-aware and a NUMA-oblivious algorithmic mode depending on the contention levels of the
current workload, and thus provides high throughput in NUMA CPU systems under all various con-
tention scenarios (by reducing data access costs and achieving high amount of parallelism). Third,
we add a specialized low-cost cache memory structure inside synchronization accelerators for NDP
systems (Chapter [4) to directly buffer synchronization variables, and thus minimize latency accosts

costs by avoiding costly memory accesses for synchronization. Fourth, we introduce various data
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partitioning techniques to efficiently map the irregular SpMV execution kernel on near-bank PIM
systems [[157,338,[340] (Chapter [5), and show that the best-performing SpMV execution on a near-
bank PIM system [157,[338] (Chapter [5) is achieved using intelligent data-aware algorithmic designs
that (i) trade off computation for lower data movement overheads, and (ii) select their parallelization
strategy and data partitioning policy based on the particular sparsity pattern of the input matrix, i.e.,
by exploiting properties of the input data. We also observe that the memory-bound SpMV kernel on
a state-of-the-art memory-centric PIM system achieves a much higher fraction of the machine’s peak

performance compared to that on state-of-the-art processor-centric CPU and GPU systems (Chapter]5).

1.2.1 Thesis Statement

In this dissertation, we propose parallelization techniques and algorithmic designs, along with hard-
ware mechanisms that enable lightweight synchronization and low-cost data accesses in emerging
irregular applications running in processor-centric CPU and memory-centric PIM/NDP architectures.
Specifically, we propose (1) a novel parallel algorithm that minimizes synchronization and data ac-
cess costs in the graph coloring kernel execution on CPU systems, (2) an adaptive concurrent priority
queue that provides high amount of parallelism and minimizes memory traffic in NUMA CPU sys-
tems, (3) an end-to-end hardware mechanism that enables low-cost synchronization in NDP systems,
and (4) several efficient algorithmic designs that provide low synchronization and data transfer costs
in the SpMV kernel execution on real near-bank PIM systems.

This dissertation, hence, provides substantial evidence for the following thesis statement:

Low-overhead synchronization approaches in cooperation with well-crafted data
access techniques can significantly improve performance and energy efficiency of

important data-intensive irregular applications.

1.3 Overview of Our Research

We propose four new approaches to accelerate irregular applications in CPU and PIM/NDP architec-
tures via efficient synchronization and data access techniques, which we briefly describe next. We
also put our contributions in the context of relevant prior work and provide detailed discussions of

and comparisons to prior work in Chapters

1.3.1 ColorTM [1-3]: High-Performance and Balanced Parallel Graph Col-
oring on Multicore CPU Platforms (Chapter

Graph coloring is an important graph processing kernel, and it is widely used in many real-world
end-applications including the conflicting job scheduling [48}342-345]], register allocation [346-350]
and sparse linear algebra [351-354]. The total runtime of the graph coloring kernel typically adds to
the overall parallel overhead of the real-world end-application, and thus a high-performance parallel
graph coloring algorithm for modern multicore platforms is necessary. Prior works [[49,53-56] that

parallelize the graph coloring kernel are still inefficient (as we demonstrate in Chapter[2), because they
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detect and resolve the coloring inconsistencies arised among parallel threads with a lazy approach:
they detect and resolve the coloring inconsistencies much later in the runtime compared to the time
that the coloring inconsistencies appeared. As a result, prior approaches access the conflicted vertices
of the graph multiple times, mainly using the expensive last levels of the memory hierarchy (e.g., main
memory) of commodity multicore platforms, thus incurring high data access costs.

To this end, we design ColorTM [1-3]], a high-performance parallel graph coloring algorithm for
multicore platforms. ColorTM is designed to provide both low synchronization overheads and low
data access costs via two key techniques. First, we introduce an eager conflict detection and resolu-
tion approach of the coloring inconsistencies arised among parallel threads: coloring inconsistencies
are immediately detected and resolved at the time they appear. This way in ColorTM, the conflicted
vertices are accessed multiple times, using the low-cost lower levels of the memory hierarchy of mul-
ticore platforms, thus achieving low data access costs. Second, we design a speculative computation
and synchronization scheme, in which parallel threads speculatively perform computations and data
accesses outside the critical section to enable short critical sections with small memory footprints.
This key technique provides high levels of parallelism and low synchronization costs by executing
multiple small and short critical sections in parallel. Next, we extend our algorithmic design to pro-
pose a balanced parallel graph coloring algorithm, named BalColorTM (2], in which the vertices of
the graph are almost equally distributed across the color classes produced. Enabling color classes
with almost equal sizes can provide high hardware resource utilization and high load balance among
parallel threads in the real-world end-applications of graph coloring.

We evaluate ColorTM and BalColorTM on a modern multicore platform using a wide variety of
large real-world graphs with diverse characteristics. In Chapter 2| we show that ColorTM and BalCol-
orTM significantly outperform prior state-of-the-art graph coloring algorithms [49,53-56]], while also
achieving high coloring quality. We also demonstrate that ColorTM and BalColorTM can provide sig-
nificant performance improvements in real-world end-applications, e.g., Community Detection [355]].
ColorTM and BalColorTM are freely and publicly available [2]] at github.com/cgiannoula/ColorTM to

enable further research on the graph coloring kernel in modern multicore systems.

1.3.2 SmartPQ [4]: An Adaptive Concurrent Priority Queue for NUMA CPU
Architectures (Chapter

Concurrent priority queues lie at the heart of many important applications including graph process-
ing [356-360]] and discrete event simulations [361-363]. Prior works [13}/15,59,60,62-65,77,78,86,364]
have designed concurrent priority queues for modern NUMA architectures. These implementations
for concurrent priority queues are typically of two types: (i) NUMA-oblivious concurrent priority
queues [[131/59,60,/62-65./77,78,364], in which the parallelization strategy implemented is oblivious to
the non-uniform memory access costs of the underlying memory subsystem, and (ii) NUMA-aware
concurrent priority queues [[15,86]], in which the parallelization strategy implemented takes into con-
sideration the non-uniform memory access costs of the underlying memory subsystem. We examine
prior state-of-the-art concurrent priority queues [13,(15,/77] on a NUMA CPU system using a wide

variety of contention scenarios, and find that none of the prior state-of-the-art concurrent priority
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queues performs best across all various contention scenarios. Specifically, NUMA-oblivious concur-
rent priority queues provide high levels of parallelism, low data access costs, and high performance
in insert-dominated scenarios, which typically exhibit low-contention, since parallel threads may
work on different parts of the underlying data structure. In contrast, NUMA-oblivious concurrent
priority queues cause high data movement traffic in the memory subsystem of a NUMA architecture,
and incur significant performance slowdowns over the NUMA-aware concurrent priority queues in
deleteMin-dominated workloads, which exhibit very high contention, since parallel threads highly
compete to remove the first few elements of the underlying data structure.

To this end, we propose SmartPQ [4], an adaptive concurrent priority queue for NUMA archi-
tectures that achieves the highest performance in all different contention scenarios, and even when
the contention of the workload varies over time. SmartPQ is designed to provide high levels of par-
allelism and low data access and data movement costs under all various contention scenarios. To
achieve this, SmartPQ dynamically adapts itself over time between a NUMA-oblivious and a NUMA-
aware algorithmic mode depending on the contention levels of the workload. SmartPQ integrates (i)
NUMA Node Delegation (Nuddle), a generic framework to wrap any arbitrary NUMA-oblivious con-
current data structure, and transform it into its NUMA-aware counterpart, and (ii) a simple decision
tree classifier, which predicts the best-performing algorithmic mode (between a NUMA-oblivious
and a NUMA-aware algorithmic mode) given the current contention levels of the workload. This
way SmartPQ uses the NUMA-aware Nuddle priority queue in deleteMin-dominated workloads, and
switches to directly using the Nuddle’s underlying NUMA-oblivious concurrent priority queue in
insert-dominated scenarios, thus enabling low data access costs in all various contention scenarios.

We evaluate SmartPQ in a modern NUMA CPU system using a wide range of contention scenarios,
and also using synthetic benchmarks that dynamically vary the contention of the workload over
time. In Chapter[3] we demonstrate that SmartPQ achieves the highest performance over prior state-
of-the-art NUMA-oblivious and NUMA-aware concurrent priority queues [13,|15,/77] in all various

contention scenarios and at any point in time with 87.9% success rate.

1.3.3 SynCron [5]: Efficient Synchronization Support for NDP Architec-
tures (Chapter @)

NDP architectures [[32436,158,160,268,365] alleviate the expensive data movement between processors
and memory by performing computation close to where the application data resides. Typical NDP
architectures support several NDP units connected to each other, with each unit comprising multiple
NDP cores close to memory [21}32,34,(35,366-368]]. Therefore, NDP architectures provide high levels
of parallelism, low memory access latency, and large aggregate memory bandwidth, thereby being
a very good fit to accelerate irregular applications such as genome analysis [25}27]], graph process-
ing [29,[32-37]], databases [28}/29], pointer-chasing workloads [76,1215,216}369], and sparse neural
networks [21-24]. However, to fully leverage the benefits of NDP architectures for these irregular
parallel applications, an effective synchronization solution for NDP systems is necessary.
Numerous prior works [299-308/315-317370-380]] propose synchronization solutions for processor-

centric CPU, GPU and Massively Parallel Processing (MPP) systems. However, these synchronization
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solutions are not efficient or suitable for the memory-centric NDP systems (Chapter[4), which are fun-
damentally different from commodity processor-centric systems. First, synchronization approaches
for CPU systems are typically implemented upon the underlying hardware cache coherence proto-
cols, but most NDP systems do not support hardware cache coherence (e.g., [32}34,35/159,367]]). Sec-
ond, synchronization in GPUs and MPPs is implemented in dedicated hardware atomic units, known
as remote atomics. However, synchronization using remote atomics has been shown to be inefficient,
since it causes high global traffic and hotspots [[153,370371,381,382]. Finally, prior hardware synchro-
nization mechanisms [299-301}/303-305,/307,308]|] tailored for commodity processor-centric systems
are not suitable for memory-centric NDP systems, because they would either incur high hardware
costs to be implemented in large-scale NDP systems (e.g., [301,303-305]) or cause excessive network
traffic across the NDP units of the system with significant performance overheads upon contention
(e.g., [299,}3001[307,308]).

To this end, we design SynCron [5]], a low-overhead hardware synchronization mechanism tailored
for memory-centric NDP architectures. SynCron consists of four key techniques. First, we offload syn-
chronization among NDP cores to dedicated low-cost hardware units to avoid the need for complex
coherence protocols and expensive atomic operations. Second, we directly buffer the synchronization
variables in a specialized cache memory structure to avoid costly memory accesses for synchroniza-
tion. Third, we coordinate synchronization among NDP cores of several NDP units via a hierarchical
message-passing scheme to minimize synchronization traffic across NDP units of the system under
high-contention scenarios. Fourth, when applications with frequent synchronization oversubscribe
the hardware synchronization resources, we use an efficient and programmer-transparent overflow
management scheme to avoid costly fallback solutions and minimize overheads.

In Chapter[4] we demonstrate that SynCron achieves the goals of performance, cost, programming
ease, and generality by covering a wide range of synchronization primitives. In addition, we show
that SynCron significantly improves system performance and energy efficiency across a wide range of
irregular applications including pointer-chasing, graph applications, and time series analysis, while

also has low area and power overheads to be integrated into the compute die of NDP units.

1.3.4 SparseP [6-11]: Towards Efficient Sparse Matrix Vector Multiplica-
tion on Real PIM Architectures (Chapter

The SpMV kernel has been characterized as one of the most thoroughly studied scientific computation
kernels [[18,[291]], and is a fundamental linear algebra kernel for important applications from the
scientific computing, machine learning, graph analytics and high performance computing domains.
In commodity processor-centric systems like CPU and GPU systems, SpMV is a memory-bandwidth-
bound kernel for the majority of real sparse matrices, and is bottlenecked by data movement between
memory and processors [17,(18,/42,/44,|103}|111,|120,|146}|161}|162,272,2911|294,320-323,|383,384]. To
alleviate the data movement bottleneck, several manufacturers have already started to commercialize
near-bank PIM architectures [157,/161,[162,338-3411385-398]], after decades of research efforts. Near-
bank PIM designs tightly couple a PIM core with each DRAM bank, exploiting bank-level parallelism
to expose high on-chip memory bandwidth of standard DRAM to processors. Two real near-bank PIM
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architectures are Samsung’s FIMDRAM [340,341] and the UPMEM PIM system [157,/161,162,399].

Recent works leverage near-bank PIM architectures to provide high performance and energy ben-
efits on bioinformatics [161,/162,400,401], skyline computation [[402]], compression [403]] and neural
network [1611|162,340.385,387|] kernels. A recent study [161,/162] provides PrIM benchmarks [404],
which are a collection of 16 kernels for evaluating near-bank PIM architectures, like the UPMEM
PIM system. Similarly, a recent work [405] implements several machine learning kernels, i.e., linear
regression, logistic regression, decision tree, k-means clustering, on the UPMEM PIM system to un-
derstand the potential of a modern general-purpose PIM architecture to accelerate machine learning
training. However, there is no prior work to efficiently map the SpMV execution kernel on near-bank
PIM systems, and thoroughly study the widely used, memory-bound SpMV kernel on a real PIM
system.

To this end, we design efficient SpMV algorithms tailored for current and future real PIM systems,
which are publicly available in the SparseP software package [6-11]]. The SparseP software package
includes 25 SpMV kernels for real PIM systems, which are designed to provide high levels of paral-
lelism, low synchronization costs, low data movement overheads, as well as to effectively leverage
the immense memory bandwidth supported in near-bank PIM architectures. Specifically, SparseP
supports (1) the four most popular compressed matrix formats, (2) a wide range of data types, (3) two
types of well-crafted data partitioning techniques of the sparse matrix to DRAM banks of PIM-enabled
memory modules, (4) various load balancing schemes across thousands of PIM cores, (5) various load
balancing schemes across several threads of a multithreaded PIM core, and (6) three synchronization
approaches among threads within multithreaded PIM core.

We conduct an extensive and comprehensive study of SparseP kernels on the memory-centric UP-
MEM PIM system [[156l{157,/161,162], the first publicly-available real-world PIM architecture. In Chap-
ter |5, we analyze the SpMV execution (1) using one single multithreaded PIM core, (2) using thou-
sands of PIM cores, and (3) comparing its performance and energy consumption with that achieved
on processor-centric CPU and GPU systems. Based on our rigorous experimental results and ob-
servations, we provide programming recommendations for software designers and suggestions for
hardware and system designers of future PIM systems. Our SparseP software package is freely and
publicly available at https://github.com/CMU-SAFARI/SparseP) to enable further research on the ir-

regular SpMV kernel in current and future PIM systems.

1.4 Contributions

This dissertation explores lightweight synchronization approaches in cooperation with efficient data
access techniques to accelerate irregular applications both in processor-centric CPU systems and
memory-centric NDP/PIM systems. This doctoral thesis aims to bridge the gap between processor-
centric CPU systems and memory-centric PIM systems in the critically-important area of irregular
applications. Based on our rigorous experimental results and observations, we provide programming
recommendations for software designers and suggestions for hardware and system designers of CPU
and NDP/PIM systems in Chapters In summary, this dissertation makes the following major

contributions:
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« We introduce ColorTM, a novel algorithmic design to accelerate the widely used irregular graph

coloring kernel on modern multicore CPU platforms. We introduce a speculative synchroniza-
tion and computation approach on graph coloring to mitigate synchronization overheads. We
propose an eager detection and resolution policy of the coloring inconsistencies arised among
parallel threads to minimize data access costs. We extend our algorithmic design to present
BalColorTM, an efficient balanced graph coloring kernel, which produces color classes with
almost equal sizes. We demonstrate the effectiveness of ColorTM and BalColorTM at signifi-
cantly outperforming prior state-of-the-art parallel graph coloring algorithms, and providing
high performance benefits on a real-world end-application using a wide variety of large real-
world graphs with diverse characteristics. Chapter [2| describes ColorTM and BalColorTM and

their evaluations in detail.

We propose SmartPQ, an adaptive concurrent priority queue for NUMA CPU architectures. We
introduce Nuddle, a generic technique to obtain efficient NUMA-aware concurrent data struc-
tures by wrapping any arbitrary NUMA-oblivious concurrent data structure. We design the
adaptive SmartPQ that uses the NUMA-aware Nuddle concurrent priority queue under high-
contention scenarios, and switches to directly using the Nuddle’s underlying NUMA-oblivious
concurrent priority queue under low-contention scenarios. This way SmartPQ provides high
levels of parallelism, low data access costs, and significant performance benefits in modern
NUMA CPU systems under all various contention scenarios, and even when the contention of
the workload varies over time. We show the effectiveness of SmartPQ at providing significant
performance benefits over prior state-of-the-art NUMA-aware and NUMA-oblivious concur-
rent priority queues under various contention scenarios. Chapter [3| describes SmartPQ and its

evaluations in detail.

We introduce SynCron, the first end-to-end hardware synchronization mechanism for NDP ar-
chitectures. SynCron provides low-overhead synchronization in the execution of irregular ap-
plications on NDP systems, has low hardware costs, supports many synchronization primitives,
and implements an easy-to-use high-level synchronization interface. We design low-cost syn-
chronization units that coordinate synchronization across NDP cores, and directly buffer syn-
chronization variables in a specialized cache memory to avoid costly memory accesses to them.
We integrate an efficient hierarchical message-passing synchronization scheme, and hardware-
only programmer-transparent overflow management to mitigate performance overheads when
hardware resources are exceeded. We demonstrate the effectiveness of SynCron at significantly
improving system performance and system energy efficiency using a wide range of irregular
parallel applications, including pointer-chasing, graph processing, and time series analysis, and

under various contention scenarios. Chapter (4| describes SynCron and its evaluations in detail.

We propose SparseP, the first open-source software package of 25 efficient SpMV kernels tai-
lored for real near-bank PIM architectures. We support several well-crafted data partitioning
techniques of the sparse matrix to PIM-enabled memory and various load balancing schemes

across PIM cores and across threads of a multithreaded PIM core to trade off computation bal-
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ance across PIM cores for lower data transfer costs to PIM-enabled memory. We include three
different synchronization approaches among several threads within a multithreaded PIM core
to minimize synchronization overheads and achieve high levels of parallelism. We perform the
first comprehensive study of the widely used irregular SpMV kernel on the UPMEM PIM archi-
tecture, the first real commercial PIM architecture, using various compressed matrix storage
formats, many data types, and 26 sparse matrices with diverse sparsity patterns. We demon-
strate that the SpMV execution on the memory-centric UPMEM PIM system with 2528 PIM
cores achieves a much higher fraction of the machine’s peak performance compared to that
on the state-of-the-art processor-centric CPU and GPU systems, and also provides high energy

efficiency. Chapter [5|describes SparseP and its evaluations in detail.

1.5 Outline

This dissertation is organized into 8 chapters. Chapter [1]describes and motivates the thesis statement
of this dissertation, and also briefly describes the research contributions of this dissertation. Chap-
ter [2]introduces ColorTM, a new algorithmic design to accelerate the irregular graph coloring kernel
in modern CPU architectures, and presents its experimental study on a modern multicore platform.
Chapter[3|introduces SmartPQ, an adaptive concurrent priority queue that achieves high performance
in NUMA CPU architectures under all various contention scenarios, and presents its respective eval-
uations. Chapter [4]introduces SynCron, an end-to-end hardware mechanism to support efficient and
low-cost synchronization in NDP systems, and presents its evaluations across a wide variety of ir-
regular applications including graph processing, pointer-chasing and time series analysis. Chapter
introduces SparseP, the first open-source library of 25 algorithms to efficiently execute the irregular
SpMV kernel on real PIM architectures, and presents a comprehensive experimental study of these
SpMV kernels on the first real commercial PIM architecture. Chapter [6] presents future research di-
rections and concluding remarks of this dissertation. Chapter|[7|presents several other research works
of the author of this dissertation. Chapter [§|presents additional experimental results and descriptions
for the SparseP contribution (Chapter [5).
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CHAPTER 2

ColorTM

2.1 Overview

Graph coloring assigns colors to the vertices of a graph such that any two adjacent vertices have
different colors. Graph coloring kernel is widely used in many important real-world applications
including the conflicting job scheduling [48,342-345], register allocation [346-350], sparse linear al-
gebra [351-354], machine learning (e.g., to select non-similar samples that form an effective training
set), and chromatic scheduling of graph processing applications [406,407]. For instance, the chro-
matic scheduling execution is as follows: given the vertex coloring of a graph, chromatic scheduling
performs N steps that are executed serially, where NV is the number of colors used to color the graph,
and at each step the vertices assigned to the same color are processed in parallel, i.e., representing
independent tasks that are executed concurrently. In addition, it is of vital importance that program-
mers manage the registers of modern CPUs effectively, and thus compilers [349,350] optimize the
register allocation problem via graph coloring: compilers construct undirected graphs, named reg-

ister inference graphs (RIGs), with vertices representing the variables used in the source code and
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edges between vertices representing variables that are simultaneously active at some point in the
program execution, and then compilers leverage the graph coloring kernel to identify independent
variables that can be allocated on the same registers, i.e., if there no edge in the RIG connecting the

associated vertices of the variables.

To achieve high system performance in the aforementioned real-world scenarios, software de-
signers need to improve three key aspects of the graph coloring kernel. First, they need to minimize
the number of colors used to color the input graph. For example, in the chromatic scheduling scheme
minimizing the number of colors used to color the graph reduces the number of the sequential steps
performed in the multithreaded end-application. However, minimizing the number of colors in graph
coloring is an NP-hard problem [408], and thus prior works [57,/58,343,344,351,/409-413]] introduce
ordering heuristics that generate effective graph colorings with a relatively small number of colors.
Second, given that the execution time of the graph coloring kernel adds to the overall parallel over-
head of the real-world end-application, software engineers need to design high-performance graph
coloring algorithms for modern multicore computing systems. Third, an effective graph coloring for a
real-world end-application necessitates a balanced distribution of the vertices across the color classes,
i.e., the sizes of the color classes to be almost the same. Producing color classes with high skew in
their sizes, i.e., high disparity in the number of vertices distributed across color classes, typically
causes load imbalance and low resource utilization in real-world end-application. For example, in the
register allocation scenario high disparity in the sizes of the color classes results to a large number
of registers needed (high financial costs), equal to the size of the largest color class produced, while a
large portion of the registers remains idle (unused) for a long time during the program execution (i.e.,
in time periods corresponding to many color classes with small sizes), thus causing low hardware
resource utilization. Therefore, software designers need to propose balanced and fast graph coloring
algorithms for commodity computing systems. Our goal in this work is to improve the last two key
aspects of the graph coloring kernel by introducing high-performance and balanced multithreaded
graph coloring algorithms for modern multicore platforms.

With a straightforward parallelization of graph coloring, coloring conflicts may arise when two
parallel threads assign the same color to adjacent vertices. To deal with this problematic case, re-
cent works [49,53-56] perform two additional phases: a conflict detection phase, which iterates
over the vertices of the graph to detect coloring inconsistencies between adjacent vertices, and a
conflict resolution phase, which iterates over the detected conflicted vertices to resolve the coloring
inconsistencies via recoloring. Nevertheless, these prior works [49,53-56] are still inefficient, as we
demonstrate in Section[2.6] because they need to traverse the whole graph at least two times (one for
coloring the vertices and one for detecting coloring conflicts), and also detect and resolve coloring
conflicts with a lazy approach, i.e., much later in the runtime compared to the time that the coloring
conflicts appeared. As a result, prior approaches access the conflicted vertices of the graph multiple
times, however mainly using the expensive last levels of the memory hierarchy (e.g., main memory)
of commodity multicore platforms, thus incurring high data access costs.

In this work, we present ColorTM [2], a high-performance graph coloring algorithm for multicore

platforms. ColorTM is designed to provide low synchronization and data access costs. Our algorithm
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proposes (a) an eager conflict detection and resolution approach, i.e., immediately detecting and re-
solving coloring inconsistencies when they arise, such that to minimize data access costs by accessing
conflicted vertices immediately using the low-cost lower levels of the memory hierarchy of multicore
platforms, and (b) a speculative computation and synchronization scheme, i.e., leveraging Hardware
Transactional Memory (HTM) and speculatively performing computations and data accesses outside
the critical section, such that to provide high levels of parallelism and low synchronization costs by
executing multiple small and short critical sections in parallel. Specifically, ColorTM consists of three
steps: for each vertex on the graph, it (i) speculatively finds a candidate legal color by recording the
colors of the adjacent vertices, (ii) validates and updates the color of the current vertex by checking
the colors of the critical adjacent vertices within an HTM transaction to detect potential coloring
conflicts, and (iii) eagerly repeats steps (i) and (ii) for the current vertex multiple times until a valid
coloring is found.

However, ColorTM does not provide any guarantee on the sizes of the color classes relative to
each other. As we demonstrate in our evaluation (Section [2.6), the color classes produced by ColorTM
for a real-world graphs have high disparity in the number of vertices across them, thus causing load
imbalance and low resource utilization in real-world end-applications. Therefore, we extend our algo-
rithmic design to propose a balanced graph coloring algorithm, named BalColorTM [?2]]. BalColorTM
achieves high system performance and produces highly balanced color classes, i.e., having almost the
same number of vertices across color classes, targeting to provide high hardware resource utilization
and load balance in the real-world end-applications of graph coloring.

We evaluate ColorTM and BalColorTM on a dual socket Intel Haswell server using a wide variety
of large real-world graphs with diverse characteristics. ColorTM improves performance by 12.98x
on average using 56 parallel threads compared to state-of-the-art graph coloring algorithms, while
providing similar coloring quality. BalColorTM outperforms prior state-of-the-art balanced graph
coloring algorithms by 1.78 X on average using 56 parallel threads, and provides the best color bal-
ancing quality over prior schemes (See Section[2.6). Finally, we study the effectiveness of our proposed
ColorTM and BalColorTM in parallelizing a widely used real-world end-application, i.e., Community
Detection [355], and demonstrate that our proposed algorithmic designs can provide significant per-
formance improvements in real-world scenarios. ColorTM and BalColorTM are publicly available [?2]
at github.com/cgiannoula/ColorTM.

The main contributions of this work are:

« We design high-performance and balanced graph coloring algorithms, named ColorTM and

BalColorTM, for modern multicore platforms.

« We leverage HTM to efficiently detect coloring inconsistencies between adjacent vertices (pro-
cessed by different parallel threads) with low synchronization costs. We propose an eager con-
flict resolution approach to efficiently resolve coloring inconsistencies in multithreaded execu-

tions by minimizing data access costs.

« We evaluate ColorTM and BalColorTM using a wide variety of large real-world graphs and

demonstrate that they provide significant performance improvements over prior state-of-the-
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art graph coloring algorithms. Our proposed algorithmic designs significantly improve perfor-

mance in multithreaded executions of real-world end-applications.

2.2 Prior Graph Coloring Algorithms

In this section, we describe prior state-of-the-art graph coloring algorithms [49//53H56]]. Section [2.2.1]
presents the sequential graph coloring algorithm. Section [2.2.2] describes prior parallel (no guarantee
on the sizes of color classes) graph coloring algorithms proposed in the literature, while Section [2.2.3]
presents prior balanced (color classes are highly balanced) graph coloring algorithms proposed in the

literature.

2.2.1 The Greedy Algorithm

Figure [2.1| presents the sequential graph coloring algorithm, called Greedy [48]]. Consider an undi-
rected graph G = (V, F), and the neighborhood N (v) of a vertex v € V definedas N(v) = {u € V :
(v,u) € E}. For each vertex v of the graph, Greedy records the colors of v's adjacent vertices in a
forbidden set of colors, and assigns the minimum legal color to the vertex v based on the forbidden

set of colors.

Input: Graph G=(V,E)
Let N(v) be the adjacent vertices of the vertex v
for each veV do
forbidColors = 0
for each ue N(v) do
forbidColors = forbidColors U {u.color}
v.color = minLegalColor(forbidColors)

N NG W=

Figure 2.1: The Greedy algorithm.

The Greedy approach produces at most A + 1 colors [48]], where A is the degree of the graph G.
The degree of the graph is defined as A = max,cy{deg(v)}, where deg(v) is the degree of a vertex v,
which is the number of its adjacent vertices deg(v) = | N (v)|. However, finding the minimum number
of colors to color a graph G is an NP-hard problem [414]. In this work, we have experimented with
the first-fit ordering heuristic [48]], in which the vertices of the graph are processed and colored in the
order they appear in the input graph representation G, since this heuristic can provide high coloring
quality based on prior works [48,/57,/415]]. We leave the exploration of other ordering heuristics for

future work.

2.2.2 Prior Parallel Graph Coloring Algorithms

To parallelize the graph coloring problem, the vertices of the graph are distributed among parallel
threads. However, due to crossing edges, the coloring subproblems assigned to parallel threads are not
independent, and the parallel algorithm may terminate with an invalid coloring. Specifically, a race

condition arises when two parallel threads assign the same color to adjacent vertices. The algorithm
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implies that when a parallel thread updates the color of a vertex, the forbidden set of colors of the
adjacent vertices has not been changed. Thus, the nature of this algorithm imposes that the reads to
the colors of the adjacent vertices of a vertex v have to be executed atomically with the write-update

to the color of the vertex v.

The SeqSolve Algorithm

Figure 2.2) presents the parallel graph coloring algorithm proposed by Gebremedhin et al. [53], hence-
forth referred to as SeqSolve. This algorithm consists of three steps: (i) multiple parallel threads iterate
over the whole graph and speculatively color the vertices of the graph with no synchronization (lines
3-6), (ii) multiple parallel threads iterate over the whole graph and detect coloring inconsistencies
that appeared in the (i) step (lines 7-13), and (iii) only one single thread resolves the detected coloring
inconsistencies by re-coloring the conflicted vertices (lines 14-16). Since the (iii) step is executed by
only a single thread, no coloring inconsistencies appear after this step. Note that when a coloring
conflict arises between two adjacent vertices, only one of the involved adjacent vertices needs to be

re-colored, e.g., using a simple order heuristic among the vertices (line 11).

1 Input: Graph G=(V,E)

2 Let N(v) be the adjacent vertices of the vertex v
3 // Speculative Coloring - Step (i)

4 for each v€V do in parallel

5 Assign the minimum legal color to the vertex v
6 __barrier__

7 // Detection of Coloring Inconsistencies - Step (ii)

8 R =0 // Set of Conflicted Vertices

9 for each veV do in parallel

10 for each we N(v) do

11 if ((v.color == wu.color) && (v < u))

12 R=RUWV

13 __barrier__

14 // Sequential Resolution of Coloring Conflicts - Step (iii)
15 for each v€ R do

16 Assign the minimum legal color to the vertex v

Figure 2.2: The SeqSolve algorithm.

In the SeqSolve algorithm, we make three key observations. First, if the number of coloring
conflicts arised in a multithreaded execution is low, the algorithm might scale well [53]. However,
as the number of parallel threads increases and the graph becomes denser, i.e., the vertices of the
graph have a large number of adjacent vertices, many more coloring conflicts arise in multithreaded
executions. In such scenarios, a large number of coloring inconsistencies is resolved sequentially, i.e.,
by only one single thread, thus achieving limited parallelism. Second, we note SeqSolve traverses the
whole graph at least two times, i.e., step (i) and step (ii). Assuming large real-world graphs that do not
typically fit in the Last Level Cache (LLC) of contemporary multicore platforms, the whole graph is
traversed twice using the main memory, thus incurring high data access costs. Third, we observe that
SeqSolve detects and resolves the coloring conflicts lazily, i.e., much later in the runtime compared

to the time that the coloring conflicts appears. Specifically, a coloring inconsistency in a vertex v
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might appear in step (i). However, SeqSolve detects the coloring inconsistency in vertex v in step
(ii), i.e., after first coloring all the remaining vertices of the graph. Similarly, SeqSolve resolves the
coloring inconsistency of the vertex v in step (iii), i.e., after first detecting if coloring inconsistencies
exist in all the remaining vertices of the graph (step (ii)). As a result, many conflicted vertices are
accessed multiple times in the runtime, however with a lazy approach, i.e., accessing them through
the expensive last levels of the memory hierarchy of commodity platforms, thus incurring high data

access costs.

The IterSolve Algorithm

Figure[2.3|presents the parallel graph coloring algorithm proposed by Boman et al. [54,55]], henceforth
referred to as IterSolve. This algorithm consists of two repeated steps: (i) multiple parallel threads
iterate over the uncolored vertices of the graph and speculatively color the uncolored vertices of
the graph with no synchronization (lines 5-8), (ii) multiple parallel threads iterate over the recently-
colored vertices of the graph and detect coloring inconsistencies appeared in the (i) step (lines 9-15).
The steps (i) and (ii) are iteratively repeated until there are no coloring inconsistencies in any adjacent

vertices of the graph.

1 Input: Graph G=(V,E)

2 Let N(v) be the adjacent vertices of the vertex v
3 0=V

4 while U #0

5 // Speculative Coloring - Step (i)

6 for each v € U do in parallel
7 Assign the minimum legal color to the vertex v
8 _barrier__

9 // Detection of Coloring Inconsistencies - Step (ii)
10 R = 0 // Set of Conflicted Vertices
11 for each v€ U do in parallel

12 for each uwe N(v) do

13 if ((v.color == w.color) && (v < w))
14 R=RUWw

15 __barrier__

16 U=R

Figure 2.3: The IterSolve algorithm.

In the IterSolve algorithm, we make four key observations. First, the programmer needs to explic-
itly define forward progress in the source code, so that the IterSolve algorithm terminates. Specifi-
cally, to ensure forward progress when a coloring inconsistency appears between two adjacent ver-
tices, the programmer needs to explicitly define only one of them to be re-colored (line 13), e.g., based
on the vertices’ ids. Otherwise, the two adjacent vertices may always obtain the same color, if they
are always being processed by different threads. Second, similarly to SeqSolve, IterSolve traverses
the whole graph at least two times (steps (i) and (ii)), i.e., in the first iteration of the while loop in line
4, where the set U is equal to the set V' (line 3). In the first iteration of the while loop, the whole large
real-world graph is accessed through the main memory twice, thus incurring high data access costs.

Third, similarly to SeqSolve, IterSolve detects and resolves the coloring conflicts lazily. Specifically,
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a coloring inconsistency in a vertex v might appear in step (i) (line 7), it is detected in step (ii) (line
13), i.e., after first coloring all the remaining uncolored vertices of the graph. Moreover, IterSolve
resolves the coloring inconsistency of a vertex v in step (i) (with re-coloring), i.e., after first detect-
ing if coloring inconsistencies exist in all the remaining recently-colored vertices of the graph (step
(ii)). Thus, IterSolve incurs high data access costs on the many conflicted vertices, which are accessed
multiple times in the runtime with lazy approach, through the last levels of the memory hierarchy
of commodity platforms. Fourth, the iterative process of resolving coloring conflicts may introduce
new conflicts, and thus, IterSove might need additional iterations to fix them. This scenario may
happen when adjacent vertices are assigned to the same thread and incur coloring inconsistencies,
they will be assigned and processed by different parallel threads in the next iteration. The authors of
the original IterSolve papers [54,/55] empirically observe that a few iterations of IterSolve are needed
to produce a valid coloring. However, the authors used synthetic and not real-world graphs in their
evaluation. In addition, the more iterations are needed, the more lazy traversals on the conflicted

vertices of the graph are performed, which can significantly degrade performance.

The IterSolveR Algorithm

Figure 2.4|presents the parallel graph coloring algorithm proposed by Rokos et al. [56]], henceforth re-
ferred to as IterSolveR. Rokos et al. observed that the IterSolve algorithm (Figure [2.3) can be improved
by merging the steps (i) and (ii) into a single detect-and-re-color step, thus eliminating one of the two
barrier synchronizations of IterSolve (lines 8 and 15 in Figure[2.3). When a coloring inconsistency on
a vertex v is found, the vertex v can be immediately re-colored (line 18 in Figure [2.4). However, the
new re-coloring on the vertex v may again introduce a coloring inconsistency in multithreaded execu-
tions, since re-colorings are performed concurrently by multiple parallel threads (line 11). Therefore,
the vertex v is marked as recently-re-colored vertex (line 19), and needs to be re-validated in the next
iteration of IterSolveR. Overall, IterSolverR (Figure first speculatively colors all the vertices of the
graph and marks them as recenlty-colored vertices (lines 3- 6). Then, it executes one single repeated
step (lines 8-21): multiple parallel threads iterate over the recently-colored vertices of the graph, and
detect if coloring inconsistencies have appeared, which in that case are immediately resolved via re-
coloring. This step is repeated until there are no recently-re-colored vertices: in one single iteration
of this step, there are no coloring inconsistencies detected in any adjacent vertices of the graph.

In the IterSolveR algorithm, even though one barrier synchronization is eliminated compared
to IterSolve, we observe that IterSolveR still traverses the whole graph at least twice: (i) in Step 0
(lines 4-5), and (ii) in the first iteration of the while loop in line 8, where the set U is equal to the
set V (line 7), including all the vertices of the graph. Thus, IterSolveR traverses the large real-world
graph twice through the main memory, incurring high data access costs. In addition, we find that
similarly to SeqSolve and IterSolve, the IterSolveR algorithm also detects the coloring inconsistencies
lazily. Specifically, a coloring inconsistency on a vertex v might appear in the re-coloring process of
lines 17-19, since the re-coloring process is concurrently executed on multiple conflicted vertices by

multiple parallel threads. However, re-coloring inconsistencies of lines 17-19 are detected in the next
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1 Input: Graph G=(V,E)

2 Let N(v) be the adjacent vertices of the vertex v
3 // Speculative Coloring (Step 0)

4 for each v €V do in parallel

5 Assign the minimum legal color to the vertex v
6 __barrier__

7 U=V // Mark all Vertices as Recently-Colored

8 while U # ()

9 R = 0 // Set of Recently-Colored Vertices

10 // Conflict Detection and Resolution (Step (i))

11 for each ve€ U do in parallel

12 bool conflict-detected = false

13 for each uwe N(v) do

14 if ((v.color == u.color) && (v < w))

15 conflict-detected = true

16 break

17 if (conflict-detected == true)

18 Assign the minimum legal color to vertex v
19 R = R U v // Mark vertex v as Recently-Colored
20 _barrier__

21 U=R

Figure 2.4: The IterSolveR algorithm.

iteration of the step (i) in lines 13-16, i.e., after first processing all the remaining vertices of the set U
(line 11). Therefore, as we demonstrate in our evaluation (Section [2.6.1)), IterSolveR is still inefficient,
incurring high data access costs on multiple conflicted vertices which are accessed multiple times in

the runtime with a lazy approach.

2.2.3 Prior Balanced Graph Coloring Algorithms

To provide a balanced coloring on a graph in which the color classes produced include almost the
same number of vertices, a two-step process is typically used: (i) obtain an initial graph coloring
using a balanced-oblivious algorithm (e.g., Section [2.2.2), and (ii) obtain a balanced graph coloring
using a balanced-aware (henceforth referred to as balanced for simplicity) graph coloring algorithm,
as we describe next. Specifically, given a graph G = (V, E), we can assume that the number of colors
produced by the initial coloring step (i) is C'. A strictly balanced graph coloring results in the size
of each color class being b = V/C' E] Therefore, we refer to the color classes whose sizes are greater
than b as over-full classes, and those whose sizes are less than b as under-full classes. Balanced graph
coloring algorithms leverage the quantity of b, which can be extracted by first executing an initial

balanced-oblivious graph coloring on the graph, in order to provide balanced color classes on a graph.

!Please note that in our work we make the following assumption: in a real-world end-application, the vertices of the
graph represent sub-tasks that have almost equal load/weights of computation. If the vertices of the input graph have
different load/weights of computation, a pre-processing step needs to be applied in the original graph: vertices with large
computation weights/load are split into multiple smaller vertices, each of them has one weight/load unit of computation.
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The Color-Centric (CLU) Algorithm

Figure |2.5| presents the color-centric balanced graph coloring algorithm proposed by Lu et al. [49],
henceforth referred to as CLU. In this scheme, vertices belonging in the same color class are processed
concurrently, and a subset of vertices from each over-full color class is moved to under-full color
classes in order to achieve high color balance. Only vertices belonging in over-full color classes are
considered for re-coloring, while graph coloring balance is achieved without increasing the number

of color classes produced by the initial graph coloring.

1 Input: Graph G=(V,E)

2 Obtain an initial coloring on G

3 Let C be the number of colors produced

4 Let b=V/C be the perfect balance

5 Let @ be the set of vertices of the over-full color classes
6 for each c€ (@ do // Process the Over-Full Color Classes

7 Let R(c) be the set of vertices with color ¢

8§  for each v € R(c) do in parallel

9 if (the size of the color class ¢ <= b)

10 continue // Color Class is Balanced

11 Let k£ be the index of the minimum under-full color class that is
permissible to vertex w

12 if (k exists) // Re-Coloring

13 v.color = Kk

14 Atomically decrease the size of the color class c

15 Atomically increase the size of the color class k

16 _barrier__

Figure 2.5: The CLU algorithm.

The CLU algorithm (Figure processes the over-full color classes sequentially (lines 6 and 16),
while vertices belonging at the same over-full color class are processed concurrently (line 8). CLU
iterates over each vertex v of an over-full color class, and finds the minimum color of an under-full
color class that is permissible to be assigned at the vertex v (line 11). If such a color exists, the vertex v
is re-colored with a color of an under-full color class (lines 12-15). The CLU algorithm iterates over the
vertices of each over-full color class until that particular over-full class becomes balanced at a certain
point in the execution, i.e., until when its size becomes smaller or equal to b (lines 9-10). Then, the
vertices belonging on that color class are no longer considered for re-coloring (line 10). Thus, this
algorithm terminates when either vertex-balance across color classes is achieved or vertex-balance
across color classes is no longer available, i.e., there are no more permissible re-colorings for any
vertex belonging in an over-full color class.

In the CLU algorithm, we make two key observations. First, parallel threads always process ver-
tices of the same color, thus no coloring inconsistencies are produced: since vertices had the same
color in the initial coloring, they are not adjacent vertices, and thus they can be re-colored with the
same color of an under-full color class without violating correctness. This way CLU requires only one
iteration over the vertices of all the over-full color classes. Second, the parallel performance of CLU
depends on the number of the over-full color classes produced in the initial coloring. CLU requires
F steps, where F’ is the number of over-full color classes produced in the initial coloring. At each of

these steps, i.e., for each over-full color class on the initial coloring, CLU introduces a barrier syn-
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chronization among parallel threads (line 16). This way it increases the synchronization costs, which

might significantly degrade scalability in multithreaded executions.

The Vertex-Centric (VFF) Algorithm

Figure [2.6| presents the vertex-centric balanced graph coloring algorithm proposed by Lu et al. [49],
henceforth referred to as VFF. The VFF algorithm is the balanced graph coloring counterpart of the
IterSolve algorithm (Figure [2.3). In this scheme, vertices from different color classes are processed
concurrently by parallel threads. Thus, in contrast to CLU, VFF introduces coloring inconsistencies.
However, similarly to CLU, in VFF only vertices belonging in over-full color classes are considered for
re-coloring, i.e., to be moved to under-full color classes, while graph coloring balance is also achieved

without increasing the number of color classes produced by the initial graph coloring.

1 Input: Graph G=(V,E)

2 Let N(v) be the adjacent vertices of the vertex v

3 Obtain an initial coloring on G

4 Let C be the number of colors produced

5 Let b=V/C be the perfect balance

6 Let @ be the set of vertices of the over-full color classes

7 while Q # () // Process the Over-Full Color Classes

8 // Speculative Re-Coloring - Step (i)

9 for each v € (@ do in parallel

10 Let ¢ be the current color of the vertex w

11 if ((c !'= -1) && (the size of the color class ¢ <= b))

12 continue// Color Class is Balanced

13 Let k£ be the index of the minimum under-full color class that is
permissible to vertex v

14 if (k exists)// Re-Coloring

15 v.color = k

16 Atomically decrease the size of the color class c

17 Atomically increase the size of the color class k

18 _barrier__

19 // Detection of Coloring Inconsistencies - Step (ii)
20 R = () // Conflicted Vertices of Over-Full Color Classes
21 for each ve (@ do in parallel

22 for each uwe N(v) do

23 if ((v.color == w.color) && (v < w))
24 R=RUWw

25 v.color = -1

26 _barrier__

27 Q=R

Figure 2.6: The VFF algorithm.

Similarly to IterSolve, VFF (Figure consists of two repeated steps: (i) multiple parallel threads
iterate over vertices of over-full color classes and speculatively re-color them with permissible colors
of under-full color classes, if possible (lines 8-18), and (ii) multiple parallel threads iterate over the
recently re-colored vertices and detect coloring inconsistencies that appeared in the (i) step (lines
19-26). Similarly to CLU, VFF iterates over the vertices of an over-full color class until that particular
over-full class becomes balanced at a certain point in the execution, i.e., until when its size becomes

smaller or equal to b (lines 11-12). Then, the vertices belonging on that particular color class are no
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longer considered for re-coloring (line 12). The steps (i) and (ii) are iteratively repeated until there
are no coloring inconsistencies in any adjacent vertices of the graph, and the algorithm terminates
when either vertex-balance across color classes is achieved or vertex-balance across color classes is
no longer available, i.e., there are no more permissible re-colorings for any vertex belonging in an

over-full color class.

Since VFF is the balanced graph coloring counterpart of IterSolve, we report similar key obser-
vations for them. First, VFF detects and resolves the coloring conflicts lazily. Specifically, a coloring
inconsistency in a vertex v might appear in step (i), while it is detected in step (ii), i.e., after first iter-
ating over all the remaining vertices of over-full color classes. Moreover, VFF resolves the coloring
inconsistency in a vertex v in step (i) (re-coloring), i.e., after first detecting if coloring inconsistencies
exist in all the remaining recently re-colored vertices (in step (ii) of the previous iteration). Thus, VFF
incurs high data access costs due to accessing multiple conflicted vertices in the runtime through the
last levels of the memory hierarchy of commodity platforms. Second, the iterative process of resolv-
ing coloring conflicts may introduce new conflicts, and thus, VFF might need additional iterations to
fix them. This scenario may happen when adjacent vertices are assigned to the same thread and incur
coloring inconsistencies, they will be assigned and processed by different parallel threads in the next
iteration. Note that the more iterations are needed, the more lazy traversals on the conflicted vertices

of the graph are performed, which might significantly degrade performance.

The Recoloring Algorithm

Figure presents the re-coloring balanced graph coloring algorithm proposed by Lu et al. [49]],
henceforth referred to as Recoloring. Recoloring is similar to the VFF (Figure and IterSolve (Fig-
ure[2.3) schemes. The key idea of this algorithm is that after performing an initial graph coloring with
C colors, all the vertices of the graph are re-colored, having an additional condition on the color se-
lection in order to achieve better vertex balance across color classes compared to that produced by
the initial graph coloring. Specifically, Recoloring leverages the perfect balance b = V/C known
from the initial graph coloring, and keeps track the sizes of the color classes during the execution in
order to improve vertex balance across color classes as follows: each vertex is re-colored using the

minimum permissible color £ such that the size of the color class £ is less than b.

Similarly to IterSolve and VFF, Recoloring (Figure consists of two repeated steps: (i) multiple
parallel threads iterate over all the vertices of the graph and speculatively re-color them with a new
permissible color k, that satisfies the condition that the size of the color class & is less than b (lines 12-
17), and (ii) multiple parallel threads iterate over the recently re-colored vertices and detect coloring
inconsistencies that appeared in the (i) step (lines 18-25). The steps (i) and (ii) are iteratively repeated
until there are no coloring inconsistencies in any adjacent vertices of the graph. In contrast to VFF
and CLU, Recoloring does not guarantee that the graph color balance achieved uses the same number
of colors with the initial graph coloring. To avoid producing a large number of color classes, the
Recoloring scheme [49]] (Figure re-colors the vertices of the graph with the following order:

assuming that the vertices of the graph are ordered such that the vertices of the same color class are
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listed consecutively (line 6), Recoloring iterates over the vertex sets of the color classes in the reverse
order compared to that produced in the initial graph coloring, i.e., starting from the vertices assigned
to the color class with the largest index (See line 8). The rationale behind this heuristic is that the
vertices that are "difficult” to color, i.e., in the initial graph coloring they are assigned to a color class
with large index, will be processed early, thus aiming to produce a small number of color classes. For

more details, we refer the reader to [49].

1 Input: Graph G=(V,E)

2 Let N(v) be the adjacent vertices of the vertex v
3 Obtain an initial coloring on G

4 Let C be the number of colors produced

5 Let b=V/C be the perfect balance

6 Let K(j) be the set of vertices u with color j

7 // K(j) ={u € V,u.color = j}

8 Construct the order set W ={K(C),K(C-1),..,K(1),K(0)}
9 Initialize the sizes of the C color classes to 0
10 Q=W

11 while Q #0 // Re-Color the Whole Graph

12 // Speculative Coloring - Step (i)

13 for each v€ (@ do in parallel

14 Let k be the minimum color that is permissible to the vertex v such that
the size of the color class k is less than b // Balanced Color
Classes

15 v.color =k

16 Atomically increase the size of the color class k

17 _barrier__

18 // Detection of Coloring Inconsistencies - Step (ii)
19 R = 0 // Set of Conflicted Vertices
20 for each v € @ do in parallel

21 for each uwe N(v) do

22 if ((v.color == u.color) && (v < w))

23 Atomically decrease the size of the color class w.color
24 R=RUwv

25 _barrier__

26 Q=R

Figure 2.7: The Recoloring algorithm.

In Recoloring, we make three key observations. First, Recoloring traverses the whole graph, i.e.,
it re-colors all the vertices of the graph, while CLU and VFF re-color only a subset of the vertices
of over-full color classes. As a result, Recoloring performs a much larger number of computations
and memory accesses compared to VFF and CLU. Second, similarly to IterSolve and VFF, Recoloring
detects and resolves coloring inconsistencies with a lazy approach, thus incurring high data access
costs. Recoloring may also introduce new conflicts, thus resulting in additional iterations to fix them.
Third, even though Recoloring employs a different vertex ordering heuristic to re-color vertices com-
pared to that used in the initial graph coloring (vertices are colored with the order they appear in
the input graph), there is no guarantee on the number of color classes that will be produced. As we
demonstrate in our evaluation (Section [2.6.2), Recoloring might significantly increase the number of

color classes produced compared to that produced in the initial graph coloring.
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2.3 ColorTM: Overview

Our proposed algorithmic design is a high-performance graph coloring algorithm for multicore plat-
forms. ColorTM provides low synchronization and data access costs by relying on two key techniques,

that we describe in detail next.

2.3.1 Speculative Computation and Synchronization

As already discussed, the graph coloring kernel implies that the reads to the colors of the adjacent
vertices of a vertex v have to be executed atomically with the write-update to the color of the vertex v.
Figure [2.8| presents a straightforward parallelization scheme of the graph coloring problem. A naive
parallelization approach would be to distributed the vertices of the graph across parallel threads, and
for each vertex to include within a critical section the whole block of code that computes and assigns
a permissible color to that vertex. However, this approach results in large critical sections with large
data access footprints and long duration, and significantly limits the amount of parallelism and the

scalability to a large number of threads.

1 Input: Graph G=(V,E)

2 for each veV do in parallel

3 // Atomic Coloring Step (i)

begin_critical_section

Compute and assign the minimum legal color to the vertex v
end_critical_section

AN U1 W

Figure 2.8: A Naive Approach.

We observe that it is not necessary to include inside the critical section (i) the computations per-
formed to find a permissible color for a vertex v, and (ii) the accesses to all the adjacent vertices
of the vertex v. Figure 2.9 presents an overview of ColorTM. For each vertex v, we design ColorTM
to implement a speculative computation scheme through two sub-steps: (i) speculatively compute a
permissible color £ for the vertex v (line 5) without using synchronization and track the set of critical
adjacent vertices (line 6), i.e., a subset of v’s adjacent vertices that can cause coloring inconsistencies
with the vertex v (See Section for more details), and (ii) execute a critical section (using syn-
chronization) that validates the speculative color £ computed in step (i) over the colors of the critical
adjacent vertices (lines 8-9) and assigns the color £ to the vertex v, if the validation succeeds (lines
10-14). With the proposed speculative computation scheme, we provide small critical sections, i.e.,
having small data access footprints and short duration, thus achieving high amount of parallelism
and high scalability to a large number of threads.

In addition, we leverage Hardware Transactional Memory (HTM) to implement synchronization
on critical sections (lines 7, 12, and 14 of Figure . HTM enables a speculative synchronization
mechanism: multiple critical sections of parallel threads are executed concurrently with an optimistic
approach that they will not cause any data inconsistency, even though their data access sets might

overlap. In contrast, fine-grained locking with software-based locks (e.g., provided by the pthread
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1 Input: Graph G=(V,E)

2 for each veV do in parallel

3 RETRY:

4 // Speculative Computation

5 Compute a speculative minimum color k£ that is permissible to the vertex v
6 Keep track the critical adjacent vertices of the vertex v

7 begin_critical _section

8 // Validate Coloring

9 Compare k£ with the colors of the critical adjacent vertices

10 if (no coloring conflict)

11 v.color = k

12 end critical_section

13 else

14 end_critical_section

15 goto RETRY // Eager Resolution

Figure 2.9: ColorTM: Overview.

library) constitutes a more conservative synchronization approach: multiple critical sections of par-
allel threads are executed concurrently, only if their data access sets do not overlap. Therefore, HTM
can enable a higher number of critical sections to be executed in parallel compared to that enabled
with the fine-grained locking scheme. We provide more details in Section[2.4.1] With the speculative
synchronization approach of HTM, ColorTM further minimizes synchronization costs and provides

high amount of parallelism.

2.3.2 Eager Coloring Conflict Detection and Resolution

We design ColorTM to detect and resolve coloring inconsistencies eagerly, i.e., immediately detecting
and resolving coloring inconsistencies at the time that the coloring conflicts appear. This way, the
conflicted vertices are accessed multiple times, however within a short time during runtime. There-
fore, application data corresponding to conflicted vertices can remain and be located in the first levels
of the memory hierarchy of commodity platforms (i.e., in the low-cost cache memories), thus enabling
ColorTM to improve performance by achieving low data access costs.

In Figure parallel threads concurrently compute speculative colors for multiple vertices of
the graph (lines 4-6), and at that time coloring inconsistencies may appear. Then, parallel threads
immediately detect possible coloring conflict inconsistencies for the current vertices using synchro-
nization (lines 7-14). This way, parallel threads detect conflicts by accessing application data with low
access latencies, since the data accessed in lines 7-14 has just been accessed within a short time, i.e.,
in lines 4-6. Next, if coloring conflicts arise (line 13), parallel threads immediately resolve the coloring
conflicts by directly retrying to find new colors for the current vertices (goto RETRY inline 15)
(without proceeding to process new vertices). This way, parallel threads resolve conflict inconsisten-
cies by accessing application data with low access latencies, since the data accessed in lines 4-6 after
the execution of goto RETRY has just been accessed within a short time, i.e., in lines 7-14 of the
previous iteration.

In ColorTM, we highlight two important key design choices. First, ColorTM executes only one sin-
gle parallel step (line 2). In contrast to prior state-of-the-art parallel graph coloring algorithms [49,
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53-56], ColorTM completely avoids barrier synchronization among parallel threads: multiple parallel
threads repeatedly iterate over each vertex of the graph until a valid coloring is found. By completely
avoiding barrier synchronization, ColorTM can provide high scability. Second, ColorTM does not per-
form re-colorings to vertices: once a vertex is assigned a permissible color, it will not be re-colored
again during the runtime. This way, colored vertices will not introduce coloring inconsistencies with
vertices that will be processed next. Prior lazy iterative graph coloring schemes including IterSolve,
IterSolveR, VFF and Recoloring do not use data synchronization when they assign permissible col-
ors to vertices. This way, many vertices are re-colored multiple times with different colors during
runtime, and thus new additional coloring inconsistencies might be introduced due to re-colorings.
Instead, ColorTM employs HTM synchronization (lines 7, 12 and 14 of Figure 2.9) when it assigns per-
missible colors to vertices (line 11 of Figure [2.9). This way, vertices are assigned only one final color

during the runtime, thus avoiding introducing new coloring inconsistencies due to re-colorings.

2.4 ColorTM: Detailed Design

ColorTM [1] is a high-performance graph coloring algorithm that leverages HTM to implement syn-
chronization among parallel threads, and performs speculative computations outside the critical sec-
tion in order to minimize the memory footprint and computations executed inside the critical sec-
tion. In the section, we describe the detailed design and correctness of ColorTM. We also extend our
proposed design to introduce a new balanced graph coloring algorithm, named BalColorTM, which

evenly distributes the vertices of the graph across color classes.

2.4.1 Speculative Synchronization via HTM

ColorTM leverages HTM to implement synchronization among parallel threads instead of using fine-
grained locking. As already discussed, HTM is a more optimistic synchronization approach and can
provide higher levels of parallelism compared to the fine-grained locking scheme. Specifically, mul-
tiple critical sections with overlapped data access sets can be executed in parallel with HTM, while
they need to be executed sequentially with fine-grained locking.

Figure provides an example of the aforementioned scenario in graph coloring. Consider the
scenario where thread 7'1 attempts to assign a color to the vertex v, and thread 72 attempts to assign
a color to the vertex x. Thread 7T'1 needs to atomically read the colors of the adjacent vertices of the
vertex v, i.e., u, r, z vertices, and write the corresponding color to the vertex v. Similarly, Thread 72
needs to atomically read the colors of the adjacent vertices of the vertex z, i.e., u vertex, and write
the corresponding color to the vertex x. With HTM (Figure[2.10p), 7'1’s and T'2’s transactions can be
executed and committed concurrently: neither the write-set of 7'1’s transaction does not conflict with
the read-set of 7'2’s transaction, nor the write-set of 17'2’s transaction does not conflict with the read-
set of T'1’s transaction. Therefore, even though 7'1’s and 7'2’s critical sections have overlapped data
access sets, i.e., both of them include the color of the vertex u in their read-sets, they can be executed

concurrently with HTM. In contrast, with fine-grained locking, 7'1’s and 7'2’s critical sections are



56 Chapter 2

executed sequentially (Figure 2.10b): threads 7'1 and T2 compete to acquire the same lock, i.e., the
lock associated with the vertex u, in order to execute their critical sections. Thus, only one of threads
T'1 and T2 will acquire the lock, and will proceed. Given that 7'1’s and 72’s critical sections have
overlapped data access sets, i.e., both of them include the color of the vertex u in their read-sets, they
will be executed sequentially when using the fine-grained locking scheme for synchronization. As a
result, we conclude that in graph coloring HTM can provide higher levels of parallelism compared to

fine-grained locking.

b) Fine-Grained Locking
T1
6y @°
oc®
g g

Thread T1: read-set={u,r, z} write-set={v}
Thread 72: read-set={u} write-set={x}

Figure 2.10: An example execution scenario in which threads 7'1 and 7'2 attempt to concurrently find
colors for the vertices v and z, respectively, using a) HTM and b) fine-grained locking for synchro-
nization. The white circles represent uncolored vertices, and the colorful circles represent vertices
that have already obtained a color.

To this end, ColorTM employs HTM to deal with race conditions that arise when parallel threads
concurrently process adjacent vertices. HTM can detect and resolve coloring inconsistencies among
parallel threads as follows:

— HTM can detect coloring conflicts: HTM detects coloring conflicts that arise due to crossing
edges. For a vertex v to be colored, we enclose within the transaction (i) the memory location that
stores the color of the current vertex v (the transaction’s write-set), and (ii) the memory locations
that store the colors of the critical adjacent vertices of the vertex v (the transaction’s read-set).
When parallel threads attempt to concurrently update-write the colors of adjacent vertices us-
ing different transactions, the HTM mechanism detects read-write conflicts across the running
transactions: a running transaction attempts to write the read-set of another running transaction.
Figure[2.11]provides an example scenario on how HTM detects coloring inconsistencies among two
parallel threads. When the thread 7'1 attempts to color the vertex v using HTM, the correspond-
ing running transaction includes the memory location of the color of the vertex v in its write-set,
and the memory locations of the colors of the v’s adjacent vertices, i.e., u, r and z vertices, in its
read-set. Similarly, when the thread 72 attempts to color the vertex u using HTM, the correspond-
ing running transaction includes the memory location of the color of the vertex w in its write-set,
and the memory locations of the colors of the u’s adjacent vertices, i.e., v and z vertices, in its

read-set. When T'1's and T'2's transactions are executed concurrently, HTM detects a read-write
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conflict either on the color of the vertex v or the color of the vertex u: either 7'1’s transaction at-
tempts to write the read-set of 7'2s transaction or 72’s transaction attempts to write the read-set
of T'1's transaction. Therefore, one of the two running transactions will be aborted by the HTM

mechanism, and the other one will be committed.

Thread T1:
read-set={u, r, z}
write-set={v}

Thread 72:
read-set={v, x}
write-set={u}

Figure 2.11: An example execution scenario in which threads 71 and 72 attempt to concurrently
update the colors of the vertices v and u respectively, using two different transactions, and the HTM
mechanism detects read-write conflicts to their data sets. The white circles represent uncolored ver-
tices, and the colorful circles represent vertices that have already obtained a color.

- HTM can resolve coloring conflicts: In case of n conflicting running transactions (read-write
conflicts explained in Figure[2.11), the HTM mechanism aborts n—1 running transactions and com-
mits only one of them. In prior graph coloring schemes such as SeqSolve (line 11 of Figure [2.2),
IterSolve (line 13 of Figure [2.3), VFF (line 23 of Figure and Recoloring (line 22 of Figure [2.7),
the programmer explicitly defines a coloring conflict resolution policy among conflicted vertices
to guarantee forward progress, i.e., the programmer explicitly defines which of the conflicted ver-
tices will be re-colored next. In contrast, in ColorTM when coloring conflicts arise among multiple
running transactions, the programmer does not need to explicitly define a conflict resolution pol-
icy: the HTM mechanism itself commits one of the multiple conflicted transactions and aborts the
remaining running transactions. Thus, the conflict resolution policy implemented in the under-
lying hardware mechanism of HTM determines which vertices will continue to be processed for
coloring.

However, currently available HTM systems [336,337,416,417] are best-effort HTM implementa-
tions that do not guarantee forward progress: a transaction may always fail to commit and thus, a
non-transactional execution path (fallback path) needs to be implemented. The most common fall-
back path is to implement a coarse-grained locking solution: each transaction can be retried up to a
predefined number of times (pre-determined threshold), and if it exceeds this threshold, it fall backs
to the acquisition of global lock, which allows only one single thread to execute its critical section.
To implement this, the global lock is added to the transactions’ read sets: inside the transaction the
thread always reads the value of the global lock variable. During the multithreaded execution, when
the transaction of a parallel thread exceeds the predefined threshold of retries, the parallel thread

acquires the global lock by writing to the value of the global lock variable, and then the concurrent
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running transactions of the remaining threads are aborted (read-write conflict) and wait until the

global lock is released.

2.4.2 Critical Adjacent Vertices

ColorTM implements a speculative computation approach to achieve high performance. Specifically,
for each vertex v, all necessary computations to find a permissible color k are performed outside the
critical section (line 5 in Figure such that avoid unnecessary computations inside the critical sec-
tions. Within the critical section, ColorTM only validates the speculative color % (line 9 in Figure
by comparing it with the colors of the adjacent vertices of vertex v. However, the speculative color
k for a vertex v does not need to be validated with the colors of all the adjacent vertices of vertex
v: we observe that some adjacent vertices can be omitted from the validation process of the critical
section, because they do not cause any coloring inconsistency with the vertex v. Specifically, we can
omit from the validation step performed within the critical section the following adjacent vertices of
vertex v:

1. The adjacent vertices that are assigned to be processed by the same thread with the vertex
v. Given that the vertices of the graph are distributed across multiple threads, coloring conflicts
cannot arise between adjacent vertices that are assigned to the same parallel thread. Therefore, we
omit from the validation step of the critical section the adjacent vertices assigned to the same thread
as the current vertex v.

2. The adjacent vertices that have already obtained a color. As already explained, ColorTM does
not perform re-colorings to the vertices of the graph: once a vertex is assigned a permissible color
within the critical section (using synchronization), it will not be re-colored again during runtime.
Multiple parallel threads repeatedly iterate over a vertex until a valid coloring is found, which is
assigned to it using data synchronization, and then proceed to the remaining vertices. Therefore, in
ColorTM coloring conflicts do not arise between adjacent vertices that have already obtained a color:
the colors assigned to adjacent vertices are taken into consideration in the computations performed
outside the critical section (line 5 in Figure to find a speculative color for the current vertex, and
will not be modified when the critical section is executed (lines 7-15 in Figure , since ColorTM
does not perform re-colorings. Therefore, adjacent vertices of a vertex v that have already obtained a
color when the speculative coloring computation step (line 5 in Figure is executed, do not cause
any coloring inconsistency when critical section is executed (lines 7-15 in Figure 2.9). Hence, we can
safely omit from the validation step of the critical section the adjacent vertices that have already been
assigned a color.

Figure presents an example execution scenario of a graph partitioned across two parallel
threads 7'1 and 72. In Figure the white vertices represent uncolored vertices and the color-
ful vertices represent vertices that have already obtained a color during runtime. In this scenario,
threads 7'1 and 72 attempt to color the vertices v and u, respectively. According to our described
optimizations, the adjacent vertices that need to be validated inside the critical sections (via HTM) of

the vertices v and u are only the vertices u and v, respectively.
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Thread T1:
current-vertex={v}
critical-adj={u}

Thread 72:
current-vertex={u}
critical-adj={v}

Figure 2.12: An example execution scenario in which the graph is partitioned across two parallel
threads. The white circles represent uncolored vertices, and the colorful circles represent vertices
that have already obtained a color. When the threads 71 and 72 attempt to color the vertices v
and u, respectively, the critical adjacent vertices that need to be validated within the critical section
(HTM) are only the vertices u and v, respectively.

Overall, for the current vertex v to be colored, the necessary adjacent vertices that need to be
validated inside the critical section, referred to as critical adjacent vertices, are the uncolored adja-
cent vertices assigned to different parallel threads compared to the thread to which the vertex v is
assigned to. By accessing inside the critical section only a few data needed to ensure correctness,
ColorTM provides short critical sections and small transaction footprints, and achieves high levels of
parallelism and low synchronization costs, i.e., low abort ratio in hardware transactions of HTM (See
Figure[2.18). Note that having large transactions footprints in HTM transactions can cause three im-
portant problems: (i) if the transaction read- and write-sets are large, the available hardware buffers
of HTM may be oversubscribed (hardware overflow), and in that case the HTM mechanism will abort
the running transactions due to capacity aborts, (ii) if the duration of a running transaction is long
(e.g., due to expensive data accesses), the running transactions may be aborted due to a time interrupt
(when the duration of a transaction exceeds the time scheduling quantum, the OS scheduler sched-
ules out the software thread from the hardware thread and the transaction is aborted), and (iii) the
longer the transactions last and the larger their data sets are, the greater the probability that running

transactions are aborted due to (read-write) data conflicts among them.

2.4.3 Implementation Details

Figure presents ColorTM in detail. ColorTM distributes the vertices of the graph across multiple
threads, which color the vertices of the graph through one single parallel step (lines 4-29): multiple
parallel threads repeatedly iterate over each vertex of the graph until a valid coloring on each vertex
is performed.

For each vertex v, there are two sub-steps. In the first sub-step (lines 6-13), the parallel thread
keeps track (i) the forbidden set of colors assigned to the adjacent vertices of the vertex v (line 10),
and (ii) the critical adjacent vertices of the vertex v (lines 11-12), which are the uncolored adjacent
vertices assigned to different parallel threads (line 11), and then computes a speculative color k that is

permissible for the vertex v using the compute_speculative_color () function (line 13). In



60 Chapter 2

1 Input: Graph G=(V,E)

2 Let N(v) be the adjacent vertices of the vertex v
3 Let tid be the unique id of each parallel thread
4 for each v €V do in parallel

5 RETRY:

6 // Speculative Computation

7 R =0 // Track Forbidden Colors

8 C =0 // Track Critical Adjacent Vertices

9 for each we N(v) do

10 R = R U u.color

11 if ((hasColor(u) == false) && (get_threadID(u) != tid))

12 C =CUu // Critical Adjacent Vertices Are the Uncolored Vertices Assigned to

Another Thread

13 k = compute_speculative_color(R) // Compute a Speculative Color k for the Vertex
v

14 // Validate Coloring

15 if (C == () // Skip the Validation Step, If There Are No Critical Adjacent Vertices

16 v.color = k

17 else

18 begin_transaction

19 bool valid = true

20 for each we€ C do // Validate the Colors of the Critical Adjacent Vertices Over the
Speculative Color

21 if (u.color == k)

22 valid = false

23 break

24 if (valid == true) // If the Validation Succeeded, Assign the Speculative Color to
the Vertex v

25 v.color = k

26 end_transaction

27 else // If the Validation Failed, Immediately Retry to Find a New Color for the
Vertex v

28 end_transaction

29 goto RETRY // Eager Resolution

Figure 2.13: The ColorTM algorithm.

the second sub-step (lines 14-29), the parallel thread validates and assigns (if allowed) the speculative
color k to the vertex v using data synchronization via HTM (lines 18-29). Specifically, the colors of the
critical adjacent vertices are compared to the speculative color k£ within a hardware transaction (lines
20-23) to ensure that the color £ is still permissible to be assigned to the vertex v. If the validation
succeeds (line 24), the color £ is assigned to the vertex v within the same transaction (line 25) to
ensure correctness: recall that the reads on the colors of the critical adjacent vertices need to be
executed atomically with the write-update on the color of the vertex v. Instead, if the validation step
fails due to a coloring inconsistency appearing during runtime (line 27), the parallel thread repeatedly
and eagerly retries to find a new permissible color for the current vertex v (line 29). Note that if there
are no critical adjacent vertices to be validated (line 15), the speculative color £ is directly assigned

to the vertex v without using synchronization (line 16).

Note that in the second sub-step (lines 14-29), ColorTM does not check if the colors of the critical
adjacent vertices have not been modified since the first sub-step (lines 6-13). Instead, the validation of

the second sub-step only checks that the colors of the critical adjacent vertices are different from the
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speculative color £ computed in the first sub-step (line 13). In the meantime, different parallel threads
may have just assigned new colors to critical adjacent vertices, which however are different from the
color k, and thus causing no coloring inconsistencies. In that scenario, the validation of the second
sub-step succeeds. This way, ColorTM provides high levels of parallelism: multiple parallel threads
that have just assigned different colors than the color £ to critical adjacent vertices of the vertex v will
not cause any validation failure in the critical section of the vertex v, and the corresponding running

transaction will be safely committed.

2.4.4 Progress and Correctness

We clarify in detail how ColorTM resolves the race conditions that may arise during runtime. There are
two race conditions that may cause coloring inconsistencies in multithreaded executions. First, while
a parallel thread computes a speculative color k for the vertex v (lines 9-13 of Figure [2.13), different
parallel threads may have just assigned the color £ to one or more adjacent vertices of the vertex v. In
that scenario, the validation step of lines 20-23 of Figure [2.13| fails (line 22, 27), since the speculative
color k has been assigned to at least one critical adjacent vertex (line 21). Then, the corresponding
parallel thread will retry to find a new permissible color for the vertex v (line 29). Second, a race
condition arises when n parallel threads (assuming n ; 1) attempt to write-update the same color k
to n adjacent vertices (fully connected adjacent vertices) within n different running transactions. In
that scenario, the HTM mechanism detects read-write data conflicts on running transactions, because
one (or more) running transaction attempts to write to the read-sets of another running transactions.
Recall that the colors of the critical adjacent vertices are included in the read-set of each running
transaction (lines 21 of Figure . Then, the HTM mechanism aborts n — 1 running transactions,
and commits only one of them. When the aborted n — 1 transactions retry (each transaction can retry
up to a predefined number of times), the validation step of lines 20-23 fails (lines 27 of Figure [2.13),
since at that time the n — 1 parallel threads observe that there is one critical adjacent vertex that has
just been assigned to the color k (the committed transaction). Afterwards, since the validation failed,
the n — 1 parallel threads will retry to find new permissible colors for their current vertices (lines
27-29 of Figure [2.13).

Finally, we clarify that ColorTM provides forward progress and eventually terminates: each par-
allel thread retries to find a new permissible color for a current vertex v (line 29 of Figure up to
a limited number of retries. Specifically, a parallel thread retries to find a new color for a vertex v,
when the validation step of lines 20-23 of Figure fails. However, for each vertex v the validation
step can fail up to a bounded number of times: the validation step fails when one (or more) critical
adjacent vertex has been assigned to the same color £’ with the speculative color k£ computed for
the vertex v. Therefore, in the worst case, the validation step might fail up to deg(v) times, where
deg(v) is the adjacency degree of the vertex v. When all v’s adjacent vertices have obtained a color,
there are no critical adjacent vertices to be validated (line 15 of Figure[2.13), and thus, the speculative
color k is directly assigned to the vertex v (line 16 of Figure [2.13), and the validation step is omitted.

As a result, each parallel thread retries to find a color for each vertex v of the graph at most deg(v)
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times. However, in our evaluation, we find that the validation step fails only for a few times: across

all our evaluated large real-world graphs (Table and using a large number of parallel threads (up

to 56 threads) the validation step failures are less than 0.01%. Overall, we conclude that ColorTM cor-

rectly handles all the race conditions that may arise in multithreaded executions of the graph coloring

kernel, and effectively terminates with a valid coloring.
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Input: Graph G=(V,E)
Let N(v) be the adjacent vertices of the vertex v
Obtain an initial coloring on G
Let C be the number of colors produced
Let b=V/C be the perfect balance
Let (Q be the set of vertices of the over-full color classes
for each v € (@ do in parallel
Let ¢ be the current color of the vertex w
if (the size of the color class ¢ <= b)
continue// Color Class is Balanced
RETRY:
// Speculative Computation
R = 0 // Track Forbidden Colors
C = ¢ // Track Critical Adjacent Vertices
for each ue€ N(v) do
R = R U wu.color
if ((isOverFull(u.color) == true) && (get_threadID(u) != tid))
C =CUwu // Critical Adjacent Vertices Are the Vertices of Over-Full Color
Classes That Are Assigned to Another Thread
k = compute_speculative_color (R)
Let k be the index of the minimum under-full color class that is permissible
to the vertex v
if (k exists) // Validate Coloring
if (C == 0) // Skip the Validation Step, If There Are No Critical Adjacent Vertices
v.color = k
Atomically decrease the size of the color class c
Atomically increase the size of the color class k
else
begin_transaction
bool valid = true
for each uw € C do // Validate the Colors of the Critical Adjacent Vertices Over
the Speculative Color

if (u.color == k)
valid = false
break
if (valid == true) // If the Validation Succeeded, Set the Speculative Color to

the Vertex v
v.color = k
end_transaction
Atomically decrease the size of the color class ¢
Atomically increase the size of the color class k
else // If the Validation Failed, Immediately Retry to Find a New Color for the
Vertex v

end_transaction
goto RETRY // Eager Resolution
else
continue

Figure 2.14: The BalColorTM algorithm.



Chapter 2 63

2.4.5 The BalColorTM Algorithm

Figure[2.14|presents the balanced counterpart of ColorTM, named as BalColorTM. Similarly to CLU and
VFF, in BalColorTM (i) only the vertices of the over-full color classes are considered for re-coloring,
i.e., to be moved from over-full to under-full color classes in order to achieve high vertex-balance
across color classes, and (ii) graph coloring balance is achieved without increasing the number of

color classes produced by the initial graph coloring (e.g., using ColorTM).
Similarly to ColorTM, BalColorTM (Figure has one single parallel step (lines 7-42): multiple

parallel threads repeatedly iterate over each vertex of the over-full color classes until either a valid
re-coloring to an under-full class is performed, or there is no permissible re-coloring for this vertex
to an under-full color class (line 42). For each vertex of an over-full color class ¢, there are two sub-
steps. In the first sub-step (lines 8-20), the parallel thread keeps track the forbidden set of colors
assigned to the adjacent vertices of the vertex v (line 16), and the set of the critical adjacent vertices
(lines 17-18) of the vertex v. In BalColorTM, note that the critical adjacent vertices of a vertex v (line
17) are the adjacent vertices that (i) belong to over-full color classes (recall that the vertices assigned
under-full color classes are not considered to be re-colored/moved, and thus they do not cause any
coloring inconsistency during runtime), and (ii) are assigned to different threads compared to the
parallel thread in which the vertex v is assigned to. Then, the parallel thread speculatively computes
a color k of an under-full color class that is permissible to be assigned to the vertex v (lines 19-20).
If a permissible color k exists (without increasing the number of color classes produced by the initial
graph coloring), the parallel thread attempts to assign the speculative color k to the vertex v in the
second sub-step (lines 21-42). If there is no permissible color k& of an under-full color class (line 41),
the parallel threads continue to process the next vertices (line 42). In the second sub-step, if there
are critical adjacent vertices that need to be validated, the parallel thread validates the speculative
color £ over the colors of the critical adjacent vertices within an HTM transaction (lines 27-39). If the
validation succeeds (line 33), the parallel thread moves the vertex v from the color class ¢ to the color
class k by re-coloring it (line 34), and atomically updates the sizes of the color classes c and k (lines 36-
37) accordingly. If the validation step fails due to a coloring inconsistency appearing during runtime
(line 38), the parallel thread eagerly retries to find a new permissible color of an under-full color class
for the vertex v (line 40). Finally, note that BalColorTM iterates over the vertices of each over-full
color class until that particular over-full class becomes balanced at a certain point in the execution
(lines 9-10), i.e., until the size of the particular color class becomes smaller or equal to b = V/C. Then,
the vertices belonging to that color class are no longer considered for re-coloring (line 10). Overall,
BalColorTM terminates when either vertex-balance across color classes is achieved or vertex-balance
across color classes is no longer available, i.e., there are no more permissible re-colorings for any

vertex belonging to an over-full color class.

Similarly to ColorTM, BalColorTM completely avoids barrier synchronization, since it includes only
one single parallel step, thus minimizing synchronization costs. Moreover, it also integrates an eager
approach to detect and resolve coloring conflicts appearing during runtime among parallel threads,

that concurrently move vertices from over-full to under-full color classes. With the eager color-
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ing policy, BalColorTM provides high performance by minimizing access latency costs to application
data. Finally, BalColorTM effectively implements short critical sections (short running transactions
with small transaction footprints) by (i) speculatively performing the computations to find permis-
sible colors for the vertices of the over-full color classes outside the critical section (lines 9-13), and
(ii) accessing inside the critical sections only the necessary data to ensure correctness, i.e., for each
vertex v BalColorTM only accesses the colors of a small subset of v’s adjacent vertices (critical adja-
cent vertices). Via short running transactions, BalColorTM achieves low synchronization costs and

provides high amount of parallelism.

2.5 Evaluation Methodology

We conduct our evaluation using a 2-socket Intel Haswell server with an Intel Xeon E5-2697 v3 pro-
cessor with 28 physical cores and 56 hardware threads. The processor runs at 2.6 GHz and each
physical core has its own L1 and L2 caches of sizes 32 KB and 256 KB, respectively. Each socket
includes a shared 35 MB L3 cache. We statically pin each software thread to a hardware thread,
and enable hyperthreading only on 56-thread executions, unless otherwise stated. In our evaluation
(Section [2.6), the numbers reported are averaged across 5 runs of each experiment.

Table[2.1|shows the characteristics of the large real-world graphs used in our evaluation. We select
18 representative graphs from the Suite Matrix Collection that vary in vertex and graph degrees, and
are used in different application domains. For each graph, Table 2.1 presents the number of vertices
(#vertices), the number of edges (#edges), the maximum (deg,,.,) degree, the average (deg,,,) degree

and the standard deviation of the vertices’ degrees (degs:q), and the last column of this table shows

degstd )

the ratio of the standard deviation of the vertices’ degrees to the average degree ( doo
avg

2.6 Evaluation

This section evaluates the proposed ColorTM and BalColorTM algorithms. First, we compare the
coloring quality and the performance over prior state-of-the-art graph coloring algorithms, as well
as the execution behavior of ColorTM (Section[2.6.1). Second, we compare the color balancing quality
and the performance of BalColorTM over prior state-of-the-art balanced graph coloring algorithms,
as well as the execution behavior of BalColorTM (Section[2.6.2). Finally, we evaluate the performance
of Community Detection [355] by parallelizing it using ColorTM and BalColorTM (Section via

chromatic scheduling.

2.6.1 Analysis of Parallel Graph Coloring Algorithms

We compare the following parallel graph coloring implementations:
+ The sequential Greedy algorithm presented in Figure
+ The SeqSolve algorithm presented in Figure
+ The IterSolve algorithm presented in Figure
+ The IterSolveR algorithm presented in Figure
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Graph Name #Vertices #Edges | degmax | degave | degsia ge%:;
Queen 4147 (qun) 4147110 | 329499284 81 79.45 6.34 0.080
Geo_1438 (geo) 1437960 63156690 57 43.92 4.39 0.100
Flan_1565 (fln) 1564794 | 117406044 81 75.03 11.43 0.152
Bump 2911 (bum) 2911419 | 127729899 195 43.87 6.96 0.159
Serena (ser) 1391349 64531701 249 46.38 9.24 0.199
delaunay_n24 (del) 16777216 | 100663202 26 5.99 1.34 0.222
rgg_n_2_23_s0 (rgg) 8388608 | 127002786 40 | 15.14 389 | 0.257
kmer_A2a (kmr) 170728175 | 360585172 40 2.11 0.57 0.267
cagel5 (cag) 5154859 99199551 47 19.24 5.73 0.298
road_usa (usa) 23947347 57708624 9 2.41 0.93 0.386
dielFilterV3real (dIf) 1102824 89306020 270 80.98 36.56 0.451
audikw_1 (aud) 943695 77651847 345 82.29 42.44 0.516
vas_stokes_2M (vas) 2146677 65129037 637 30.34 37.18 1.226
stokes (stk) 11449533 | 349321980 720 30.51 41.44 1.358
uk-2002 (uk) 18520486 | 298113762 2450 16.10 27.53 1.710
soc-LiveJournall (soc) 4847571 68993773 20293 14.23 36.08 2.535
arabic-2005 (arb) 22744080 | 639999458 9905 28.14 78.84 2.802
FullChip (fch) 2987012 26621990 | 2312481 8.91 | 1806.80 | 202.725

Table 2.1: Large Real-World Graph Dataset.

« A variant of our proposed algorithm (Figure that uses fine-grained locking instead of

HTM, henceforth referred to as ColorLock. Specifically, each vertex of the graph is associated
with a software-based lock. In the beginning of the critical section (line 18 in Figure[2.13), paral-

lel threads acquire the corresponding locks of both the current vertex v and the critical adjacent

vertices of the vertex v. Then, when the critical section ends (lines 26 and 28 in Figure [2.13),

parallel threads release the acquired locks. To avoid deadlocks, we impose a global order when

acquiring/releasing locks based on the vertices’ id: parallel threads acquire/release locks of

multiple vertices starting from the lock associated with the vertex with the smallest vertex id,

iterating via an increasing order of the vertices’ ids, and finishing to the lock associated with

the vertex with the highest vertex id.

« Our proposed ColorTM algorithm (Figure that leverages HTM. Each transaction can retry

up to 50 times, before resorting to a non-transactional fallback path. The non-transactional

path is a coarse-grained locking solution for the critical section (lines 18-28 in Figure [2.13).

For a fair comparison, in all graph coloring schemes we color the vertices in the order they appear in

the input graph representation (first-fit ordering heuristic [57]]).

Analysis of the Coloring Quality

Table compares the coloring quality of all parallel graph coloring implementations in single-

threaded and multithreaded executions.



66 Chapter 2

Coloring 1 14 28 56
Scheme thread | threads | threads | threads
Greedy 42.58 - - -

SeqSolve 42.58 42.34 42.33 42.18
IterSolve 42.58 44.05 43.94 44.04
IterSolveR 42.58 43.61 43.88 44.58
ColorLock 42.58 45.75 45.67 46.14
ColorTM 42.58 46.20 45.77 46.28

Table 2.2: The geometric mean on the number of colors produced across all large real-world graphs
(lower is better) for each parallel graph coloring implementation using one core (1 thread), all cores
of one socket (14 threads), all cores of two sockets (28 threads), and the maximum hardware thread
capacity of our machine with hyperthreading enabled (56 threads).

We make two key observations. First, there is low variability on the number of colors used across
the different graph coloring schemes. The parallel graph coloring schemes provide similar graph
coloring quality, because the number of colors produced is primarily determined by the order in which
the vertices are colored [57,/58]]. In this work, we use the first-fit ordering heuristic in all schemes,
i.e., coloring the vertices in the order they appear in the input graph representation, and we leave the
experimentation of other ordering heuristics for future work. Second, we find that in most schemes
the coloring quality becomes slightly worse as the number of threads increases. As the number of
threads increases, the number of coloring conflicts that arise during runtime typically increases, and
thus parallel threads might resolve coloring inconsistencies by introducing a few additional color
classes. The SeqSolve scheme does not typically increase the number of colors used in multithreaded
executions, because the coloring inconsistencies are resolved using one single thread. Overall, we
conclude that since all graph coloring schemes employ the same ordering heuristic, they provide

similar coloring quality.

Performance Comparison

Figure evaluates the scalability achieved by all parallel graph coloring implementations in our
large real-world graphs, when increasing the number of threads from 1 to 56, i.e., the maximum
available hardware thread capacity of our machine.

We draw three findings. First, ColorTM and ColorLock achieve the lowest execution time across
all schemes in single-threaded executions. Using one single thread, ColorTM and ColorLock on aver-
age outperform SeqSolve by 1.55x and 1.42 X, respectively, and they on average outperform IterSolve
by 1.17x and 1.06 X, respectively. With only one thread, ColorTM and ColorLock have identical ex-
ecutions to the sequential Greedy algorithm (Figure [2.1): thanks to the optimizations proposed in
Section the list of critical adjacent vertices that need to be validated inside the critical section
is empty, and thus ColorTM and ColorLock completely eliminate using synchronization (either HTM
of fine-grained locking). Second, we find that IterSolveR exhibits the lowest scalability across all
schemes. IterSolveR merges two parallel for-loops into a single parallel for-loop in order to eliminate

one of the two barriers used in IterSolve. Even though IterSolveR reduces the barrier synchronization
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Figure 2.15: Scalability achieved by all parallel graph coloring implementations in large real-world
graphs.

costs, it increases the load imbalance among parallel threads, thus causing significant performance
overheads. Third, we observe that the scalability of SeqSolve, IterSolve, and IterSolveR is highly af-
fected by the NUMA effect, i.e., the non-uniform memory access latencies to the application data. For

example, when increasing the number of threads from 7 to 14 (only one NUMA socket is used) the
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performance of SeqSolve, IterSolve, IterSolveR, ColorLock and ColorTM improves by 1.24x, 1.75X,
1.06 %, 1.62x and 1.65X, respectively, averaged across all large graphs. However, when increasing
the number of threads from 14 to 28, i.e., using both NUMA sockets of our machine, the performance
of SeqSolve and IterSolve only improves by 1.03x and 1.26 X, respectively, while the performance of
and IterSolveR decreases by 2.13x, averaged across all large graphs. In contrast, when increasing
the number of threads from 14 to 28, the performance of ColorLock and ColorTM significantly im-
proves by 1.77x and 1.97 X, respectively, averaged across all graphs. This is because our proposed
algorithmic design implemented in ColorLock and ColorTM leverages better the deep memory hier-
archy of commodity multicore platforms thanks to its eager conflict detection and resolution policy,
thus achieving lower data access costs. Overall, we conclude that our proposed algorithmic design
achieves the best scalability in modern multicore platforms.

Figure compares the speedup achieved by all schemes over the sequential Greedy scheme,

when varying the number of hardware threads used in all large real-world graphs.
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Figure 2.16: Speedup achieved by all parallel graph coloring implementations over the sequential
Greedy scheme in large real-world graphs using all cores of one socket (14 threads), all cores of two
sockets (28 threads), and the maximum hardware thread capacity of our machine with hyperthreading
enabled (56 threads).

We make two key observations. First, all parallel graph coloring schemes achieve lower speedup
in very irregular graphs including the soc, arb and fch graphs, compared to all the remaining
real-world graphs. In very irregular graphs, the number of edges per vertex significantly vary across
vertices [10}/109,(155]]: typically only a few vertices have a much larger number of edges over the
vast majority of the remaining vertices of the graph. Therefore, in irregular graphs parallel threads

typically cause more coloring inconsistencies than regular graphs, which are resolved during run-
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time, increasing the execution time. Second, we find that ColorTM achieves significant performance
improvements over all the prior state-of-the-art graph coloring schemes. ColorTM outperforms Seq-
Solve, IterSolve, and IterSolveR by 3.43x, 1.71x and 5.83x respectively, when using 14 threads, and
by 8.46x, 2.84x and 27.66x respectively, when using the maximum hardware thread capacity of our
machine (56 threads). This is because SeqSolve, IterSolve, and IterSolveR traverse all the vertices of
the graph at least twice, and employ a lazy conflict resolution policy, thus incurring high data access
costs. Instead, ColorTM traverses more than once only the conflicted vertices, and resolves coloring
inconsistencies with an eager approach, thus better leveraging the deep memory hierarchy of multi-
core platforms and reducing data access costs. In addition, ColorTM outperforms ColorLock by 1.34x
and 1.67 X when using 14 and 56 threads, respectively. As explained, HTM is a speculative hardware-
based synchronization mechanism, and thus ColorTM provides high performance improvements over
ColorLock thanks to significantly minimizing data access and synchronization costs. Note that in the
fine-grained locking approach of ColorLock, for each adjacent vertex accessed inside the critical sec-
tion, the parallel thread needs to acquire and release the corresponding software-based lock, thus
performing additional memory accesses in the memory hierarchy for accessing the lock variable.
Overall, we conclude that ColorTM significantly outperforms all prior state-of-the-art parallel graph
coloring algorithms across a wide variety of large real-world graphs.

To confirm the performance benefits of ColorTM across multiple computing platforms, we evalu-
ate all schemes on a 2-socket Intel Broadwell server with an Intel Xeon E5-2699 v4 processor at 2.2
GHz having 44 physical cores and 88 hardware threads. Figure[2.17|compares the speedup achieved by
all schemes over the sequential Greedy scheme in all large real-world graphs using 88 threads, i.e., the
maximum hardware thread capacity of the Intel Broadwell server. We find that ColorTM provides sig-
nificant performance benefits over prior state-of-the-art graph coloring algorithms, achieving 11.98 ¥,
4.33x and 22.06 x better performance over SeqSolve, IterSolve, and IterSolveR, respectively.
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Figure 2.17: Speedup achieved by all parallel graph coloring implementations over the sequential
Greedy scheme in large real-world graphs using the maximum hardware thread capacity of an Intel
Broadwell server with hyperthreading enabled (88 threads).

Analysis of ColorTM Execution

We further analyze the HTM-related execution behavior of our proposed ColorTM and BalColorTM
algorithms. Figure presents the abort ratio of ColorTM, i.e., the number of transactional aborts
divided by the number of attempted transactions, in all real-world graphs, as the number of threads
increases. In the 14-thread execution, we pin all thread on one single NUMA socket. In the 28-thread
execution, we pin threads on both NUMA sockets of our machine with hyperthreading disabled. In
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the (14+14)-thread execution, we pin all 28 threads on the same single socket with hyperthreading

enabled. In the 56-thread execution, we use the maximum hardware thread capacity of our machine.
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Figure 2.18: Abort ratio exhibited by ColorTM in all large real-world graphs.

We make three key observations. First, we find that the abort ratio becomes high in real-world
graphs which have high maximum degree and high standard deviation of the vertices’ degrees, e.g.,
d1lf, aud, vas, stk, uk, soc and arb graphs. In graphs with high vertex degree, the transaction
data access footprint is large and parallel threads compete for the same adjacent vertices with a
high probability, thus causing aborts in HTM. Second, we observe that when using both sockets
of our machine, the transactional aborts in ColorTM significantly increase due to the NUMA effect.
Specifically, averaged across all graphs the (14+14)-thread execution of ColorTM exhibits 2.97 x lower
abort ratio compared to the 28-thread execution of ColorTM. Due to the NUMA effect, the memory
accesses to the application data are very expensive. As a result, the duration of the transactions
increases, thus increasing the probability of conflict aborts among running transactions (See more
details in the next experiment). Third, we observe that ColorTM exhibits a very low abort ratio.
ColorTM has only 1.08% abort ratio on average across all real-world graphs, when using the maximum
hardware thread capacity (56 threads) of our machine. Our proposed speculative algorithmic design
effectively reduces the amount of computations and data accesses performed inside the critical section
(inside the HTM transaction), thus effectively decreasing the transaction’s footprint and duration. As
a result, ColorTM provides high amount of parallelism and low interference among parallel threads.
We conclude that ColorTM has low synchronization and interference costs among a large number of
parallel threads, even in real-world graphs with high vertex degree.

Figure presents the breakdown of different types of aborts exhibited by ColorTM in a rep-
resentative subset of real-world graphs. We break down the transactional aborts into four types: (i)
conflict aborts: they appear when a running transaction executed by a parallel thread attempts to
write the read-set of another running transaction executed by a different thread, (ii) capacity aborts:
they appear when the memory footprint of a running transaction exceeds the size of the hardware
transactional buffers, (iii) lock aborts: current HTM implementations [336,337,/416}417] provide no
guarantee that any transaction will eventually commit inside the transactional path, and thus the pro-
grammer provides an alternative non-transactional fallback path, i.e., falling back to the acquisition
of coarse-grained lock that allows only a single thread to enter the critical section, and forces aborts

to the transactions of all the remaining threads|} and (iv) other aborts: they appear when a transac-

2To achieve this, the lock is added to each transaction’s read set, so that when the lock is acquired by a thread (write
to the lock variable), the remaining threads are aborted and wait until the lock is released.
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tion fails due to other reasons such as cache line evictions, interrupts and/or when the duration of a
transaction exceeds the scheduling quantum and the OS scheduler schedules out the software thread
from the hardware thread, aborting the transaction. Note that since the fallback path lock is just a
variable in the source code, some conflict aborts are caused by the writes in this lock variable. Thus,

a part of the lock aborts is counted as conflict aborts in our measurements.
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Figure 2.19: Breakdown of different types of aborts exhibited by ColorTM in real-world graphs.

We draw three findings. First, we find that the conflict aborts significantly increase across all
graphs when using both sockets of our machine due to the NUMA effect. For example, the number
of conflicts aborts in the 28-thread executions is 3.32 x higher compared to that in the 14-thread exe-
cutions. As already mentioned, the NUMA effect significantly increases the duration of the running
transactions, and thus the probability of causing conflict aborts among running transactions is high.
Second, as number of threads increases, e.g., when comparing the 56-thread execution over the 28-
thread execution, the number of conflict aborts increases by 1.05x. This is because partitioning the
graph to a higher number of threads results in a higher number of crossing edges among parallel
threads, which in turn results in a larger list of critical adjacent vertices that is validated inside the
HTM transactions. Therefore, the transaction footprint increases, thus increasing the probability of
causing conflict aborts. Third, we find that in graphs with very high maximum degree, e.g., uk and
arb graphs, the capacity aborts constitute a large portion of total aborts. In such graphs, the data
access footprint of the transactions is large, resulting to a high probability of exceeding the hardware
buffers. Overall, our analysis demonstrates that current HTM implementations are severely limited
by the NUMA effect [335], and incur high performance costs when using more than one NUMA
socket on the machine. To this end, we recommend hardware designers to improve the HTM imple-
mentations in NUMA machines, and suggest software designers to propose intelligent algorithmic
schemes and data partitioning approaches that minimize the expensive memory accesses to remote
NUMA sockets inside the HTM transactions.
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2.6.2 Analysis of Balanced Graph Coloring Algorithms

We compare the following balanced graph coloring implementations:

+ The CLU algorithm presented in Figure

+ The VFF algorithm presented in Figure

« The Recoloring algorithm presented in Figure

+ Our proposed BalColorTM algorithm (Figure that leverages HTM. Each transaction is re-
tried up to 50 times, before resorting to a non-transactional fallback path. The non-transactional
path is a coarse-grained lock scheme for the critical section (lines 27-39 in Figure [2.14).

For a fair comparison, in all graph coloring schemes we color the vertices in the order they appear

in the color classes produced by the initial coloring.

Analysis of Color Balancing Quality

Table |2.3|compares the quality of balance in the color class sizes produced by the balanced-oblivious
ColorTM and all our evaluated balanced graph coloring implementations. Similarly to [49], we evalu-
ate the color balancing quality using the relative standard deviation of the color class sizes expressed
in %, which is defined as the ratio of the standard deviation of the color class sizes to the average
color class size. The closer the value of this metric is to 0.00, the better is the color balance. For the
ColorTM and Recoloring schemes, we also include in parentheses the number of color classes pro-
duced. As already explained in Section the CLU, VFF, and BalColorTM schemes produce the
same number of color classes with the initial coloring. In this experiment, we evaluate all algorithms
using the maximum hardware thread capacity of our machine, i.e., 56 threads, in order to evaluate
the color balancing quality of all schemes using the maximum available parallelism provided by the
underlying hardware platform.

We draw three findings from Table First, we observe that the balanced-oblivious ColorTM
scheme incurs very high disparity in the sizes of the color classes produced. Specifically, the color
balancing quality of ColorTM is 1887.01x, 287.70x, 10.32%, and 4266.03 X worse than that of CLU,
VFF, Recoloring and BalColorTM, respectively. Second, even though Recoloring is effective over Col-
orTM by providing better color balancing quality, its color balancing quality is the worst compared
to all the remaining balanced graph coloring schemes. In addition, in highly irregular graphs (graphs
with high maximum degree and high standard deviation in the vertices’ degrees) such as uk, soc
and arb, Recoloring significantly increases the number of color classes produced over the initial col-
oring. Recoloring re-colors the vertices of the graph with a different order compared to that used in
the initial graph coloring scheme, which in turn may introduce new additional color classes. Third,
we find that BalColorTM provides the best color balancing quality compared to all prior state-of-
the-art balanced graph coloring schemes. Specifically, the color balancing quality of BalColorTM is
2.26x, 14.82x and 413.31x better compared to that of CLU, VFF and Recoloring, respectively. Over-
all, we conclude that our proposed BalColorTM provides the best color balancing quality over prior
state-of-the-art schemes in all large real-world graphs.

To better illustrate the effect of balancing the vertices across color classes, we present in Fig-
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Input | Initial Coloring Balanced Graph Coloring Schemes

Graph ColorTM CLU | VFF | Recoloring | BalColorTM
qun 63.62 (48) | 0.212 | 1.669 | 14.739 (48) 0.009
geo 70.28 (36) | 0321 | 0.635 | 17.664  (34) 0.020
fln 65.42 (45) | 0576 | 0.611 | 20384  (51) 0.044
bum 64.32 (36) | 0.179 | 0.647 | 17.950  (33) 0.009
ser 73.64 (39) | 0.405 | 0.751 | 16.651  (38) 0.024
del 100.06 (9) | 0.002 | 0013 ] 35.136  (10) 0.001
rgg 115.30 (22) | 0.018 | 3.783 | 21.799  (23) 0.003
kmr 189.79 (11) | 0.0003 | 0.0002 | 31.492 (12) 0.0004
cag 122.89 (19) | 0.014 | 0.649 | 34.197  (20) 0.005
usa 105.09 (5) | 0.001 | 0.024 | 0.0005 (5) 0.0005
dif 57.95 (54) | 258 | 25322551  (57) 3.01
aud 84.02 (60) | 5.243 | 2.780 | 19.498  (54) 3.575
vas 144.18 (38) | 0.084 | 18.527 | 25.373  (34) 0.016
stk 141.41 (35) | 0.016 | 17.684 | 25.375 (34) 0.003
uk 1882.66 (944) | 0.437 | 0.237 | 65.994 (1355) 1.732
soc 945.35 (324) | 1.136 | 1.466 | 58.190  (459) 1.886
arb 3351.79 (3248) | 0.681 1.499 | 68.521 (4772) 3.410
fch 125.70 (9) | 0.012 | 0.271 | 33.854 (10) 0.451

Table 2.3: Color balancing quality achieved by ColorTM and all balanced graph coloring implementa-
tions in the large real-world graphs. We present the relative standard deviation (in %) on the sizes of
the color classes obtained by each scheme (lower is better). In ColorTM and Recoloring, we provide
inside the parentheses the number of color classes produced. The CLU, VFF and BalColorTM produce
the same number of color classes with the initial coloring scheme.

ure the sizes of all the color classes produced by ColorTM, CLU, VFF, Recoloring and BalColorTM
for a representative subset of our evaluated real-world graphs. The uk, soc and arb graphs are web
social networks [418] with a highly power-law distribution [10,/109,/155]: only a few vertices have a
very high degree, while the vast majority of the remaining vertices of the graph has very low degree.
In such graphs, ColorTM inserts the vast majority of the vertices in the first few color classes, and
the remaining few vertices are assigned to different separate color classes. Moreover, as explained,

Recoloring introduces a large number of new additional color classes in such real-world graphs.

Performance Comparison

Figure evaluates the scalability achieved by all balanced graph coloring implementations in a
representative subset of our evaluated large real-world graphs, as the number of threads increases
from 1 to 56, i.e., up to the maximum available hardware thread capacity of our machine. We present
the execution time of only the kernel that balances the vertices across color classes (excluding the

execution time of the initial graph coloring).
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Figure 2.20: Distribution of color class sizes produced by ColorTM and all our evaluated balanced
graph coloring schemes. Note that small color class sizes result in reduced parallelism in the real-
world end-application.

We draw three findings. First, we observe that Recoloring achieves the worst performance over

all balanced graph coloring schemes. Even in the single-threaded executions, Recoloring performs

by 3.21x, 2.26x and 3.69x worse than CLU, VFF and BalColorTM, respectively, because it executes a

much larger amount of computation, memory accesses and synchronization. Recall that Recoloring
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Figure 2.21: Scalability achieved by all balanced graph coloring implementations in large real-world
graphs.

processes and re-colors all the vertices of the graph, while the remaining balanced graph coloring
schemes re-color only a subset of the vertices of the graph. Note that in uk and arb graphs, all
balanced graph coloring schemes need to re-color a large portion of the graph’s vertices, thus per-
forming closely to each other. Second, we find that the scalability of all schemes is affected by the
NUMA effect, however BalColorTM on average scales well even when using all available hardware
threads and both NUMA sockets of our machine. When increasing the number of threads from 28
to 56, the performance of BalColorTM improves by 1.55x averaged across all large graphs. Third, we
find that in contrast to the graph coloring kernel, in many real-world graphs the performance of the
balanced graph coloring kernel scales up to 14 threads, and degrades when using 56 threads. This
is because the balanced graph coloring kernel has a lower amount of parallelism (a small subset of
the vertices of the graph are re-colored by parallel threads) than the graph coloring kernel. Thus,
our analysis demonstrates that when a kernel has low levels of parallelism, the best performance
is achieved using a smaller number of parallel threads than the available hardware threads on the
multicore platform. To this end, we suggest software designers of real-world end-applications to
on-the-fly adjust the number of parallel threads used to parallelize each different sub-kernel of the
end-application based on the parallelization needs of each particular sub-kernel.

Figure compares the speedup achieved by all balanced graph coloring schemes normalized
to the CLU scheme in all large real-world graphs. We compare the actual kernel time that balances
the vertices across color classes.

We observe that BalColorTM outperforms all prior state-of-the-art balanced graph coloring schemes
across all various large real-world graphs with a large number of parallel threads used. BalColorTM
outperforms CLU, VFF and Recoloring by on average 1.89%, 1.33x and 2.06 X respectively, when us-
ing 14 threads. Moreover, BalColorTM outperforms CLU, VFF and Recoloring by on average 2.61x,
1.05x and 1.68 X respectively, when using 56 threads, i.e., the maximum hardware thread capacity of
our machine. Overall, BalColorTM performs best over all prior schemes in all large real-world graphs.

Therefore, considering the fact that BalColorTM also provides the best color balancing quality over
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Figure 2.22: Speedup achieved by all balanced graph coloring implementations over the CLU scheme
in large real-world graphs using all cores of one socket (14 threads), all cores of two sockets (28
threads), and the maximum hardware thread capacity of our machine with hyperthreading enabled
(56 threads).

prior schemes, we conclude that our proposed algorithmic design is a highly efficient and effective
parallel graph coloring algorithm for modern mutlicore platforms.

To confirm the performance benefits of BalColorTM across multiple computing platforms, we
evaluate all schemes on a 2-socket Intel Broadwell server with an Intel Xeon E5-2699 v4 processor
at 2.2 GHz having 44 physical cores and 88 hardware threads. Figure compares the speedup
achieved by all balanced graph coloring schemes normalized to the CLU scheme in all large real-
world graphs using 88 threads, i.e., the maximum hardware thread capacity of the Intel Broadwell
server. We find that BalColorTM provides significant performance benefits over prior state-of-the-art
graph coloring algorithms, achieving 1.82, 1.22x and 1.84x better performance over CLU, VFF, and

Recoloring, respectively.
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Figure 2.23: Speedup achieved by all balanced graph coloring implementations over the CLU scheme
in large real-world graphs using the maximum hardware thread capacity of an Intel Broadwell server
with hyperthreading enabled (88 threads).
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Analysis of BalColorTM Execution

Figure presents the abort ratio of BalColorTM, i.e., the number of transactional aborts divided by
the number of attempted transactions, in all real-world graphs, as the number of threads increases.
In the 14-thread execution, we pin all thread on one single socket. In the 28-thread execution, we
pin threads on both NUMA sockets of our machine with hyperthreading disabled. In the (14+14)-
thread execution, we pin all 28 threads on the same single socket with hyperthreading enabled. In

the 56-thread execution, we use the maximum hardware thread capacity of our machine.

[ 1 14 threads [ 28threads I 14+14 threads Il 56 threads

Abort Ratio (%)
N DA OO®
(e N-N-N-X-)

Figure 2.24: Abort ratio exhibited by BalColorTM in all large real-world graphs.

We make two key observations. First, we observe that BalColorTM on average incurs higher abort
ratio over ColorTM, reaching up to 80% abort ratio in some multithreaded executions. Specifically,
BalColorTM incurs 68.55%, 64.35x%, 55.83x and 25.91x higher abort ratio (averaged across all real-
world graphs) over ColorTM, when using 14, 28, (14+14), and 56 threads, respectively. This is because
BalColorTM processes and re-colors a much smaller number of vertices (a small subset of the ver-
tices of the graph) compared to ColorTM, which instead processes and colors all the vertices of the
graph. As a result, parallel threads compete for the same data and memory locations with a much
higher probability in BalColorTM compared to ColorTM, thus incurring higher abort ratio and syn-
chronization costs. Second, we find that in all real-world graphs the vast majority of transactional
aborts are conflict aborts. Specifically, the portion of conflict aborts is more than 95% in all real-world
graphs for all multithreaded executions. Typically, the lower parallelization needs a parallel kernel
has, the higher data contention among parallel threads it incurs. Overall, our analysis demonstrates
that using a high number of parallel threads results in high contention on shared data due to low
amount of parallelism of the balanced graph coloring kernel. The aforementioned high contention
causes high synchronization overheads. To this end, we recommend software designers of real-world
end-applications to design adaptive parallelization schemes that trade off the amount of parallelism

provided for lower synchronization costs.

2.6.3 Analysis of a Real-World Scenario

In this section, we study the performance benefits of our proposed graph coloring schemes, i.e.,
ColorTM and BalColorTM, when parallelizing a widely used real-world end-application, i.e., Commu-
nity Detection, via chromatic scheduling. Specifically, we compare the following parallel implemen-

tations to execute the Community Detection application:
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+ The parallelization scheme for the Louvain method [[419-421]] provided by Grappolo suite [12],
henceforth referred to as SimpleCD, in which the vertices are processed as they appear in the
input graph representation. The algorithm consists of multiple iterations. First, each vertex is
placed in a community of its own. Then, multiple iterations are performed until a convergence
criterion is met. Within each iteration, all vertices are processed concurrently by multiple
parallel threads, and a greedy decision is made to decide whether each vertex should be moved
to a different community (selected from one of its adjacent vertices) or should remain in its
current community, targeting to maximize the net modularity gain. For more details, we refer
the reader to [419l[422-424].

+ The chromatic scheduling parallelization approach using ColorTM to color the vertices of the
graph, henceforth referred to as ColorTMCD, in which the vertices are processed in the order
they are distributed in the color classes. The end-to-end Community Detection execution can
be broken down in two steps: (i) the time to color the vertices of the graph with ColorTM,
and (ii) the time to classify the vertices of the graph into communities via chromatic schedul-
ing parallelization approach. The (ii) step processes the color classes produced by the (i) step
sequentially, and all vertices of the same color class are processed in parallel.

+ The chromatic scheduling parallelization approach using ColorTM to color the vertices of the
graph and BalColorTM to balance the vertices across color classes produced, henceforth referred
to as BalColorTMCD, in which the vertices are processed in the order they are distributed in
the color classes. The end-to-end Community Detection execution can be broken down in three
steps: (i) the time to color the vertices of the graph with ColorTM, (ii) the time to balance the
vertices of the graph across color classes, and (iii) the time to classify the vertices of the graph
into communities via chromatic scheduling parallelization approach. The (iii) step processes
the color classes produced by the (ii) step sequentially, and all vertices of the same color class

are processed in parallel.

Figure evaluates the scalability of all the end-to-end Community Detection parallel imple-
mentations in a representative subset of large real-world graphs, as the number of parallel threads
increases. We present the total end-to-end execution time, i.e., in ColorTMCD we account for the time
to color the vertices of the graph (coloring step), and in BalColorTMCD we account for the time to
color the vertices of the graph (coloring step), and the time to balance the vertices across color classes

(balancing step).
We draw two findings. First, we find that ColorTMCD and BalColorTMCD scale well in large

real-world graphs. For example, when increasing the number of threads from 1 to 56, ColorTMCD
improves performance by 12.34x and 3.44x in bum and arb graphs, respectively. Similarly, when
increasing the number of threads from 1 to 56, BalColorTMCD improves performance by 11.38x and
3.63x in bum and arb graphs, respectively. However, we observe that in uk and arb graphs,
SimpleCD outperforms both ColorTMCD and BalColorTMCD. In these two graphs, ColorTM and Bal-
ColorTM produce the largest number of color classes compared to all the remaining real-world graphs
(See Table [2.3), i.e., they produce 944 and 3248 colors for the uk and arb graphs, respectively. As
a result, in uk and arb graphs the chromatic scheduling parallelization approach of ColorTMCD
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Figure 2.25: Scalability of the end-to-end Community Detection execution achieved by (i) the Grap-
polo [12] parallelization approach of the Louvain method (SimplCD) and (ii) the chromatic scheduling
parallelization approach with ColorTM (ColorTMCD) and (iii) the chromatic scheduling parallelization
approach with both ColorTM and BalColorTM (BalColorTMCD) in large real-world graphs.

and BalColorTMCD executes 944 and 3248 times of barrier synchronization among parallel threads,
respectively, thus incurring higher synchronization costs over SimpleCD. Second, the scalability of
BalColorTMCD is affected more by the NUMA effect compared to that of ColorTMCD. Specifically,
when increasing the number of threads from 14 to 28, the performance of ColorTMCD improves by
1.63x averaged across all real-world graphs, while the performance of BalColorTMCD only improves
by 1.22x. Similarly, when increasing the number of threads from 14 to 56, the performance of Col-
orTMCD improves by 1.98 x, while the performance of BalColorTMCD improves by 1.50x. We find
that even though balancing the sizes of color classes provides higher load balance across parallel
threads of real-world end-applications, it might because more remote expensive memory accesses

across NUMA sockets of modern multicore machines.

Figure shows the actual kernel time (without accounting for performance overheads intro-
duced by the coloring and balancing steps) of Community Detection by comparing the speedup of
ColorTMCD and BalColorTMCD over SimpleCD in all our evaluated large real-world graphs.

We draw two key findings. First, BalColorTM can on average outperform ColorTM, when consid-
ering only the actual kernel time of Community Detection, by providing better load balance among
parallel threads. When only the actual kernel time of Community Detection is considered (exclud-
ing the performance overheads introduced by the coloring and balancing steps), BalColorTMCD on
average outperforms ColorTMCD by 1.27x, 1.01x and 1.12x when using 14, 28, and 56 threads,
respectively. Second, parallelizing the Community Detection using ColorTM and BalColorTM pro-
vides significant performance speedups over SimpleCD, the state-of-the-art paralellization approach
of Louvain method of Community Detection [12,419-421]. Specifically, ColorTMCD improves the
performance of the actual kernel time of Community Detection compared to SimpleCD by 1.40x,
1.34x, and 1.20x, when using 14, 28, and 56 threads, respectively. In addition, BalColorTMCD im-

proves the performance of the actual kernel time of Community Detection compared to SimpleCD
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Figure 2.26: Speedup of the actual kernel of the Community Detection execution achieved by (i)
SimpleCD (D), (ii) ColorTMCD (C) and (iii) BalColorTMCD (B) in large real-world graphs using all
cores of one socket (14 threads), all cores of two sockets (28 threads), and the maximum hardware
thread capacity of our machine with hyperthreading enabled (56 threads).

by 1.77x, 1.34x, and 1.34x, when using 14, 28, and 56 threads, respectively. We conclude that our
proposed graph coloring algorithmic designs can provide high performance benefits in real-world

end-applications which are parallelized using coloring.

Figure presents the speedup breakdown of ColorTMCD and BalColorTMCD over SimpleCD
in all our evaluated large real-world graphs. The performance is broken down in three steps: (i)
the coloring step to color the vertices of the graph (Coloring), (ii) the balancing step to balance
the vertices across color classes (Balancing), and (iii) the actual Community Detection kernel time

(CommunityDetection).

We make two key observations. First, BalColorTMCD on average outperforms ColorTMCD when
using up to 14 threads (using one single NUMA socket). When considering the end-to-end execution
including the performance overheads introduced by the coloring and balancing steps, BalColorTMCD
outperforms ColorTMCD by 1.19x when using 14 threads, while it performs on average 1.18 x and
1.10x worse over ColorTMCD, when using 28 and 56 threads, respectively. We find that the perfor-
mance overhead introduced in the balancing step of BalColorTMCD is not compensated in the runtime
of the actual kernel time of Community Detection when using both NUMA sockets of our machine.

Second, we observe that both ColorTMCD and BalColorTMCD can provide high performance in Com-
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Figure 2.27: Speedup breakdown of the end-to-end Community Detection execution achieved by (i)
SimpleCD (D), (ii) ColorTMCD (C) and (iii) BalColorTMCD (B) in large real-world graphs using all
cores of one socket (14 threads), all cores of two sockets (28 threads), and the maximum hardware
thread capacity of our machine with hyperthreading enabled (56 threads).

munity Detection. ColorTMCD on average outperforms SimpleCD by 1.38 %, 1.33x and 1.19x, when
using 14, 28 and 56 threads, respectively. BalColorTMCD on average outperforms SimpleCD by 1.64 %,
1.10x and 1.08 X, when using 14, 28 and 56 threads, respectively. In addition, we observe that BalCol-
orTMCD provides significant performance speedups over Simple CD in many graphs such as f1n,
del, cag, aud, soc and fch, reaching up to 10.36 x with 56 threads. Overall, we conclude that
our proposed parallel graph coloring algorithms can provide significant performance improvements
in real-world end-applications, e.g., parallelizing Community Detection with chromatic scheduling,

across a wide variety of input data sets with diverse characteristics.

2.7 Recommendations

This section presents our key takeaways in the form of recommendations for software and hardware
designers.

Recommendation #1. Optimize the Hardware Transactional Memory implementation on NUMA mul-
ticore systems. Figures and demonstrate the number of transactional aborts significantly

increases when using both NUMA sockets of our machine. Accessing data of remote NUMA sockets
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within HTM transactions increases the duration of the transactions, thus potentially causing trans-
actional aborts: long-running HTM transactions increase the probability of incurring read-write
conflicts among them, while they might suffer from time interrupt aborts when the OS scheduler
schedules out the software threads from the hardware threads. Overall, we find that current HTM
implementations are severely limited by the NUMA effect [335]], which degrades the benefits of HTM
on synchronization among parallel threads. To this end, we suggest that hardware designers of mul-
ticore systems provide a NUMA-aware HTM implementation for modern multicore systems.
Recommendation #2. Design intelligent data partitioning techniques of real-world graphs across
NUMA sockets of modern systems. Figure shows that the number of conflicts (read-write) aborts
among running HTM transactions significantly increases when using both sockets of our evaluated
machine. This is because expensive accesses to remote data increase the duration of the HTM transac-
tions, and thus the probability of causing conflicts aborts among long-running transactions becomes
very high. Thus, we conclude that the performance of parallel algorithms might significantly degrade
when accessing application data from remote NUMA sockets within the critical section. Therefore,
we recommend that software designers of parallel graph processing kernels design effective data
partitioning techniques of real-world graphs across NUMA sockets of modern systems to minimize
contention and synchronization overheads among parallel threads.

Recommendation #3. Design adaptive parallel applications that on-the-fly adjust the number of par-
allel threads used to parallelize their sub-kernels based on the parallelization needs of each particular
sub-kernel. Figure shows that all parallel graph coloring schemes scale up to 56 threads, i.e., all
available hardware threads of our machine. However, Figure shows that balanced graph col-
oring schemes typically scale up 14 threads, thus achieving the best performance with 14 parallel
threads, while their performance degrades when using all available hardware threads of our ma-
chine (56 threads). The graph coloring kernel has high parallelization needs, since all the vertices of
the large real-world graph need to be processed (colored) by parallel threads. Instead, the balance
coloring kernel has lower parallelization needs, since typically a small subset of the vertices of the
graph need to be processed (re-colored) by parallel threads. We demonstrate in Section that
the execution times of the graph coloring and balance coloring kernels add to the overall execution
time of the real-world end-application. Thus, we conclude that to achieve high system performance
in the end-to-end execution of real-world applications, we need to dynamically tune the number of
parallel threads used to parallelize the sub-kernels of the end-applications depending on the paral-
lelization needs of each particular sub-kernel. To this end, we recommend that software designers
provide adaptive parallel applications that on-the-fly adjust the number of parallel threads used to
parallelize each sub-kernel of the end-applications based on the parallelization needs of the particular

sub-kernel.

2.8 Related Work

A handful of prior works [1,48-52./52-58] has examined the graph coloring kernel in modern multi-
core platforms. Welsh and Powell [48] propose the original sequential Greedy algorithm that colors
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the vertices of the graph using the first-fit heuristic. Recent prior works [53-56] parallelize Greedy
by proposing the SeqSolve, IterSolve and IterSolveR schemes described in Section We com-
pare ColorTM with these prior schemes in Section[2.6.1} and demonstrate that our proposed ColorTM
outperforms these state-of-the-art schemes across a wide variety of real-world graphs. Jones and
Plassmann [50] design an algorithm, named JP, that colors the vertices of the graph by identifying
independent sets of vertices: in each iteration, the algorithm finds and selects an independent set of
vertices that can be colored concurrently. However, JP is a recursive algorithm that typically runs
longer than the original Greedy [1,/57,/58], since it performs more computations and needs more
synchronization points, i.e., parallel threads need to synchronize at each iteration of processing inde-
pendent sets of vertices. Moreover, the original paper [50] shows that JP provides good performance
mostly in O(1)-degree graphs. In contrast, our work efficiently parallelizes the original and widely
used Greedy algorithm for graph coloring, and our proposed parallel algorithms achieve significant
performance improvements across a wide variety of real-world graphs and using a large number of

parallel threads.

Deveci et al. [51] present an edge-centric parallelization scheme for graph coloring which is better
suited for GPUs. ColorTM and BalColorTM can be straightforwardly extended to color the vertices
of a graph by equally distributing the edges of the graph among parallel threads. We leave the ex-
ploration of edge-centric graph coloring schemes for future work. Future work also comprises the
experimentation of the graph coloring kernel on multicore computing platforms such as modern
GPUs [425-428] and Processing-In-Memory systems [5,/10,32,/33//35//155,/156,(161,208,212]. Maciej et
al. [58] and Hasenplaugh et al. [57] propose new vertex ordering heuristics for graph coloring. Order-
ing heuristics define the order in which Greedy colors the vertices of the graph in order to improve
the coloring quality by minimizing the number of colors used. Instead, our work aims to improve
system performance by proposing efficient parallelization schemes. For a fair comparison, we employ

the first-fit ordering heuristic (the vertices of the graph are colored in the order they appear in the

input graph representation) in all parallel algorithms evaluated in Sections [2.6.1|and [2.6.1} ColorTM
and BalColorTM can support various ordering heuristics [57,/58,343,[344,351,409-413,/429]] by assign-

ing the vertices of the graph to parallel threads with a particular order. We leave the evaluation of

various vertex ordering heuristics for future work.

Lu et al. [49] design balanced graph coloring algorithms to efficiently balance the vertices across
the color classes. We compare BalColorTM with their proposed algorithms, i.e., CLU, VFF, Recoloring,
in Section and demonstrate that our proposed BalColorTM scheme on average performs best
across all large real-world graphs. Tas et al. [52] propose balanced graph coloring algorithms for
bitpartie graphs, i.e., graphs whose vertices can be divided into two disjoint and independent sets
U and V, and every edge (u,v) either connects a vertex from U to V or a vertex from V to U. In
contrast, ColorTM and BalColorTM are designed to be general, and efficiently color any arbitrary
real-world graph using a large number of parallel threads. In addition, Tas et al. [52] also explore the
distance-2 graph coloring kernel on multicore architectures, in which any two vertices © and v with an
edge-distance at most 2 are assigned with different colors. Instead, our work efficiently parallelizes

the distance-1 graph coloring kernel on multicore platforms, in which any two adjacent vertices
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of the graph connected with a direct edge are assigned with different colors. Finally, prior works
propose algorithms for edge coloring [430]], dynamic or streaming coloring [431-436], k-distance
coloring [437,438] and sequential exact coloring [439-441]. All these works are not closely related
to our work, since we focus on designing high-performance parallel algorithms for the distance-1

vertex graph coloring kernel.

2.9 Summary

In this work, we explore the graph coloring kernel on multicore platforms, and propose ColorTM and
BalColorTM, two novel algorithmic designs for high performance and balanced graph coloring on
modern computing platforms. ColorTM and BalColorTM achieve high system performance through
two key techniques: (i) eager conflict detection and resolution of the coloring inconsistencies that
arise when adjacent vertices are concurrently processed by different parallel threads, and (ii) specula-
tive computation and synchronization among parallel threads by leveraging Hardware Transactional
Memory. Via the eager coloring conflict detection and resolution policy, ColorTM and BalColorTM
effectively leverage the deep memory hierarchy of modern multicore platforms and minimize access
costs to application data. Via the speculative computation and synchronization approach, ColorTM
and BalColorTM minimize synchronization costs among parallel threads and provide high amount of
parallelism. Our evaluations demonstrate that our proposed parallel graph coloring algorithms out-
perform prior state-of-the-art approaches across a wide range of large real-world graphs. ColorTM
and BalColorTM can also provide significant performance improvements in real-world scenarios. We
conclude that ColorTM and BalColorTM are highly efficient graph coloring algorithms for modern
multicore systems, and hope that this work encourages further studies of the graph coloring kernel

in modern computing platforms.
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SmartPQ

3.1 Overview

Concurrent data structures are widely used in the software stack, i.e., kernel, libraries and appli-
cations. Prior works [15, 61,86, 442] discuss the need for efficient and scalable concurrent data
structures for commodity Non-Uniform Memory Access (NUMA) architectures. Pointer chasing
data structures such as linked lists, skip lists and search trees have inherently low-contention, since
their operations need to de-reference a non-constant number of pointers before completing. Recent
works [86}443}/444] have shown that lock-free algorithms [70L|445-449] of such data structures can
scale to hundreds of threads. On the other hand, data structures such as queues and stacks typically
incur high-contention, when accessed by many threads. In these data structures, concurrent threads
compete for the same memory locations, incurring excessive traffic and non-uniform memory ac-
cesses between nodes of a NUMA system.

In this work, we focus on priority queues, which are widely used in a variety of applications,

including task scheduling in real-time and computing systems [363]], discrete event simulations [361,
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Figure 3.1: Throughput achieved by a NUMA-oblivious [13,|14] and a NUMA-aware [15] priority
queue, both initialized with 1024 keys. We use 64 threads that perform a mix of insert and deleteMin
operations in parallel, and the key range is set to 2048 keys. We use all NUMA nodes of a 4-node
NUMA system, the characteristics of which are presented in Section

362] and graph applications [[356-358], e.g., Single Source Shortest Path [359] and Minimum Spanning
Tree [360]]. Similarly to skip-lists and search trees, in insert operation, concurrent priority queues typ-
ically have high levels of parallelism and low-contention, since threads may work on different parts
of the data structure. Therefore, concurrent NUMA-oblivious implementations [59./60,62-65.|77, /78]
can scale up to a high number of threads. In contrast, in deleteMin operation, all threads compete
for deleting the highest-priority element of the queue, thus competing for the same memory loca-
tions (similarly to queues and stacks), and creating a contention spot. In deleteMin-dominated work-
loads, concurrent priority queues typically incur high-contention and low parallelism. To achieve
higher parallelism, relaxed priority queues have been proposed in the literature [13,364], in which
deleteMin operation returns an element among the first few (high-priority) elements of the priority
queue. However, such NUMA-oblivious implementations are still inefficient in NUMA architectures,
as we demonstrate in Section Therefore, to improve performance in NUMA systems, NUMA-

aware implementations have been proposed [15,86].

We examine NUMA-aware and NUMA-oblivious concurrent priority queues with a wide variety
of contention scenarios in NUMA architectures, and find that the performance of a priority queue
implementation is becoming increasingly dependent on both the contention levels of the workload
and the underlying computing platform. This is illustrated in Figure|3.1} which shows the throughput
achieved by a NUMA-oblivious and a NUMA-aware priority queue using a 4-node NUMA system.
Even though in a insert-dominated scenario, e.g., when having 100% insert operations, the NUMA-
oblivious implementation achieves significant performance gains over the NUMA-aware one, when
contention increases, i.e., the percentage of deleteMin operations increases, the NUMA-oblivious im-
plementation incurs non-negligible performance slowdowns over the NUMA-aware priority queue.

We conclude that none of the priority queues performs best across all contention workloads.

Our goal in this work is to design a concurrent priority queue that (i) achieves the highest perfor-
mance under all various contention scenarios, and (ii) performs best even when the contention of the

workload varies over time.
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Figure 3.2: High-level overview of SmartPQ. SmartPQ dynamically adapts its algorithm to the con-
tention levels of the workload based on the prediction of a simple classifier.

To this end, our contribution is twofold. First, we introduce NUMA Node Delegation (Nuddle), a
generic technique to obtain NUMA-aware data structures, by effectively transforming any concur-
rent NUMA-oblivious data structure into the corresponding NUMA-aware implementation. In other
words, Nuddle is a framework to wrap any concurrent NUMA-oblivious data structure and transform
it into an efficient NUMA-aware one. Nuddle extends ffwd [15] by enabling multiple server threads,
instead of only one, to execute operations in parallel on behalf of client threads. In contrast to ffwd,
which aims to provide single threaded data structure performance, Nuddle targets data structures

which are able to scale up to a number of threads such as priority queues.

Second, we propose SmartPQ, an adaptive concurrent priority queue that achieves the highest per-
formance under all contention workloads and dynamically adapts itself over time between a NUMA-
oblivious and a NUMA-aware algorithmic mode. SmartPQ integrates (i) Nuddle to efficiently switch
between the two algorithmic modes with very low overhead, and (ii) a simple decision tree classi-
fier, which predicts the best-performing algorithmic mode given the expected contention levels of a

workload.

Figure [3.2 presents an overview of SmartPQ, where we use the term base algorithm to denote any
arbitrary concurrent NUMA-oblivious data structure. SmartPQ relies on three key ideas. First, client
threads can execute operations using either Nuddle (NUMA-aware mode) or its underlying NUMA-
oblivious base algorithm (NUMA-oblivious mode). Second, SmartPQ incorporates a decision-making
mechanism to decide upon transitions between the two modes. Third, SmartPQ exploits the fact
that the actual underlying implementation of Nuddle is a concurrent NUMA-oblivious data structure.
Client threads in both algorithmic modes access the data structure in the same way, i.e., with no
actual change in the way data is accessed. Therefore, SmartPQ switches from one mode to another

with no synchronization points between transitions.

We evaluate a wide range of contention scenarios and compare Nuddle and SmartPQ with state-
of-the-art NUMA-oblivious [13}77] and NUMA-aware [15] concurrent priority queues. We also eval-
uate SmartPQ using synthetic benchmarks that dynamically vary their contention workload over
time. Our evaluation shows that SmartPQ adapts between its two algorithmic modes with negligible
performance overheads, and achieves the highest performance in all contention workloads and at

any point in time with 87.9% success rate.
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The main contributions of this work are:
« We propose Nuddle, a generic technique to obtain NUMA-aware concurrent data structures.
« We design a simple classifier to predict the best-performing implementation among NUMA-

oblivious and NUMA-aware priority queues given the contention levels of a workload.

« We propose SmartPQ, an adaptive concurrent priority queue that achieves the highest perfor-

mance, even when contention varies over time.

« We evaluate Nuddle and SmartPQ with a wide variety of contention scenarios, and demonstrate

that SmartPQ performs best over prior state-of-the-art concurrent priority queues.

3.2 NUMA Node Delegation (Nuddle)

3.2.1 Overview

NUMA Node Delegation (Nuddle) is a generic technique to obtain NUMA-aware data structures by
automatically transforming any concurrent NUMA-oblivious data structure into an efficient NUMA-
aware implementation. Nuddle extends ffwd [15], a client-server software mechanism which is based
on the delegation technique [81-85].

Figure left shows the high-level overview of ffwd, which has three key design characteris-
tics. First, all operations performed by multiple client threads are delegated to one single dedicated
thread, called server thread. The server thread performs operations in the data structure on behalf of
its client threads. This way, the data structure remains in the memory hierarchy of a single NUMA
node, avoiding non-uniform memory accesses to remote data. Second, ffwd eliminates the need for
synchronization, since the shared data structure is no longer accessed by multiple threads: only a sin-
gle server thread directly modifies the data structure, and therefore, ffwd uses a serial asynchronized
implementation of the underlying data structure. Third, ffwd provides an efficient communication
protocol between the server thread and client threads that minimizes cache coherence overheads.
Specifically, ffwd reserves dedicated cache lines to exchange request and response messages between
the client threads and sever thread. Multiple client threads are grouped together to minimize the
response messages from the server thread: one response cache line is shared among multiple client
threads belonging to the same client thread group. For more details, we refer the reader to the original
paper [15].

Figure [3.3| right presents the high-level overview of Nuddle, which is based on three key ideas.
First, Nuddle deploys multiple servers to perform operations on behalf of multiple client threads.
Specifically, client threads are grouped in client thread groups, and each sever thread serves multiple
client thread groups. This way, multiple server threads concurrently perform operations on the data
structure, achieving high levels of parallelism up to a number of server threads. Second, Nuddle lo-
cates all server threads to the same NUMA node to keep the data structure in the memory hierarchy of
one single NUMA node, and propose a NUMA-aware approach. Client threads can be located at any
NUMA node. Third, since multiple servers can concurrently update the shared data structure, Nuddle

uses a concurrent NUMA-oblivious implementation (i.e., which includes synchronization primitives
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Figure 3.3: High-level design of ffwd [15] and Nuddle. Nuddle locates all server threads at the same

NUMA node to design a NUMA-aware scheme, and associates each of them to multiple client thread
groups. Nuddle uses the communication protocol proposed in ffwd [15].

when accessing the shared data) of the underlying data structure to ensure correctness. Third, Nud-
dle employs the same client-server communication protocol with ffwdto carefully manage memory
accesses and minimize cache coherence traffic and latency.

ffwd targets inherently serial data structures, whose concurrent performance cannot be better
than that of single threaded performance. In contrast, Nuddle targets data structures that can scale
up to a number of concurrent threads. Priority queue is a typical example of such a data structure.
In insert operation, priority queue can scale up to multiple threads, which can concurrently update
the shared data. In contrast, deleteMin operation is inherently serial: at each time only one thread
can update the shared data, since all threads compete for the highest-priority element of the queue.
However, as we mentioned, in relaxed priority queues (e.g., SprayList [13]]), even deleteMin operation

can be parallelized to some extent.

3.2.2 Implementation Details

Figures and[3.6|present the code of a priority queue implementation using Nuddle. We denote
with red color the core operations of the base algorithm, which is used as the underlying concurrent
NUMA-oblivious implementation of Nuddle. Note that even though in this work we focus on priority
queues, Nuddle is a generic framework for any type of concurrent data structure.

Helper Structures. Nuddle includes three helper structures (Figure [3.4), which are needed for
client-server communication. First, the main structure of Nuddle, called struct nuddle_pq, wraps
the base algorithm (nm_oblv_set), and includes a few additional fields, which are used to associate
client thread groups to server threads in the initialization step. Second, each client thread has its
own struct client structure with a dedicated request and a dedicated response cache line. The
request cache line is exclusively written by the client thread and read by the associated server thread,
while the response cache line is exclusively written by the server thread and read by all client threads
that belong to the same client thread group. Third, each server thread has its own struct server

structure that includes an array of requests (my_clients), each of them is shared with a client thread,
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43 #define cache_line_size 128

44 typedef char cache_line[cache_line_size];
45

46 struct nuddle_pq {

47 nm_oblv_set *base_pq;

48 int servers, groups, clnt_per_group;

49 int server_cnt, clients_cnt, group._cnt;
50 cache_line =»requests[groups][clnt_per_group];
51 cache_line =»responses[groups];

52 lock =global_lock;

53 };

54

55 struct client {

56 cache_line =*request, *response;

57 int clnt_pos;

58 };

59

60 struct server {

61 nm_oblv_set *base_pq;

62 cache_line *my_clients[], *my_responses[];
63 int my_groups, clnt_per_group;
64 };

Figure 3.4: Helper structures of Nuddle.

and an array of responses (my_responses), each of them is shared with all client threads of the same
client thread group.

Initialization Step. Figure[3.5|describes the initialization functions of Nuddle. initPQ() initial-
izes (i) the underlying data structure using the corresponding function of the base algorithm (line 25),
and (ii) the additional fields of struct nuddle_pq. For this function, programmers need to specify
the number of server threads and the maximum number of client threads to properly allocate cache
lines needed for communication among them. Programmers also specify the size of the client thread
group (line 27), which is typically 7 or 15, if the cache line is 64 or 128 bytes, respectively. As ex-
plained in ffwd [15], assuming 8-byte return values, a dedicated 64-byte (or 128-byte) response cache
line can be shared between up to 7 (or 15) client threads, because it also has to include one additional
toggle bit for each client thread. After initializing struct nuddle_pgq, each running thread calls ei-
ther initClient () or initServer() depending on its role. Each thread initializes its own helper
structure (struct client or struct server) with request and response cache lines of the corre-
sponding shared arrays of struct nuddle_pgq. Server threads undertake client thread groups with
a round-robin fashion, such that the load associated with client threads is balanced among them.
In function ¢nitServer(), it is the programmer’s responsibility to properly pin software server
threads to hardware contexts (line 56), such that server threads are located in the same NUMA node,
and the programmer fully benefits from the Nuddle technique. Moreover, given that client threads
of the same client thread group share the same response cache line, the programmer could pin client
threads of the same client thread group to hardware contexts of the same NUMA node to minimize
cache coherence overheads. Finally, since the request and response arrays of struct nuddle_pq
are shared between all threads, a global lock is used when updating them to ensure mutual exclusion.

Main API. Figure shows the core functions of Nuddle, where we omit the corresponding
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65 struct nuddle_pq =initPQ(int servers, int max.clients) {

66
67
68
69
70
71
72
73
74
75
76
77
78
79 }
80

struct nuddle_pq *pq = allocate_nuddle_pgq(Q);
__base_init(pg->base_pq);

pg->servers = Sservers;
pa->clnt_per_group = client_group(cache_line_size);
pg->groups = (max_clients +

pg->clnt_per_group-1) / pg->clnt_per_group;
pg->server_cnt = 0;

pg->client_cnt = 0;

pa->group_cnt = 0;

pg->requests = malloc(groups * clnt_per_group);
pg->responses = malloc(groups);
init_lock(pg->global_lock);

return pq;

81 struct client =initClient(struct nuddle_pq =pq) {

82
83
84
85
86
87
88
89
90
91
92
93
94 }
95

struct client =*cl = allocate_client();

acquire_lock (pg->global_lock);

cl->request = &(pg->requests[group_cnt][clients_cnt]);

cl->response = &(pg->responses[group_cnt]);

cl->pos = pg->client_cnt;

pg->client_cnt++;

if (pg->client_cnt % pg->clnt_per_group == 0) {
pg->clients_cnt = 0;
pg->group_cnt++;

}
release_lock (pg->global_lock);
return cl;

96 struct server =initServer(struct nuddle_pg =*pq, int core)

97 {
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114 }

set_affinity(core);

struct server =srv = allocate_server();
srv->base_pq = pq->base_pq;
srv->my_groups = 0;

srv->clnt_per_group = pgq->clnt_per_group;
acquire_lock(pg->global_lock);

int j = 0;
for(i = 0; i < pg->groups; i++)
if(i % pg->servers == pg->server_cnt) {
srv->my_clients[j] = pg->requests[i][0..gr_clnt];
srv->my_responses[j++] = pg->responses[i];
Srv->my_groups++;
}

pg->server_cnt++;
release_lock(pg->global_lock);
return srv;

Figure 3.5: Initialization functions of Nuddle.

functions for deleteMin operation, since they are very similar to that of insert operation. Both insert

and deleteMin operations of Nuddle have similar API with the classic API of prior state-of-the-art

priority queue implementations [13,/59,77,78]. However, we separate the corresponding functions

for client threads and server threads. A client thread writes its request to a dedicated request cache
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line (line 75) and then waits for the server thread’s response. In contrast, a server thread directly
executes operations in the data structure using the core functions of the base algorithm (line 82).
Moreover, a server thread can serve client threads using the serve_requests() function. A server
thread iterates over its own client thread groups and executes the requested operations in the data
structure. The server thread buffers individual return values for clients to a local cache line (resp
in lines 92 and 94) until it finishes processing all requests for the current client thread group. Then,
it writes all responses to the shared response cache line of that client thread group (line 96), and

proceeds to its next client thread group.

115 int insert_client(struct client =cl, int key, int64t value)

116 {

117 cl->request = write_req("insert", key, value);
118 while (cl->response[cl->pos] == 0) ;

119 return cl->response[cl->pos];

120 }

121

122 int insert_server (struct server =*srv, int key, int64t value)
123 {

124 return __base_insrt(srv->base_pq, key, value);
125 }

126

127 void serve_requests(struct server =srv) {
128 for(i = 0; i < srv->mygroups; i++) {

129 cache_line resp;

130 for(j = 0; j < srv->clnt_per_group; j++) {

131 key = srv->my_clients[i][j].key;

132 value = srv->my_clients[i][j].value;

133 if (srv->my_clients[i][j].op == "insert")

134 resp[j] = __base_insrt(srv->base_pqg, key, value);
135 else if (srv->my_clients[i][j].op == "deleteMin")
136 resp[j] = __base_delMin(srv->base_pq);

137 }

138 srv->my_responses[i] = resp;

139}

140 }

Figure 3.6: Functions used by server threads and client threads to perform operations using Nuddle.

3.3 SmartPQ

We propose SmartPQ, an adaptive concurrent priority queue which tunes itself by dynamically switch-
ing between NUMA-oblivious and NUMA-aware algorithmic modes, in order to perform best in all
contention workloads and at any point in time, even when contention varies over time.

Designing an adaptive priority queue involves addressing two major challenges: (i) how to switch
from one algorithmic mode to the other with low overhead, and (ii) when to switch from one algorith-
mic mode to the other.

To address the first challenge, we exploit the fact that the actual underlying implementation of
Nuddle is a concurrent NUMA-oblivious implementation. We select Nuddle, as the NUMA-aware
algorithmic mode of SmartPQ, and its underlying base algorithm, as the NUMA-oblivious algorithmic
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mode of SmartPQ. Threads can perform operations in the data structure using either Nuddle or its
underlying base algorithm, with no actual change in the way data is accessed. As a result, SmartPQ
can switch between the two algorithmic modes without needing a synchronization point between
transitions, and without violating correctness.

To address the second challenge, we design a simple decision tree classifier (Section , and
train it to select the best-performing algorithmic mode between Nuddle, as the NUMA-aware algorith-
mic mode of SmartPQ, and its underlying base algorithm, as the NUMA-oblivious mode of SmartPQ.
Finally, we add a lightweight decision-making mechanism in SmartPQ (Section 3.3.2) to dynamically

tune itself over time between the two algorithmic modes. We describe more details in next sections.

3.3.1 Selecting the Algorithmic Mode

The Need for a Machine Learning Approach

Selecting the best-performing algorithmic mode can be solved in various ways. For instance, one
could take an empirical exhaustive approach: measure the throughput achieved by the two algorith-
mic modes for all various contention scenarios on the target NUMA system, and then use the algo-
rithmic mode that achieves the highest throughput on future runs of the same contention workload
on the target NUMA system. Even though this is the most accurate method, it (i) incurs substan-
tial overhead and effort to sweep over all various contention workloads, and (ii) would need a large
amount of memory to store the best-performing algorithmic mode for all various scenarios. Fur-
thermore, it is not trivial to construct a statistical model to predict the best-performing algorithmic
mode, since the performance of an algorithm is also affected by the characteristics of the underlying
computing platform. Figure [3.7| summarizes these observations by comparing Nuddle with its un-
derlying base algorithm in a 4-node NUMA system. For the base algorithm, we use alistarh_herlihy
priority queue [[13|[14], since this is the NUMA-oblivious implementation that achieves the highest

performance, according to our evaluation (Section [3.4).

Initial Size = 10K, Key Range = 1M Initial Size = 100K, Number of Threads = 50
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(a) Varying the number of threads. (b) Varying the key range.

Figure 3.7: Throughput achieved by Nuddle (using 8 server threads) and its underlying NUMA-
oblivious base algorithm, i.e., alistarh_herlihy , when we vary (a) the number of threads that
perform operations in the shared data structure, and (b) the key range of the workload.

Figure demonstrates that the best-performing algorithmic mode depends on multiple pa-
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rameters, such as the number of threads that perform operations in the shared data structure, the
size of the data structure, the operation workload, i.e., the percentage of insert/deleteMin opera-
tions. Specifically, when the number of threads increases, we may expect that the performance of
the NUMA-oblivious alistarh_herlihy degrades due to higher contention. In contrast, with 80% insert
operations when increasing the number of threads to 29, alistarh_herlihy outperforms Nuddle. This is
because the size of the priority queue and the range of keys used in the workload are relatively large,
while the percentage of deleteMin operations is low. In this scenario, threads may not compete for
the same elements, working on different parts of the data structure, and thus, the NUMA-oblivious
alistarh_herlihy achieves higher throughput compared to the NUMA-aware Nuddle.

Figure[3.7b demonstrates that the best-performing algorithmic mode cannot be straightforwardly
predicted, and also depends on the characteristics of underlying hardware [4]. In insert-dominated
workloads, as the key range increases, threads may update different parts of the shared data structure.
We might, thus, expect that after a certain point of increasing the key range, the NUMA-oblivious
alistarh_herlihy will always outperform Nuddle, since the contention decreases. However, we note
that, even though the performance of Nuddle remains constant, as expected, the performance of al-
istarh_herlihy highly varies as the key range increases due to the hyperthreading effect. When using
more than 32 threads, hyperthreading is enabled in our NUMA system (Section[3.4). The hyperthread-
ing pair of threads shares the L1 and L2 caches, and thus, these threads may either thrash or benefit
from each other depending on the characteristics of L1 and L2 caches (e.g., size, eviction policy), and
the elements accessed in each operation.

Considering the aforementioned non-straightforward behavior, we resort to a machine learning

approach as the basis of our prediction mechanism.

Decision Tree Classifier

We formulate the selection of the algorithmic mode as a classification problem, and leverage super-
vised learning techniques to train a simple classifier to predict the best-performing algorithmic mode
for each contention workload. For our classifier, we select decision trees, since they are commonly
used in classification models for multithreaded workloads [88,/96-99,450-452], and incur low train-
ing and inference overhead. Moreover, they are easy to interpret and thus, be incorporated to our
proposed priority queue (Section[3.3.2). We generate the decision tree classifier using the scikit-learn
machine learning toolkit [453].

1) Class Definition: We define the following classes: (a) the NUMA-oblivious class that stands
for the NUMA-oblivious algorithmic mode, (b) the NUMA-aware class that stands for the NUMA-
aware algorithmic mode, and (c) the neutral class that stands for a tie, meaning that either a NUMA-
aware or a NUMA-oblivious implementation can be selected, since they achieve similar performance.
We include a neutral class for two reasons: (i) when using only one socket of a NUMA system, NUMA-
aware implementations deliver similar throughput with NUMA-oblivious implementations, and (ii)
in an adaptive data structure, which dynamically switches between the two algorithmic modes, we

want to configure a transition from one algorithmic mode to another to occur when the difference
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Feature Definition

The number of active threads

#Threads .

that perform operations in the data structure
Size The current size of the priority queue
Key_range The range of keys used in the workload

% insert/deleteMin The percentage of insert/deleteMin operations

Table 3.1: The features of the contention workload which are used for classification.

in their throughput is relatively high, i.e., greater than a certain threshold. Otherwise, the adaptive
data structure might continuously oscillate between the two modes, without delivering significant
performance improvements or even causing performance degradation.

2) Extracted Features: Table|3.1|explains the four features of the contention workload which are
used in our classifier targeting priority queues. We assume that the contention workload is known
a priori, and thus, we can easily extract the features needed for classification. Section discusses
how to on-the-fly extract these features.

3) Generation of Training Data: To train our classifier, we develop microbenchmarks, in which
threads repeatedly execute random operations on the priority queue for 5 seconds. We select Nuddle,
as the NUMA-aware implementation, and alistarh_herlihy, as its underlying NUMA-oblivious imple-
mentation, since this is the best-performing NUMA-oblivious priority queue (Section [3.4). We use a
variety of values for the features needed for classification (Table [3.1). Our training data set consists
of 5525 different contention workloads. Finally, we pin software threads to hardware contexts of the
evaluated NUMA system in a round-robin fashion, and thus, the classifier is trained with this thread
placement. We leave the exploration of the thread placement policy for future work.

4) Labeling of Training Data: Regarding the labeling of our training data set, we set the thresh-
old for tie between the two algorithmic modes to an empirical value of 1.5 Million operations per
second. When the difference in throughput between the two algorithmic modes is less than this
threshold, the neutral class is selected as label. Otherwise, we select the class that corresponds to the
algorithmic mode that achieves the highest throughput.

The final decision tree classifier has only 180 nodes, half of which are leaves. It has a very low
depth of 8, that is the length of the longest path in the tree, and thus, a very low traversal cost (2-4

ms in our evaluated NUMA system).

3.3.2 Implementation Details

Figure [3.8| presents the modified code of Nuddle adding the decision-making mechanism (using
green color) to implement SmartPQ. We extend the main structure of Nuddle, renamed to struct
smartpq, by adding an additional field, called algo, to keep track the current algorithmic mode,
(either NUMA-oblivious or NUMA-aware). Similarly, struct client and struct server struc-
tures are extended with an additional algo field (e.g., line 111), which is a pointer to the algo

field of struct smartpq. Each active thread initializes this pointer either in ¢nitClient () or
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141 struct smartpq {

142 nm oblv_set x*base_pq;

143 int servers, groups, clnt_per_group;

144 int server_cnt, clients_cnt, group_cnt;

145 cache_line =»requests[groups][clnt_per_group];
146 cache_line =*responses[groups];

147 lock xglobal_lock;

148 int *algo; // 1: NUMA-oblivious (default), 2: NUMA-aware
149 };

150

151 struct client {

152 nm_oblv_set *base_pq;

153 int *algo;

154 cache_line =*request, *response;

155 int clnt_pos;

156 };

157

158 struct client =initClient(struct smartpq #pq) {
159 ... lines 40-49 of Fig. 5

160 cl->base_pq = pg->base_pq;

161 cl->algo = &(pg->algo);

162 release_lock (pg->global_lock);

163 return cl;

164 }

165

166 int insert_client(struct client =cl, int key, float value) {
167 if(*(cl-»algo) == 1) {

168 return _base_insert(cl->base_pq,key,value);
¢ 169 } else { // *(cl->algo) ==

170 ... lines 75-77 of Fig. 6

171}

172 '}

173

174 void serve_requests(struct server =srv) {
175  if(*(srv->algo) == 2){

176 for(i = 0; i < srv->mygroups; i++) {

177 cache_line resp;

178 for(j = 0; j < srv->clnt_per_group; j++) {

179 key = srv->my_clients[i][j].key;

180 value = srv->my_clients[i][j].value;

181 if (srv->my_clients[i][j].op == "insert")

182 resp[j] = _base insrt(srv->base_pq, key, value);
183 else if (srv->my_clients[i][j].op == "deleteMin")
184 resp[j] = __base_delMin(srv->base_pq);

185 }

186 srv->my_responses[i] = resp;

187 }

188  } else

189 return;

190 }

191

192 void decisionTree(struct server struct client =str, int nthreads,
int size, int key_range, double insert)\._deleteMin) {
193 int algo = 0;

194 ... code for decision tree classifier ...
195 if (algo '=0) // 0: neutral

196 *(str->algo) = algo;

197 }

Figure 3.8: The modified code of Nuddle with the decision-making mechanism to implement SmartPQ.
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initServer() depending on its role (e.g., line 119). This way, all threads share the same algorith-
mic mode at any point in time. In struct client, we also add a pointer to the shared data struc-
ture (line 110), which is used by client threads to directly perform operations in the data structure
in case of NUMA-oblivious mode. Specifically, we modify the core functions of client threads, i.e.,
insert_client () and deleteMin_client (), such that client threads either directly execute their
operations in the data structure (e.g., line 126), or delegate them to server threads (e.g., line 127-128),
with respect to the current algorithmic mode. In contrast, the core functions of server threads do
not need any modification. Finally, we wrap the code of serve_requests function, i.e., the lines
86-97 of Figure [3.6] with an if/else statement on the algo field (lines 133, 146 in Fig. [3.8), such that
server threads poll at client threads’ requests only in NUMA-aware mode. In NUMA-oblivious mode,
serve_requests function returns without doing nothing. This way, programmers do not need to
take care of calls on this function in their code, when the NUMA-oblivious mode is selected.

The decisionTree () function describes the interface with our proposed decision tree classifier,
where the input arguments are associated with its features. In frequent time lapses, one or more
threads may call this function to check if a transition to another algorithmic mode is needed. If this is
the case, the algo field of struct smartpq is updated (line 154 in Fig.[3.8), and SmartPQ switches
algorithmic mode, i.e., all active threads start executing their operations using the new algorithmic
mode. If the classifier predicts the neutral class (line 153), the algo field is not updated, and thus

SmartPQ remains at the currently selected algorithmic mode.

3.4 Experimental Evaluation

In our experimental evaluation, we use a 4-socket Intel Sandy Bridge-EP server equipped with 8-core

Intel Xeon CPU E5-4620 processors providing a total of 32 physical cores and 64 hardware contexts.

The processor runs at 2.2GHz and each physical core has its own L1 and L2 cache of sizes 64KB and

256KB, respectively. A 16 MB L3 cache is shared by all cores in a NUMA socket and the RAM is 256GB.

We use GCC 4.9.2 with -O3 optimization flag enabled to compile all implementations.

Our evaluation includes the following concurrent priority queue implementations:

— alistarh_fraser [[13,/70]: A NUMA-oblivious, relaxed priority queue [13] based on Fraser’s skip-
list [70] available at ASCYLIB library [443].

— alistarh_herlihy [13]/14]: A NUMA-oblivious, relaxed priority queue [13] based on Herlihy’s skip-
list [14] available at ASCYLIB library [443].

— lotan_shavit [[77]: A NUMA-oblivious priority queue available at ASCYLIB library [443]].

- ffwd [15]: A NUMA-aware priority queue based on the delegation technique [81-85]], which in-
cludes only one server thread to perform operations on behalf of all client threads.

— Nuddle: Our proposed NUMA-aware priority queue, which uses alistarh_herlihy as the underlying
base algorithm.

— SmartPQ: Our proposed adaptive priority queue, which uses Nuddle as the NUMA-aware mode,
and alistarh_herlihy as the NUMA-oblivious base algorithm.

We evaluate the concurrent priority queue implementations in the following way:



98 Chapter 3

— Each execution lasts 5 seconds, during which each thread performs randomly chosen operations.
We also tried longer durations and got similar results.

- Between consecutive operations in the data structure each thread executes a delay loop of 25 pause
instructions. This delay is intentionally added in our benchmarks to better simulate a real-life
application, where operations in the data structure are intermingled with other instructions in the
application.

— At the beginning of each run, the priority queue is initialized with elements the number of which
is described at each figure.

— Each software thread is pinned to a hardware context. Hyperthreading is enabled when using
more than 32 software threads. When exceeding the number of available hardware contexts of the
system, we oversubscribe software threads to hardware contexts.

— We pin the first 8 threads to the first NUMA node, and consecutive client thread groups of 7 client
threads each, to NUMA nodes in a round-robin fashion.

- In NUMA-oblivious implementations, any allocation needed in the operation is executed on de-
mand, and memory affinity is determined by the first touch policy.

— In NUMA-aware implementations, since our NUMA system has 64-byte cache lines, the response
cache line is shared between up to 7 client threads, using 8-byte return values.

— In Nuddle, the first 8 threads represent server threads. Server threads repeatedly execute the
serve_requests function, and then a randomly chosen operation until time is up.

— We have disabled the automatic Linux Balancing [454] to get consistent and stable results.

— All reported results are the average of 10 independent executions with no significant variance.

3.4.1 Throughput of Nuddle

Figure [3.9| presents the throughput achieved by concurrent priority queue implementations for var-
ious sizes and operation workloads. NUMA-aware priority queue implementations, i.e., ffwd and
Nuddle, achieve high throughput in deleteMin-dominated workloads: Nuddle performs best in all
deleteMin-dominated workloads, while ffwd outperforms NUMA-oblivious implementations in the
small-sized priority queues (e.g., 100K elements). In large-sized priority queues, insert operations
have a larger impact on the total execution time (due to a longer traversal), and thus Nuddle and
NUMA-oblivious implementations perform better than ffwd, since they provide higher thread-level
parallelism. Note that ffwd has single-threaded performance, since at any point in time only one
(server) thread performs operations in the data structure. Moreover, as it is expected, the perfor-
mance of both ffwd and Nuddle saturates at the number of server threads used (e.g., 8 server threads
for Nuddle) to perform operations in the data structure. Finally, we note that the communication
between server and client threads used in NUMA-aware implementations has negligible overhead;
when the number of client threads increases, even though the communication traffic over the in-
terconnect increases, there is no performance drop. Overall, we conclude that Nuddle achieves the
highest throughput in all deleteMin-dominated workloads, and is the most efficient NUMA-aware

approach, since it provides high thread-level parallelism.
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Figure 3.9: Throughput of concurrent priority queue implementations. The columns show different
priority queue sizes using the key range of double the elements of each size. The rows show different
operation workloads. The vertical line in each plot shows the point after which we oversubscribe
software threads to hardware contexts.

On the other hand, NUMA-oblivious implementations incur high performance degradation in
high-contention scenarios, such as deleteMin-dominated workloads, when using more than one NUMA
node (i.e., after 8 threads). As already discussed in prior works [5,16,83l455-457], the non-uniformity
in memory accesses and cache line invalidation traffic significantly affects performance in high-
contention scenarios. In insert-dominated workloads, which incur lower contention, even though
lotan_shavit priority queue still incurs performance degradation when using more than one NUMA
nodes of the system, the relaxed NUMA-oblivious implementations, i.e., alistarh_fraser and alis-
tarh_herlihy priority queues, achieve high scalability. This is because relaxed priority queues decrease
both (i) the contention among threads, and (ii) the cache line invalidation traffic: the deleteMin op-
eration returns (with a high probability) an element among the first few (high-priority) elements of
the queue, and thus, threads do not frequently compete for the same elements. Finally, we observe
that alistarh_herlihy priority queue achieves higher performance benefits over alistarh_fraser prior-
ity queue, when we oversubscribe software threads to the available hardware contexts of our system.
Overall, we find that in insert-dominated workloads, the relaxed NUMA-oblivious implementations

significantly outperform the NUMA-aware ones.

To sum up, we conclude that there is no one-size-fits-all solution, since none of the priority queues

performs best across all contention workloads. Nuddle achieves the highest throughput in high con-
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tention scenarios, while alistarh_herlihy performs best in low and medium contention scenarios. It
is thus desirable to design a new approach for a concurrent priority queue to perform best under all

various contention scenarios.

3.4.2 Throughput of SmartPQ

Classifier Accuracy

We evaluate the efficiency of our proposed classifier (Section using two metrics: (i) accuracy,
and (ii) misprediction cost. First, we define the accuracy of the classifier as the percentage of correct
predictions, where a prediction is considered correct, if the classifier predicts the algorithmic mode
(either the NUMA-aware Nuddle or the NUMA-oblivious alistarh_herlihy) that achieves the best per-
formance between the two. We use a test set of 10780 different contention workloads, where we ran-
domly select the values of the features in each workload. In the above test set, our classifier has 87.9%
accuracy, i.e., it mispredicts 1300 times in 10780 different contention workloads. Second, we define
the misprediction cost as the performance difference between the correct (best-performing) algorith-
mic mode and the wrong predicted mode, normalized to the performance of the wrong predicted
mode. Specifically, assuming the throughput of the wrong predicted and correct (best-performing)
algorithmic mode is Y and X respectively, the misprediction cost is defined as ((X —Y)/Y") x 100%.
In 1300 mispredicted workloads, the geometric mean of misprediction cost for our classifier is 30.2%.
We conclude that the proposed classifier has high accuracy, and in case of misprediction, incurs low

performance degradation.

Varying the Contention Workload

We present the performance benefit of SmartPQ in synthetic benchmarks, in which we vary the
contention workload over time, and compare it with Nuddle and its underlying base algorithm, i.e.,
alistarh_herlihy priority queue. In all benchmarks, we change the contention workload every 25
seconds. In SmartPQ, we set one dedicated sever thread to call the decision tree classifier every second,
in order to check if a transition to another algorithmic mode is needed. Figure and Figure [3.11]
show the throughput achieved by all three schemes, when we vary one and multiple features in the
contention workload, respectively. Table[3.2|and Table [3.3|show the features of the workload as they
vary during the execution for the benchmarks evaluated in Figure and Figure respectively.
Note that the current size of the priority queue changes during the execution due to successful insert
and deleteMin operations.

We make three observations. First, as already shown in Section there is no one-size-fits-
all solution, since neither Nuddle nor alistarh_herlihy performs best across all various contention
workloads. For instance, in Figure even though the performance of Nuddle remains constant,
it outperforms alistarh_herlihy, when having 15 running threads, i.e., using 2 NUMA nodes of the
system. Second, we observe that SmartPQ successfully adapts to the best-performing algorithmic

mode, and performs best in all contention scenarios. In Figure[3.11] even when multiple features in the
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Time (sec) Current Size Key Range Number of Threads Insert- DeleteMin (%)

0 1149 100K 50 75-25
25 812 2K 50 75-25
50 485 1M 50 75-25
75 2860 10K 50 75-25

100 2256 50M 50 75-25

(a) Varying the key range in the workload.

Time (sec) Current Size Key Range Number of Threads Insert- DeleteMin (%)

0 1166 20M 57 65-35
25 15567 20M 29 65-35
50 15417 20M 15 65-35
75 15297 20M 43 65-35

100 15346 20M 15 65-35

(b) Varying the number of threads that perform operations in the data structure.

Time (sec) Current Size Key Range Number of Threads Insert - DeleteMin (%)

0 M 5M 22 50-50
25 140 5M 22 100-0
50 7403 5M 22 30-70
75 962 5M 22 100-0

100 8236 5M 22 0-100

(c) Varying the percentage of insert/deleteMin operations.

Table 3.2: Features of the contention workload for benchmarks evaluated in Figure We use bold
font on the features that change in each execution phase.
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Figure 3.10: Throughput achieved by SmartPQ, Nuddle and its underlying base algorithm (alis-
tarh_herlihy), in synthetic benchmarks, in which we vary a) the key range, b) the number of threads
that perform operations in the data structure, and c) the percentage of insert/deleteMin operations in
the workload.

contention workload vary during the execution, SmartPQ outperforms alistarh_herlihy and Nuddle
by 1.87x and 1.38 X on average, respectively. Note that any of the contention workloads evaluated in
Figures and belongs in the training data set used for training our classifier. Third, we note

that the decision-making mechanism of SmartPQ has very low performance overheads. Across all
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evaluated benchmarks, SmartPQ achieves only up to 5.3% performance slowdown (i.e., when using a
range of 50M keys in Figure over the corresponding baseline implementation (alistarh_herlihy
priority queue). Note that since the proposed decision tree classifier has very low traversal cost
(Section , we intentionally set a frequent time interval (i.e., one second) for calling the classifier,
such that SmartPQ detects the contention workload change on time, and quickly adapts itself to the
best-performing algorithmic mode. We also tried large time intervals, and observed that SmartPQ
slightly delays to detect the contention workload change, thus achieving lower throughput in the

transition points.

Overall, we conclude that SmartPQ performs best across all contention workloads and at any
point in time, and incurs negligible performance overheads over the corresponding baseline imple-

mentation.

Time (sec) Current Size Key Range Number of Threads Insert - DeleteMin (%)

0 M 10M 57 50-50
25 26 10M 36 70-30
50 12 20M 36 50-50
75 79 20M 36 80-20

100 29K 20M 50 80-20
125 319K 100M 50 50-50
150 13 100M 57 50-50
175 524K 100M 22 100-0
200 524K 100M 22 50-50
225 1142 100M 22 50-50
250 463 200M 57 0-100
275 253 200M 57 100-0
300 33K 20M 57 0-100
325 142 20M 29 80-20
350 25K 20M 29 50-50

Table 3.3: Features of the contention workload for benchmarks evaluated in Figure We use bold
font on the features that change in each execution phase.
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Figure 3.11: Throughput achieved by SmartPQ, Nuddle and its underlying base algorithm (alis-

tarh_herlihy), in synthetic benchmarks, in which we vary multiple features in the contention work-
load.



Chapter 3 103

3.5 Discussion and Future Work

In Section we assume that the contention workload is known a priori to extract the features
needed for classification. To on-the-fly extract these features, and dynamically detect when con-
tention changes, the main structure of SmartPQ, i.e., struct smartpq, needs to be enriched with
additional fields to keep track of workload statistics (e.g., the number of completed insert/deleteMin
operations, the number of active threads that perform operations on the data structure, the minimum
and/or maximum key that has been requested so far). Active threads that perform operations on the
data structure could atomically update these statistics. In frequent time lapses, either a background
thread or an active thread could extract the features needed for classification based on the work-
load statistics, and call the classifier to predict if a transition to another algorithmic mode is needed.
Finally, an additional parameter could be also added in SmartPQ to configure how often to collect
workload statistics.

In our experimental evaluation, we pin server threads on a single NUMA node and client threads
on all nodes. We have chosen to do so (i) for simplicity, given that this approach fits well with our
microbenchmark-based evaluation, and (ii) because this is par with prior works on concurrent data
structures [13,15,|59,161,67,74,|76, 86,334, 442, 443, 447, 458-461]]. In a real-world scenario, where
SmartPQ is used as a part of a high-level application, client threads do not need to be pinned in
hardware contexts, and they can be allowed to run in any core of the system. However, for our
approach to be meaningful server threads need to be limited on a single NUMA node. This can easily
be done by creating the server threads when SmartPQ is initialized, and pinning them to hardware
contexts that are located at the same NUMA node. In this case, server threads are background threads
that only accept and serve requests from various client threads, which are part of the high-level
application.

Finally, even though we focus on a microbenchmark-based evaluation to cover a wide variety
of contention scenarios, it is one of our future directions to explore the efficiency of SmartPQ in
real-world applications, such as web servers [462,|463|], graph traversal applications [59,359] and
scheduling in operating systems [464]]. As future work, we also aim to investigate the applicability of
our approach in other data structures, that may have similar behavior with priority queues (e.g., skip
lists, search trees), and extend our proposed classifier (e.g., adding more features) to cover a variety

of NUMA CPU-centric systems with different architectural characteristics.

3.6 Recommendations

Recommendation. Design adaptive parallel algorithms and concurrent data structures that on-the-fly
adjust their parallelization approach and synchronization scheme depending on the dynamic workload
demands and contention.

Our work demonstrates (Figures|3.1|and that there is no one-size-fits-all algorithmic mode (be-
tween NUMA-oblivious and NUMA-aware) for a concurrent priority queue in modern computing

systems: the best-performing algorithmic mode depends on multiple characteristics, including the
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contention/operation workload, the size of the data structure and the underlying hardware plat-
form [4]. Such characteristics can dynamically change during runtime, when performing various
operations (e.g., insert, deleteMin) in the data structures used. Therefore, we conclude that to achieve
high system performance in real-world scenarios, we need to dynamically tune the configuration of
parallel kernels based on the characteristics of the current load at each time. To this end, we recom-
mend that software designers propose adaptive parallel algorithms and concurrent data structures
that dynamically adjust their parallelization technique and synchronization approach depending on
the dynamic contention and workload demands. For example, machine learning, dynamic profiling

and statistical approaches [4,298l/465] could be integrated in parallel kernels to improve performance.

3.7 Related Work

To our knowledge, this is the first work to propose an adaptive priority queue for NUMA systems,
which performs best under all various contention workloads, and even when contention varies over
time. We briefly discuss prior work.

Concurrent Priority Queues. A large corpus of work proposes concurrent algorithms for pri-
ority queues [13,59-68,77,78]], or generally for skip lists [[14,|6976]]. Recent works [77,78] designed
lock-free priority queues that separate the logical and the physical deletion of an element to increase
parallelism. Alistarh et al. [13]] design a relaxed priority queue, called SprayList, in which deleteMin
operation returns with a high probability, an element among the first O(plog 3p) elements of the
priority queue, where p is the number of threads. Sagonas et al [[67] design a contention avoiding
technique, in which deleteMin operation returns the highest-priority element of the priority queue
under low contention, while it enables relaxed semantics when high contention is detected. Specif-
ically, under high-contention a few deleteMin operations are queued, and later several elements are
deleted from the head of the queue at once via a combined deletion operation. Heidarshenas et al. [364]
design a novel architecture for relaxed priority queues. These prior approaches are NUMA-oblivious
implementations. Thus, in NUMA systems, they incur significant performance degradation in high-
contention scenarios (e.g., deleteMin-dominated workloads in Section . In contrast, Calciu et
al. [61] propose a NUMA-friendly priority queue employing the combining and elimination tech-
niques. Elimination allows the complementary operations, i.e., insert with deleteMin, to complete
without updating the data structure, while combining is a technique similar to the delegation tech-
nique [81-85]] of Nuddle and ffwd [15]. Finally, Daly et al. [442] propose an efficient technique to
obtain NUMA-aware skip lists, which however, can only be applied to skip list-based data structures.
In contrast, Nuddle is a generic technique to obtain NUMA-aware data structures.

Black-Box Approaches. Researchers have also proposed black-box approaches: any data struc-
ture can be made wait-free or NUMA-aware without effort or knowledge on parallel programming or
NUMA architectures. Herlihy [466] provides a universal method to design wait-free implementations
of any sequential object. However, this method remains impractical due to high overheads. Hendler
et al. [79] propose flat combining; a technique to reduce synchronization overheads by executing mul-

tiple client threads’ requests at once. Despite significant improvements [[80], this technique provides
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high performance only for a few data structures (e.g., synchronous queues). ffwd [15] is black-box ap-
proach, which uses the delegation technique [81-85] to eliminate cache line invalidation traffic over
the interconnect. However, ffwd is limited to single threaded performance. Calciu et al. [86] propose
a black-box technique, named Node Replication, to obtain concurrent NUMA-aware data structures.
In Node Replication, every NUMA node has replicas of the shared data structure, which are syn-
chronized via a shared log. Even though ffwd and Node Replication are generic techniques to obtain
NUMA-aware data structures, similarly to Nuddle, both of them use a serial asynchronized implemen-
tation as the underlying base algorithm. Therefore, if they are used as the NUMA-aware algorithmic
mode in an adaptive data structure, which dynamically tunes itself between a NUMA-oblivious and
a NUMA-aware mode, both ffwd and Node Replication need a synchronization point between tran-
sitions to ensure correctness. Consequently, they would incur high performance overheads, when
transitions between algorithmic modes happen at a non-negligible frequency.

Machine Learning in Data Structures. Even though machine learning is widely used to im-
prove performance in many emerging applications [88-100], there are a handful of works [87,/101]]
that leverage machine learning to design highly-efficient concurrent data structures. Recently, Eastep
et al. [[101] use reinforcement learning to on-the-fly tune a parameter in the flat combining tech-
nique [79,/80], which is used in skip lists and priority queues. Kraska et al. [87] demonstrate that
machine learning models can be trained to predict the position or existence of elements in key-value
lookup sets, and discuss under which conditions learned index models can outperform the traditional

indexed data structures (e.g., B-trees).

3.8 Summary

We propose SmartPQ, an adaptive concurrent priority queue for NUMA architectures, which performs
best under all various contention scenarios, and even when contention varies over time. SmartPQ has
two key components. First, it is built on top of Nuddle; a generic low-overhead technique to obtain
efficient NUMA-aware data structures using any concurrent NUMA-oblivious implementation as its
backbone. Second, SmartPQ integrates a lightweight decision-making mechanism, which is based
on a simple decision tree classifier, to decide when to switch between Nuddle, i.e., a NUMA-aware
algorithmic mode, and its underlying base algorithm, i.e., a NUMA-oblivious algorithmic mode. Our
evaluation over a wide range of contention scenarios demonstrates that SmartPQ switches between
the two algorithmic modes with negligible overheads, and significantly outperforms prior schemes,
even when contention varies over time. We conclude that SmartPQ is an efficient concurrent priority
queue for NUMA systems, and hope that this work encourages further study on adaptive concurrent

data structures for NUMA architectures.
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CHAPTER 4

SynCron

4.1 Overview

Recent advances in 3D-stacked memories [467-472]] have renewed interest in Near-Data Process-
ing (NDP) [32,36,268,(473]. NDP involves performing computation close to where the applica-
tion data resides. This alleviates the expensive data movement between processors and memory,
yielding significant performance improvements and energy savings in parallel applications. Plac-
ing low-power cores or special-purpose accelerators (hereafter called NDP cores) close to the mem-
ory dies of high-bandwidth 3D-stacked memories is a commonly-proposed design for NDP sys-
tems [21-25} 2729, 32-37,/158,159,(208} 212,213, |216} 265-267, 366368, 473-477]. Typical NDP ar-
chitectures support several NDP units connected to each other, with each unit comprising multiple
NDP cores close to memory [21}32,34,(35,366-368]. Therefore, NDP architectures provide high levels
of parallelism, low memory access latency, and large aggregate memory bandwidth.

Recent research demonstrates the benefits of NDP for parallel applications, e.g., for genome anal-

ysis [25,127]], graph processing [29,32-37]], databases [28,29], security [214]], pointer-chasing work-
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loads [76}215,|216,369]], and neural networks [21-24]. In general, these applications exhibit high
parallelism, low operational intensity, and relatively low cache locality [161,478-481]], which make
them suitable for NDP.

Prior works discuss the need for efficient synchronization primitives in NDP systems, such as
locks [76369] and barriers [32,34,/35,212]. Synchronization primitives are widely used by multi-
threaded applications [11/4,44,85.(217,482-486]], and must be carefully designed to fit the underlying
hardware requirements to achieve high performance. Therefore, to fully leverage the benefits of NDP
for parallel applications, an effective synchronization solution for NDP systems is necessary.

Approaches to support synchronization are typically of two types [487,/488]]. First, synchroniza-
tion primitives can be built through shared memory, most commonly using the atomic read-modify-
write (rmw) operations provided by hardware. In CPU systems, atomic rmw operations are typically
implemented upon the underlying hardware cache coherence protocols, but many NDP systems do
not support hardware cache coherence (e.g., [32,34,|35,|159,367]]). In GPUs and Massively Paral-
lel Processing systems (MPPs), atomic rmw operations can be implemented in dedicated hardware
atomic units, known as remote atomics. However, synchronization using remote atomics has been
shown to be inefficient, since sending every update to a fixed location creates high global traffic
and hotspots [[153,(370,371,/381,382]. Second, synchronization can be implemented via a message-
passing scheme, where cores exchange messages to reach an agreement. Some recent NDP works
(e.g., [32,35}212,385]]) propose message-passing barrier primitives among NDP cores of the system.
However, these synchronization schemes are still inefficient, as we demonstrate in Section and
also lack support for lock, semaphore and condition variable synchronization primitives.

Hardware synchronization techniques that do not rely on hardware coherence protocols and
atomic rmw operations have been proposed for multicore systems [299-301,303-305,307,308]]. How-
ever, such synchronization schemes are tailored for the specific architecture of each system, and are
not efficient or suitable for NDP systems (Section [4.8). For instance, CM5 [308] provides a barrier
primitive via a dedicated physical network, which would incur high hardware cost to be supported
in large-scale NDP systems. LCU [307]] adds a control unit to each CPU core and a buffer to each
memory controller, which would also incur high cost to implement in area-constrained NDP cores
and controllers. SSB [300] includes a small buffer attached to each controller of the last level cache
(LLC) and MiSAR [299]] introduces an accelerator distributed at the LLC. Both schemes are built on
the shared cache level in CPU systems, which most NDP systems do not have. Moreover, in NDP
systems with non-uniform memory access times, most of these prior schemes would incur significant
performance overheads under high-contention scenarios. This is because they are oblivious to the
non-uniformity of NDP, and thus would cause excessive traffic across NDP units of the system upon
contention (Section [4.6.7).

Overall, NDP architectures have several important characteristics that necessitate a new approach
to support efficient synchronization. First, most NDP architectures [21,22,24,28132,/34,35,/76,/158,(159,
208,1212,213,|216,|266,[267,385,473,474] lack shared caches that can enable low-cost communication
and synchronization among NDP cores of the system. Second, hardware cache coherence protocols
are typically not supported in NDP systems [21-24,28,32,34}135,/761/158,208,(212,213},216,266,385,(474]],
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due to high area and traffic overheads associated with such protocols [159,[367]]. Third, NDP systems
are non-uniform, distributed architectures, in which inter-unit communication is more expensive

(both in performance and energy) than intra-unit communication [28,29,32,34,35}37.[212.366].

In this work, we present SynCron, an efficient synchronization mechanism for NDP architectures.
SynCron is designed to achieve the goals of performance, cost, programming ease, and generality to
cover a wide range of synchronization primitives through four key techniques. First, we offload syn-
chronization among NDP cores to dedicated low-cost hardware units, called Synchronization Engines
(SEs). This approach avoids the need for complex coherence protocols and expensive rmw operations,
at low hardware cost. Second, we directly buffer the synchronization variables in a specialized cache
memory structure to avoid costly memory accesses for synchronization. Third, SynCron coordinates
synchronization with a hierarchical message-passing scheme: NDP cores only communicate with
their local SE that is located in the same NDP unit. At the next level of communication, all local SEs
of the system’s NDP units communicate with each other to coordinate synchronization at a global
level. Via its hierarchical communication protocol, SynCron significantly reduces synchronization
traffic across NDP units under high-contention scenarios. Fourth, when applications with frequent
synchronization oversubscribe the hardware synchronization resources, SynCron uses an efficient
and programmer-transparent overflow management scheme that avoids costly fallback solutions and

minimizes overheads.

We evaluate SynCron using a wide range of parallel workloads including pointer-chasing, graph
applications, and time series analysis. Over prior approaches (similar to [32,212]), SynCron improves
performance by 1.27x on average (up to 1.78x) under high-contention scenarios, and by 1.35x on
average (up to 2.29x) under low-contention scenarios. In real applications with fine-grained syn-
chronization, SynCron comes within 9.5% of the performance and 6.2% of the energy of an ideal
zero-overhead synchronization mechanism. Our proposed hardware unit incurs very modest area
and power overheads (Section[4.6.8) when integrated into the compute die of an NDP unit.

The main contributions of this work are:

« We investigate the challenges of providing efficient synchronization in Near-Data-Processing

architectures, and propose an end-to-end mechanism, SynCron, for such systems.

« We design low-cost synchronization units that coordinate synchronization across NDP cores,
and directly buffer synchronization variables to avoid costly memory accesses to them. We pro-
pose an efficient message-passing synchronization approach that organizes the process hierar-
chically, and provide a hardware-only programmer-transparent overflow management scheme

to alleviate performance overheads when hardware synchronization resources are exceeded.

« We evaluate SynCron using a wide range of parallel workloads and demonstrate that it signif-
icantly outperforms prior approaches both in performance and energy consumption. SynCron

also has low hardware area and power overheads.
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4.2 Background and Motivation

4.2.1 Baseline Architecture

Numerous works [21-23}28}29,[32-37.(7611212,214,216,286,367,[369.[385./489] show the potential ben-
efit of NDP for parallel, irregular applications. These proposals focus on the design of the com-
pute logic that is placed close to or within memory, and in many cases provide special-purpose
near-data accelerators for specific applications. Figure shows the baseline organization of the
NDP architecture we assume in this work, which includes several NDP units connected with each
other via serial interconnection links to share the same physical address space. Each NDP unit in-
cludes the memory arrays and a compute die with multiple low-power programmable cores or fixed-
function accelerators, which we henceforth refer to as NDP cores. NDP cores execute the offloaded
NDP kernel and access the various memory locations across NDP units with non-uniform access
times [28}29,32,34,35,37,367]. We assume that there is no OS running in the NDP system. In our
evaluation, we use programmable in-order NDP cores, each including small private L1 I/D caches.
However, SynCron can be used with any programmable, fixed-function or reconfigurable NDP ac-
celerator. We assume software-assisted cache-coherence (provided by the operating system or the
programmer), similar to [212,367]]: data can be either thread-private, shared read-only, or shared
read-write. Thread-private and shared read-only data can be cached by NDP cores, while shared

read-write data is uncacheable.

NDP NDP Unit
Architecture Y g N

l I I f: Compute Die —
W) NDP Core :
% Memory
I
JI,
| .
|
|
|

NDP Core el
" Arrays

NDP Core [Jjuihiieters uiu L
=/ “Fe

S “\\ y —\
L LN /| (Programmable ) |
Ixzﬁ_IXIN\ ~~~~~~~~~
| | I .
Interconnection Link

el y

—_—_— e, e e ==

Figure 4.1: High-level organization of an NDP architecture.

We focus on three characteristics of NDP architectures that are of particular importance in the
synchronization context. First, NDP architectures typically do not have a shared level of cache mem-
ory [21}22,124,281(32,34,135,|764158}/159,208} 212, 213,216, 266,267, 385,473, /474], since the NDP-suited
workloads usually do not benefit from deep cache hierarchies due to their poor locality [212}367,
478,|481]. Second, NDP architectures do not typically support conventional hardware cache co-
herence protocols [21-24} (28} 32,34,35,76,(158,208,212,213, 216, 266, 385,474], because they would
add area and traffic overheads [159,367], and would incur high complexity and latency [154], limit-
ing the benefits of NDP. Third, communication across NDP units is expensive, because NDP sys-

tems are non-uniform distributed architectures. The energy and performance costs of inter-unit
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communication are typically orders of magnitude greater than the costs of intra-unit communica-
tion [128}[294[32}[34}|35,37, 212,366, and thus inter-unit communication may slow down the execution
of NDP cores [34].

4.2.2 The Solution Space for Synchronization

Approaches to support synchronization are typically either via shared memory or message-passing

schemes.

Synchronization via Shared Memory

In this case, cores coordinate via a consistent view of shared memory locations, using atomic read-
/write operations or atomic read-modify-write (rmw) operations. If rmw operations are not sup-
ported by hardware, Lamport’s bakery algorithm [490] can provide synchronization to N partici-
pating cores, assuming sequential consistency [491]]. However, this scheme scales poorly, as a core
accesses O(N) memory locations at each synchronization retry. In contrast, commodity systems
(CPUs, GPUs, MPPs) typically support rmw operations in hardware.

GPUs and MPPs support rmw operations in specialized hardware units (known as remote atomics),
located in each bank of the shared cache [492,/493]], or the memory controllers [315,372]. Remote
atomics are also supported by an NDP work [212] at the vault controllers of Hybrid Memory Cube
(HMC) [468,470]. Implementing synchronization primitives using remote atomics requires a spin-
wait scheme, i.e., executing consecutive rmw retries. However, performing and sending every rmw
operation to a shared, fixed location can cause high global traffic and create hotspots [153},370,371,
381,382]]. In NDP systems, consecutive rmw operations to a remote NDP unit would incur high traffic
across NDP units, with high performance and energy overheads.

Commodity CPU architectures support rmw operations either by locking the bus (or equiva-
lent link), or by relying on the hardware cache coherence protocol [494,495]], which many NDP
architectures do not support. Therefore, coherence-based synchronization [456,496-506] cannot
be directly implemented in NDP architectures. Moreover, based on prior works on synchroniza-
tion [16}455,457,1482,|507,/508]], coherence-based synchronization would exhibit low scalability on
NDP systems for two reasons. First, it performs poorly with a large number of cores, due to low
scalability of conventional hardware coherence protocols [[494,509-511]]. Most NDP systems include
several NDP units [32,34,35,366], each typically supporting hundreds of small, area-constrained
cores [21,32,134,[35]. Second, the non-uniformity in memory accesses significantly affects the scala-
bility of coherence-based synchronization [[16,455-457|]. Prior work on coherence-based synchroniza-
tion [[16]] observes that the latency of a lock acquisition that needs to transfer the lock across NUMA
sockets can be up to 12.5x higher than that within a socket. We expect such effects to be aggravated
in NDP systems, since they are by nature non-uniform and distributed [28}29,32,34,[35,137,1212,366]
with very low memory access latency within an NDP unit.

We validate these observations on both a real CPU and our simulated NDP system. On an In-

tel Xeon Gold server, we evaluate the operation throughput achieved by two coherence-based lock



112 Chapter 4

1 thread 14 threads
single-socket single-socket

2 threads 2 threads
same-socket different-socket

Million Operations
per Second

TTAS lock [497] 8.92 2.28 9.91 4.32

Hierarchical Ticket lock [[499] 8.06 2.91 9.01 6.79

Table 4.1: Throughput of two coherence-based lock algorithms on an Intel Xeon Gold server using
the libslock library [[16]].

algorithms (Table[4.1), i.e., TTAS [497] and Hierarchical Ticket Lock (HTL) [499], using a microbench-
mark taken from the libslock library [[16]]. When increasing the number of threads from 1 to 14 within
a single socket, throughput drops by 3.91x and 2.77x for TTAS and HTL, respectively. Moreover,
when pinning two threads on different NUMA sockets, throughput drops by up to 2.29x over when

pinning them on the same socket, due to non-uniform memory access times of lock variables.

In our simulated NDP system, we evaluate the performance achieved by a stack data structure
protected with a coarse-grained lock. Figure shows the slowdown of the stack when using a
coherence-based lock [[487]] (mesi-lock), implemented upon a MESI directory coherence protocol, over
using an ideal lock with zero cost for synchronization (ideal-lock). First, we observe that the high
contention for the cache line containing the mesi-lock and the resulting coherence traffic inside the
network significantly limit scalability of the stack as the number of cores increases. With 60 NDP
cores within a single NDP unit (Figure [4.2j), the stack with mesi-lock incurs 2.03x slowdown over
ideal-lock. Second, we notice that the non-uniform memory accesses to the cache line containing
the mesi-lock also impact the scalability of the stack. When increasing the number of NDP units
while keeping total core count constant at 60 (Figure[4.2b), the slowdown of the stack with mesi-lock
increases to 2.66x (using 4 NDP units) over ideal-lock. In non-uniform NDP systems, the scalability of
coherence-based synchronization is severely limited by the long transfer latency and low bandwidth

of the interconnect used between the NDP units.
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Figure 4.2: Slowdown of a stack data structure using a coherence-based lock over using an ideal zero-
cost lock, when varying (a) the NDP cores within a single NDP unit and (b) the number of NDP units
while keeping core count constant at 60.

Message-passing Synchronization

In this approach, cores coordinate with each other by exchanging messages (either in software or
hardware) in order to reach an agreement. For instance, a recent NDP work [32]] implements a bar-

rier primitive via hardware message-passing communication among NDP cores, i.e., one core of the
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system works as a master core to collect the synchronization status of the rest. To improve system
performance in non-uniform HMC-based NDP systems, Gao et al. [212] propose a tree-style barrier
primitive, where cores exchange messages to first synchronize within a vault, then across the vaults of
an HMC cube, and finally across HMC cubes. In general, optimized message-passing synchronization
schemes proposed in the literature [[212}/303,488,512-514] aim to minimize (i) the number of messages
sent among cores, and (ii) expensive network traffic. To avoid the major issues of synchronization
via shared memory described above, we design our approach building on the message-passing syn-

chronization concept.

4.3 SynCron: Overview

SynCron is an end-to-end solution for synchronization in NDP architectures that improves perfor-
mance, has low cost, eases programmability, and supports multiple synchronization primitives. Syn-
Cron relies on the following key techniques:

1. Hardware support for synchronization acceleration: We design low-cost hardware units,
called Synchronization Engines (SEs), to coordinate the synchronization among NDP cores of the
system. SEs eliminate the need for complex cache coherence protocols and expensive rmw operations,
and incur modest hardware cost.

2. Direct buffering of synchronization variables: We add a specialized cache structure, the
Synchronization Table (ST), inside an SE to keep synchronization information. Such direct buffer-
ing avoids costly memory accesses for synchronization, and enables high performance under low-
contention scenarios.

3. Hierarchical message-passing communication: We organize the communication hierarchi-
cally, with each NDP unit including an SE. NDP cores communicate with their local SE that is lo-
cated in the same NDP unit. SEs communicate with each other to coordinate synchronization at a
global level. Hierarchical communication minimizes expensive communication across NDP units, and
achieves high performance under high-contention scenarios.

4. Integrated hardware-only overflow management: We incorporate a hardware-only overflow
management scheme to efficiently handle scenarios when ST is fully occupied. This programmer-

transparent technique effectively limits performance degradation under overflow scenarios.

4.3.1 Overview of SynCron

Figure [4.3| provides an overview of our approach. SynCron exposes a simple programming interface
such that programmers can easily use a variety of synchronization primitives in their multithreaded
applications when writing them for NDP systems. The interface is implemented using two new in-
structions that are used by NDP cores to communicate synchronization requests to SEs. These are
general enough to cover all semantics for the most widely used synchronization primitives.

We add one SE in the compute die of each NDP unit. For a particular synchronization variable

allocated in an NDP unit, the SE that is physically located in the same NDP unit is considered the



114 Chapter 4

SynCron’s
k Rrogamming J Compute Die | Compute Die| |

Interface
—— : NDP Core NDP Core
Memory NDP core TR Memory

'/ synCron’s ) NDP Core | (Il Arrave i
ISA Extension = NDP Core SRR (% NDP Core

= ~

. AN

_.‘*" > o \_

— AN
—_— —— \

Master SE

-~

SN Lo

Figure 4.3: High-level overview of SynCron.

Master SE. In other words, the Master SE is defined by the address of the synchronization variable. It
is responsible for the global coordination of synchronization on that variable, i.e., among all SEs of
the system. All other SEs are responsible only for the local coordination of synchronization among
the cores in the same NDP unit with them.

NDP cores act as clients that send requests to SEs via hardware message-passing. SEs act as
servers that process synchronization requests. In the proposed hierarchical communication, NDP
cores send requests to their local SEs, while SEs of different NDP units communicate with the Master
SE of the specific variable, to coordinate the process at a global level, i.e., among all NDP units.

When an SE receives a request from an NDP core for a synchronization variable, it directly buffers
the variable in its ST, keeping all the information needed for synchronization in the ST. If the ST is
full, we use the main memory as a fallback solution. To hierarchically coordinate synchronization via
main memory in ST overflow cases, we design (i) a generic structure, called syncronVar, to keep track
of required synchronization information, and (ii) specialized overflow messages to be sent among SEs.
The hierarchical communication among SEs is implemented via corresponding support in message

encoding, the ST, and syncronVar structure.

4.3.2 SynCron’s Operation

SynCron supports locks, barriers, semaphores, and condition variables. Here, we present SynCron’s
operation for locks. SynCron has similar behavior for the other three primitives.

Lock Synchronization Primitive: Figure 4.4[shows a system composed of two NDP units with two
NDP cores each. In this example, all cores request and compete for the same lock. First, all NDP cores
send local lock acquire messages to their SEs @. After receiving these messages, each SE keeps track
of its requesting cores by reserving one new entry in its ST, i.e., directly buffering the lock variable
in ST. Each ST entry includes a local waiting list (i.e., a hardware bit queue with one bit for each
local NDP core), and a global waiting list (i.e., a bit queue with one bit for each SE of the system). To
keep track of the requesting cores, each SE sets the bits corresponding to the requesting cores in the
local waiting list of the ST entry. When the local SE receives a request for a synchronization variable
for the first time, it sends a global lock acquire message to the Master SE @, which in turn sets the
corresponding bit in the global waiting list in its ST. This way, the Master SE keeps track of all requests

to a particular variable coming from an SE, and can arbitrate between different SEs. The local SE can
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Figure 4.4: An example execution scenario for a lock requested by all NDP cores.

then serve successive local requests to the same variable until there are no other local requests. By
using the proposed hierarchical communication protocol, the cores send local messages to their local
SE, and the SE needs to send only one aggregated message, on behalf of all its local waiting cores,
to the Master SE. As a result, we reduce the need for communication through the narrow, expensive
links that connect different NDP units.

The Master SE first prioritizes the local waiting list, granting the lock to its own local NDP cores
in sequence (e.g., to NDP Core 0 first @, and to NDP Core 1 next @ in Figure . At the end of the
critical section, each local lock owner sends a lock release message to its SE in order to release the
lock. When there are no other local requests, the Master SE transfers the control of the lock to the SE
of another NDP unit based on its global waiting list @. Then, the local SE grants the lock to its local
NDP cores in sequence (e.g., @, @). After all local cores release the lock, the SE sends an aggregated
global lock release message to the Master SE @ and releases its ST entry. When the message arrives
at the Master SE, if there are no other pending requests to the same variable, the Master SE releases
its ST entry. In this example, SEs directly buffer the lock variable in their STs. If an ST is full, the
Master SE globally coordinates synchronization by keeping track of all required information in main

memory @), via our proposed overflow management scheme (Section [4.4.3).

4.4 SynCron: Detailed Design

SynCron leverages the key observation that all synchronization primitives fundamentally communi-
cate the same information, i.e., a waiting list of cores that participate in the synchronization process,
and a condition to be met to notify one or more cores. Based on this observation, we design SynCron
to cover the four most widely used synchronization primitives. Without loss of generality, we assume
that each NDP core represents a hardware thread context with a unique ID. To support multiple hard-
ware thread contexts per NDP core, the corresponding hardware structures of SynCron need to be

augmented to include 1-bit per hardware thread context.

4.4.1 Programming Interface and ISA Extensions

SynCron provides lock, barrier, semaphore and condition variable synchronization primitives, sup-

porting two types of barriers: within cores of the same NDP unit and within cores across different
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NDP units of the system. SynCron’s programming interface (Table implements the synchro-
nization semantics with two new ISA instructions, which are rich and general enough to express all
supported primitives. NDP cores use these instructions to assemble messages for synchronization

requests, which are issued through the network to SEs.

SynCron Programming Interface

syncronVar *create_syncvar ();

void destroy_syncvar (syncronVar *svar);

void lock_acquire (syncronVar *lock);

void lock release (syncronVar *lock);

void barrier_wait_within_unit (syncronVar *bar, int initialCores);
void barrier_wait_across_units (syncronVar *bar, int initialCores);
void sem_wait (syncronVar *sem, int initialResources);

void sem_post (syncronVar *sem);

void cond_wait (syncronVar *cond, syncronVar *lock);

void cond_signal (syncronVar *cond);

void cond_broadcast (syncronVar *cond);

Table 4.2: SynCron’s Programming Interface (i.e., API).

req_sync addr, opcode, info: This instruction creates a message and commits when a response
message is received back. The addr register has the address of a synchronization variable, the opcode
register has the message opcode of a particular semantic of a synchronization primitive (Table [4.3),
and the info register has specific information needed for the primitive (Messagelnfo in message en-
coding of Fig.[4.5).

req_async addr, opcode: This instruction creates a message and after the message is issued to the
network, the instruction commits. The registers addr, opcode have the same semantics as in req_sync

instruction.

Memory Consistency

We design SynCron assuming a relaxed consistency memory model. The proposed ISA extensions
act as memory fences. First, req_sync, commits once a message (ACK) is received (from the local
SE to the core), which ensures that all following instructions will be issued after req_sync has been
completed. Its semantics is similar to those of the SYNC and ACQUIRE operations of Weak Ordering
(WO) [515]] and Release Consistency (RC) [515] models, respectively. Second, req_async, does not
require a return message (ACK). It is issued once all previous instructions are completed. Its seman-
tics is similar to that of the RELEASE operation of RC [515]. In the case of WO, req_sync is suffi-
cient. In the case of RC, the req_sync instruction is used for acquire-type semantics, i.e., lock_acquire,
barrier_wait, semaphore_wait and condition_variable_wait, while the req_async instruction is used
for release-type semantics, i.e., lock_release, semaphore_post, condition_variable_signal, and condi-

tion_variable_broadcast.
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Message Encoding

Figure |4.5| describes the encoding of the message used for communication between NDP cores and
the SE. Each message includes: (i) the 64-bit address of the synchronization variable, (ii) the mes-
sage opcode that implements the semantics of the different synchronization primitives (6 bits cover
all message opcodes), (iii) the unique ID number of the NDP core (6 bits are sufficient for our sim-
ulated NDP system in Section [4.5), and (iv) a 64-bit field (Messagelnfo) that communicates specific
information needed for each different synchronization primitive, i.e., the number of the cores that
participate in a barrier, the initial value of a semaphore, the address of the lock associated with a

condition variable.

64 bits 6 bits 6 bits 64 bits Lt :
| Address | Opcode | CorelD | Messagelnfo | Sl IR EAees
Message Encoding Semaphore Initial #Resources
Condition Variable Lock Address

Figure 4.5: Message encoding of SynCron.
Hierarchical Message Opcodes. SynCron enables a hierarchical scheme, where the SEs of NDP

units communicate with each other to coordinate synchronization at a global level. Therefore, we
support two types of messages (Table [4.3): (i) local, which are used by NDP cores to communicate
with their local SE, and (ii) global, which are used by SEs to communicate with the Master SE, and
vice versa. Since we support two types of barriers (Table [4.2), we design two message opcodes for
a local barrier_wait message sent by an NDP core to its local SE: (i) barrier_wait_local_within_unit is
used when cores of a single NDP unit participate in the barrier, and (ii) barrier_wait_local_across_units
is used when cores from different NDP units participate in the barrier. In the latter case, if a smaller
number of cores than the total available cores of the NDP system participate in the barrier, SynCron
supports one-level communication: local SEs re-direct all messages (received from their local NDP
cores) to the Master SE, which globally coordinates the barrier among all participating cores. This
design choice is a trade-off between performance (more remote messages) and hardware/ISA complex-
ity, since the number of participating cores of each NDP unit would need to be communicated to the

hardware through additional registers in ISA, and message opcodes (higher complexity).

Primitives SynCron Message Opcodes

lock_acquire_global, lock_acquire_local, lock_release_global
Locks lock_release_local, lock_grant_global, lock_grant local
lock_acquire_overflow, lock_release_overflow, lock_grant_overflow

barrier_wait_global, barrier_wait_local_within_unit
Barriers barrier_wait_local _across_units, barrier_depart_global, barrier_depart_local
barrier_wait_overflow, barrier_departure_overflow
sem_wait_global, sem_wait_local, sem_grant_global
Semaphores sem_grant_local, sem_post_global, sem_post_local
sem_wait_overflow, sem_grant_overflow, sem_post_overflow
cond_wait_global, cond_wait_local, cond_signal_global

Condition cond_signal local, cond_broad_global, cond_broad_local
Variables cond_grant_global, cond_grant_local, cond_wait_overflow
cond_signal_overflow, cond_broad_overflow, cond_grant_overflow
Other decrease_indexing_counter

Table 4.3: Message opcodes of SynCron.
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4.4.2 Synchronization Engine (SE)

Each SE module (Figure is integrated into the compute die of each NDP unit. An SE consists of

three components:

Synchronization Processing Unit (SPU)

The SPU is the logic that handles the messages, updates the ST, and issues requests to memory as
needed. The SPU includes the control unit, a buffer, and a few registers. The buffer is a small SRAM
queue for temporarily storing messages that arrive at the SE. The control unit implements custom

logic with simple logical bitwise operators (and, or, xor, zero) and multiplexers.

INDEX

N\SG : | Logic 1z;\bns
140 bits Indexing
& -« Counters

Figure 4.6: The Synchronization Engine (SE).

Control ! READ/WRITE

Synchronization Table (ST)

ST keeps track of all the information needed to coordinate synchronization. Each ST has 64 entries.
Figure 4.7|shows an ST entry, which includes: (i) the 64-bit address of a synchronization variable, (ii)
the global waiting list used by the Master SE for global synchronization among SEs, i.e., a hardware
bit queue including one bit for each SE of the system, (iii) the local waiting list used by all SEs for
synchronization among the NDP cores of an NDP unit, i.e., a hardware bit queue including one bit for
each NDP core within the unit, (iv) the state of the ST entry, which can be either free or occupied, and
(v) a 64-bit field (Tablelnfo) to track specific information needed for each synchronization primitive.
For the lock primitive, the Tablelnfo field is used to indicate the lock owner that is either an SE of an
NDP unit (Global ID represented by the most significant bits) or a local NDP core (Local ID represented
by the least significant bits). We assume that all NDP cores of an NDP unit have a unique local ID
within the NDP unit, while all SEs of the system have a unique global ID within the system. The
number of bits in the global and local waiting lists of Figure [4.7)is specific for the configuration of our
evaluated system (Section [4.5), which includes 16 NDP cores per NDP unit and 4 SEs (one per NDP

unit), and has to be extended accordingly, if the system supports more NDP cores or SEs.

64 bits 4 bits 16 bits 1bits  64bits . Lock Global ID | Local ID
Global Local Barrier Current #Cores
Address Waitlist | Waitlist State | TableInfo :
. Semaphore Available #Resources
Synchronization Table Entry .
“...| Condition Variable Lock Address

Figure 4.7: Synchronization Table (ST) entry.
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Indexing Counters

If an ST is full, i.e., all its entries are in occupied state, SynCron cannot keep track of information for
a new synchronization variable in ST. We use the main memory as a fallback solution for such ST
overflow (Section[4.4.3). The SE keeps track of which synchronization variables are currently serviced
via main memory: similar to MiSAR [299]], we include a small set of counters (indexing counters), 256
in current implementation, indexed by the least significant bits of the address of a synchronization
variable, as extracted from the message that arrives at an SE. When an SE receives a message with
acquire-type semantics for a synchronization variable and there is no corresponding entry in the
fully-occupied ST, the indexing counter for that synchronization variable increases. When an SE
receives a message with release-type semantics for a synchronization variable that is currently ser-
viced using main memory, the corresponding indexing counter decreases. A synchronization variable
is currently serviced via main memory, when the corresponding indexing counter is larger than zero.
Note that different variables may alias to the same indexing counter. This aliasing does not affect
correctness, but it does affect performance, since a variable may unnecessarily be serviced via main

memory, while the ST is not full.

Control Flow in SE

Figure [4.8| describes the control flow in SE. When an SE receives a message, it decodes the message
@ and accesses the ST @B. If there is an ST entry for the specific variable (depending on its address),
the SE processes the waiting lists €, updates the ST @, and encodes return message(s) @, if needed.
If there is not an ST entry for the specific variable, the SE checks the value of the corresponding
indexing counter @1): (i) if the indexing counter is zero and the ST is not full, the SE reserves a new
ST entry and continues with step €, otherwise (ii) if the indexing counter is larger than zero or the
ST is full, there is an overflow. In that case, if the SE is the Master SE for the specific variable, it reads
the synchronization variable from local memory arrays @, processes the waiting lists €, updates the
variable in main memory @, and encodes return message(s) @, if needed. If the SE is not the Master

SE for the specific variable, it encodes an overflow message to the Master SE to handle overflow.
Decode ] [}e Encode Return
Access ST
[oMessage e o Message(s)
STEntry ’--------------------------------------. ------- .
+Not Found Zero Counter /ﬁﬁ{eRead Local Process ®erte Local )}
. && ST Not-Full o° Memo altln Lists Memo !
Access Indexing Non-Zero Counter * oy g o H
'
.
4
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Figure 4.8: Control flow in SE.

4.4.3 Overflow Management

SynCron integrates a hardware-only overflow management scheme that provides very modest per-

formance degradation (Section [4.6.7) and is programmer-transparent. To handle ST overflow cases,
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we need to address two issues: (i) where to keep track of required information to coordinate synchro-
nization, and (ii) how to coordinate ST overflow cases between SEs. For the former issue, we design
a generic structure allocated in main memory. For the latter issue, we propose a hierarchical overflow

communication protocol between SEs.

SynCron’s Synchronization Variable

We design a generic structure (Figure [4.9), called syncronVar, which is used to coordinate synchro-
nization for all supported primitives in ST overflow cases. syncronVar is defined in the driver of
the NDP system, which handles the allocation of the synchronization variables: programmers use
create_syncvar() (Table to create a new synchronization variable, the driver allocates the bytes
needed for syncronVar in main memory, and returns an opaque pointer that points to the address of
the variable. Programmers should not de-reference the opaque pointer and its content can only be
accessed via SynCron’s API (Table [4.2).

" g Lock Lock Owner

Barrier Current #Cores

Semaphore Available #Resources
Condition Variable Lock Address

} Lock Overflow IDs |Lock State
typedef struct syncronVar_t s;iihc(anar; Barrier Overflow IDs
- Semaphore Overflow IDs
SynCron’s Synchronization Variable Condition Variable Overflow IDs

Figure 4.9: Synchronization variable of SynCron (syncronVar).

syncronVar structure includes one waiting list for each SE of the system, which has one bit for
each NDP core within the NDP unit, and two additional fields (VarInfo, OverflowInfo) needed to hier-

archically handle ST overflows for all primitives.

Communication Protocol between SEs

To ensure correctness, only the Master SE updates the syncronVar variable: in ST overflow, the SPU of
the Master SE issues read or write requests to its local memory to globally coordinate synchronization
via the syncronVar variable. In our proposed hierarchical design, there are two overflow scenarios:
(i) the ST of the Master SE overflows, and (ii) the ST of a local SE overflows or STs of multiple local
SEs overflow.

The ST of the Master SE overflows. The other SEs of the system have not overflowed for a specific
synchronization variable. Thus, they can still directly buffer this variable in their local STs, and serve
their local cores themselves, implementing a hierarchical (two-level) communication with Master SE.
The Master SE receives global messages from SEs, and serves a local SE of an NDP unit using all bits in
the waiting list of the syncronVar variable associated with that local SE. Specifically, when it receives
a global acquire-type message from a local SE, it sets all bits in the corresponding waiting list of the
syncronVar variable. When it receives a global release-type message from a local SE, it resets all bits

in the corresponding waiting list of the syncronVar variable.
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The ST of a local SE overflows. In this scenario, there are local SEs that have overflowed for a
specific variable, and local SEs that have not overflowed. Without loss of generality, we assume that
only one SE of the system has overflowed. The local SEs that have not overflowed serve their local
cores themselves via their STs, implementing a hierarchical (two-level) communication with Master
SE. When the Master SE receives a global message from a local SE (that has not overflowed), it (i)
sets (or resets) all bits in the waiting list of the syncronVar variable associated with that SE, and (ii)
responds with a global message to the local SE, if needed.

The overflowed SE needs to notify the Master SE to handle local synchronization requests of
NDP cores located at another NDP unit via main memory. We design overflow message opcodes
(Table to be sent from the local overflowed SE to the Master SE and back. The overflowed SE re-
directs all messages (sent from its local NDP cores) for a specific variable to the Master SE using the
overflow message opcodes, and both the overflowed SE and the Master SE increase their corresponding
indexing counters to indicate that this variable is currently serviced via memory. When the Master SE
receives an overflow message, it (i) sets (or resets) in the waiting list (associated with the overflowed
SE) of the syncronVar variable, the bit that corresponds to the local ID of the NDP core within the NDP
unit, (ii) sets (or resets) in the OverflowInfo field of the syncronVar variable the bit that corresponds
to the global ID of the overflowed SE to keep track of which SE (or SEs) of the system has overflowed,
and (iii) responds with an overflow message to that SE, if needed. The local ID of the NDP core, and the
global ID of the overflowed SE are encoded in the CoreID field of the message (Figure[4.5). When all bits
in the waiting lists of the syncronVar variable become zero (upon receiving a release-type message),
the Master SE decrements the corresponding indexing counter. Then, it sends a decrease_index_counter
message (Table[4.3) to the overflowed SE (based on the set bit that is tracked in the Overflowlnfo field),

which decrements its corresponding indexing counter.

4.4.4 SynCron Enhancements

RMW Operations

It is straightforward to extend SynCron to support simple atomic rmw operations inside the SE (by
adding a lightweight ALU). The Master SE could be responsible for executing atomic rmw operations

on a variable depending on its address. We leave that for future work.

Lock Fairness

When local cores of an NDP unit repeatedly request a lock from their local SE, the SE repeatedly grants
the lock within its unit, potentially causing unfairness and delay to other NDP units. To prevent this,
an extra field of a local grant counter could be added to the ST entry. The counter increases every
time the SE grants the lock to a local core. If the counter exceeds a predefined threshold, then when
the SE receives a lock release, it transfers the lock to another SE (assuming other SEs request the
lock). The host OS or the user could dynamically set this threshold via a dedicated register. We leave

the exploration of such fairness mechanisms to future work.
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4.4.5 Comparison with Prior Work

SynCron’s design shares some of its design concepts with SSB [300], LCU [307], and MiSAR [299].
However, SynCron is more general, supporting the four most widely used synchronization primitives,
and easy-to-use thanks to its high-level programming interface.

Table [4.4] qualitatively compares SynCron with these schemes. SSB and LCU support only lock
semantics, thus they introduce two ISA extensions for a simple lock. MiSAR introduces seven ISA
extensions to support three primitives and handle overflow scenarios. SynCron includes two ISA
extensions for four supported primitives. A spin-wait approach performs consecutive synchronization
retries, typically incurring high energy consumption. A direct notification scheme sends a direct
message to only one waiting core when the synchronization variable becomes available, minimizing
the traffic involved upon a release operation. SSB, LCU and MiSAR are tailored for uniform memory
systems. In contrast, SynCron is the only hardware synchronization mechanism that targets NDP
systems as well as non-uniform memory systems.

SSB and LCU handle overflow in hardware synchronization resources using a pre-allocated table
in main memory, and if it overflows, they switch to software exception handlers (handled by the pro-
grammer), which typically incur large overheads (due to OS intervention) when overflows happen at
a non-negligible frequency. To avoid falling back to main memory, which has high latency, and using
expensive software exception handlers, MiSAR requires the programmer to handle overflow scenar-
ios using alternative software synchronization libraries (e.g., pthread library provided by the OS).
This approach can provide performance benefits in CPU systems, since alternative synchronization
solutions can exploit low-cost accesses to caches and hardware cache coherence. However, in NDP
systems alternative solutions would by default use main memory due to the absence of shared caches
and hardware cache coherence support. Moreover, when overflow occurs, MiSAR’s accelerator sends
abort messages to all participating CPU cores notifying them to use the alternative solution, and when
the cores finish synchronizing via the alternative solution, they notify MiSAR’s accelerator to switch
back to hardware synchronization. This scheme introduces additional hardware/ISA complexity, and
communication between the cores and the accelerator, thus incurring high network traffic and com-
munication costs, as we show in Section[4.6.7} In contrast, SynCron directly falls back to memory via a
fully-integrated hardware-only overflow scheme, which provides graceful performance degradation
(Section [4.6.7), and is completely transparent to the programmer: programmers only use SynCron’s

high-level API, similarly to how software libraries are in charge of synchronization.

4.4.6 Use of SynCron in Conventional Systems

The baseline NDP architecture [32,34,[35,212,1367] we assume in this work shares key design prin-
ciples with conventional NUMA systems. However, unlike NDP systems, NUMA CPU systems (i)
have a shared level of cache (within a NUMA socket and/or across NUMA sockets), (ii) run multiple
multi-threaded applications, i.e., a high number of software threads executed in hardware thread con-

texts, and (iii) the OS migrates software threads between hardware thread contexts to improve system
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SSB [300] LCU [307] MiSAR [299]  SynCron

Supported Primitives 1 1 3

ISA Extensions 2 2 7 2
Spin-Wait Approach yes yes no no
Direct Notification no yes yes yes
Target System uniform uniform uniform non-uniform
Overflow partially  partially  handled by fully
Management integrated integrated programmer  integrated

Table 4.4: Comparison of SynCron with prior mechanisms.

performance. Therefore, although SynCron could be implemented in such commodity systems, our
proposed hardware design would need extensions. First, SynCron could exploit the low-cost accesses
to shared caches in conventional CPUs, e.g., including an additional level in SynCron’s hierarchical
design to use the shared cache for efficient synchronization within a NUMA socket, and/or handling
overflow scenarios by falling back to the low-latency cache instead of main memory. Second, Syn-
Cron needs to support use cases (ii) and (iii) listed above in such systems, i.e., including larger STs and
waiting lists to satisfy the needs of multiple multithreaded applications, handling the OS thread mi-
gration scenarios across hardware thread contexts, and handling multiple synchronization requests
sent from different software threads with the same hardware ID to SEs, when different software
threads are executed on the same hardware thread context. We leave the optimization of SynCron’s

design for conventional systems to future work.

4.5 Methodology

Simulation Methodology. We use an in-house simulator that integrates ZSim [516|] and Ramula-
tor [[469]. We model 4 NDP units (Table [4.5), each with 16 in-order cores. The cores issue a memory
operation after the previous one has completed, i.e., there are no overlapping operations issued by
the same core. Any write operation is completed (and the latency is accounted for in our simulations)
before executing the next instruction. To ensure memory consistency, compiler support [517|] guar-
antees that there is no reordering around the sync instructions and a read is inserted after a write
inside a critical section.

We evaluate three NDP configurations for different memory technologies, namely 2D, 2.5D, 3D
NDP. The 2D NDP configuration uses a DDR4 memory model and resembles recent 2D NDP sys-
tems [157,]162,/338,/401]. In the 2.5D NDP configuration, each compute die of NDP units (16 NDP
cores) is connected to an HBM stack via an interposer, similar to current GPUs [525,/526] and FP-
GAs [477,/527]]. For the 3D NDP configuration, we use the HMC memory model, where the compute
die of the NDP unit is located in the logic layer of the memory stack, as in prior works [21}32}34,35].
Due to space limitations, we present detailed evaluation results for the 2.5D NDP configuration, and
provide a sensitivity study for the different NDP configurations in Section
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NDP Cores 16 in-order cores @2.5 GHz per NDP unit

L1 Data + Inst. Cache  private, 16KB, 2-way, 4-cycle; 64 B line; 23/47 p] per hit/miss [518]
NDP Unit buffered crossbar network with packet flow control; 1-cycle arbiter;
Local Network 1-cycle per hop [519]; 0.4 pJ/bit per hop [520];

M/D/1 model [521] for queueing latency;
4 stacks; 4GB HBM 1.0 [471)/472]; 500MHz with 8 channels;

DRAM HEM nRCDR/nRCDW/nRAS/nWR 7/6/17/8 ns [469]522]: 7 p/bit [523]
4 stacks; 4GB HMC 2.1; 1250MHz; 32 vaults per stack;

DRAM HMC nRCD/nRAS/nWR 17/34/19 ns [469/522]

DRAM DDR4 4 DIMMs; 4GB each DIMM DDR4 2400MHz;

nRCD/nRAS/nWR 16/39/18 ns [469/522]

Interconnection Links 12.8GB/s per direction; 40 ns per cache line;

Across NDP Units 20-cycle; 4 p]J/bit
Synchronization SPU @1GHz clock frequency [524]; 8 x 64-bit registers;
Engine buffer: 280B; ST: 1192B, 64 entries, 1-cycle [518];

indexing counters: 2304B, 256 entries (8 LSB of the address), 2-cycle [518]

Table 4.5: Configuration of our simulated system.

We model a crossbar network within each NDP unit, simulating queuing latency using the M/D/1
model [521]. We count in ZSim-Ramulator all events for caches, i.e., number of hits/misses, network,
i.e., number of bits transferred inside/across NDP units, and memory, i.e., number of total memory
accesses, and use CACTI [518]] and parameters reported in prior works [367,/520,/523] to calculate
energy. To estimate the latency in SE, we use CACTI for ST and indexing counters, and Aladdin [524]
for the SPU with 1GHz at 40nm. Each message is served in 12 cycles, corresponding to the message

(barrier_depart_global) that takes the longest time.

Workloads. We evaluate workloads with both (i) coarse-grained synchronization, i.e., including
only a few synchronization variables to protect shared data, leading to cores highly contending for
them (high-contention), and (ii) fine-grained synchronization, i.e., including a large number of syn-
chronization variables, each of them protecting a small granularity of shared data, leading to cores
not frequently contending for the same variables at the same time (low-contention). We use the term
synchronization intensity to refer to the ratio of synchronization operations over other computation
in the workload. As this ratio increases, synchronization latency affects the total execution time of

the workload more.

We study three classes of applications (Table [4.6), all well suited for NDP. First, we evaluate
pointer-chasing workloads, i.e., lock-based concurrent data structures from the ASCYLIB library [528],
used as key-value sets. In ASCYLIB’s Binary Search Tree (BST) [529], the lock memory requests are
only 0.1% of the total memory requests, so we also evaluate an external fine-grained locking BST
from [334]. Data structures are initialized with a fixed size and statically partitioned across NDP
units, except for BSTs, which are distributed randomly. In these benchmarks, each core performs a
fixed number of operations. We use lookup operations for data structures that support it, deletion for
the rest, and push and pop operations for stack and queue. Second, we evaluate graph applications

with fine-grained synchronization from Crono [530L/531]] (push version), where the output array has
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read-write data. All real-world graphs [532] used are undirected and statically partitioned across
NDP units, where the vertex data is equally distributed across cores. Third, we evaluate time series
analysis [533], using SCRIMP, and real data sets from Matrix Profile [534]. We replicate the input

data in each NDP unit and partition the output array (read-write data) across NDP units.

Data Structure Configuration
Stack [528] 100K - 100% push
Queue [528/535] 100K - 100% pop
Array Map [459//528] 10 - 100% lookup
Priority Queue [528/536.537] 20K - 100% deleteMin
Skip List [528/[536] 5K - 100% deletion
Hash Table [487,528] 1K - 100% lookup
Linked List [487.528] 20K - 100% lookup
Binary Search Tree Fine-Grained (BST_FG) [334] 20K - 100% lookup

Binary Search Tree Drachsler (BST Drachsler) [528/529] 10K - 100% deletion

Real Application Locks Barriers Real Application Input Data Set
Breadth First Search (bfs) [530] v v wikipedia
Connected Components (cc) [530] v v -20051105 (wk)
Single Source Shortest Paths (sssp) [530] v v bfs, cc, sssp, soc-LiveJournall (sl)
Pagerank (pr) [530] v v pr, tf, tc sx-stackoverflow (sx)
Teenage Followers (tf) [531] v - com-Orkut (co)
Triangle Counting (tc) [530] v v B air quality (air)
Time Series Analysis (ts) [534] v v energy consumption (pow)

Table 4.6: Summary of all workloads used in our evaluation.

Comparison Points. We compare SynCron with three schemes: (i) Central: a message-passing
scheme that supports all primitives by extending the barrier primitive of Tesseract [32], i.e., one
dedicated NDP core in the entire NDP system acts as server and coordinates synchronization among
all NDP cores of the system by issuing memory requests to synchronization variables via its mem-
ory hierarchy, while the remaining client cores communicate with it via hardware message-passing;
(i) Hier: a hierarchical message-passing scheme that supports all primitives, similar to the barrier
primitive of [212] (or hierarchical lock of [512])), i.e., one NDP core per NDP unit acts as server and
coordinates synchronization by issuing memory requests to synchronization variables via its mem-
ory hierarchy (including caches), and communicates with other servers and local client cores (located
at the same NDP unit with it) via hardware message-passing; (iii) Ideal: an ideal scheme with zero
performance overhead for synchronization. In our evaluation, each NDP core runs one thread. For
fair comparison, we use the same number of client cores, i.e., 15 per NDP unit, that execute the main
workload for all schemes. For synchronization, we add one server core for the entire system in Cen-
tral, one server core per NDP unit for Hier, and one SE per NDP unit for SynCron. For SynCron, we
disable one core per NDP unit to match the same number of client cores as the previous schemes.
Maintaining the same thread-level parallelism for executing the main kernel is consistent with prior

works on message-passing synchronization [299,512].
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4.6 Evaluation

4.6.1 Performance
Synchronization Primitives

Figure[4.10]evaluates all supported primitives using 60 cores, varying the interval (in terms of instruc-
tions) between two synchronization points. We devise simple benchmarks, where cores repeatedly
request a single synchronization variable. For lock, the critical section is empty, i.e., it does not include
any instruction. For semaphore and condition variable, half of the cores execute sem_wait/cond_wait,
while the rest execute sem_post/cond_signal, respectively. As the interval between synchronization
points becomes smaller, SynCron’s performance benefit increases. For an interval of 200 instruc-
tions, SynCron outperforms Central and Hier by 3.05x and 1.40 X respectively, averaged across all
primitives. SynCron outperforms Hier due to directly buffering synchronization variables in low-
latency STs, and achieves the highest benefits in the condition variable primitive (by 1.61x), since
this benchmark has higher synchronization intensity compared to the rest: cores coordinate for both
the condition variable and the lock associated with it. When the interval between synchronization
operations becomes larger, synchronization requests become less dominant in the main workload,
and thus all schemes perform similarly. Overall, SynCron outperforms prior schemes for all different

synchronization primitives.
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Figure 4.10: Speedup of different synchronization primitives.
Pointer-Chasing Data Structures

Figure shows the throughput for all schemes in pointer-chasing varying the NDP cores in steps
of 15, each time adding one NDP unit.

We observe four different patterns. First, stack, queue, array map, and priority queue incur high
contention, as all cores heavily contend for a few variables. Array map has the lowest scalability

due to a larger critical section. In high-contention scenarios, hierarchical schemes (Hier, SynCron)



Chapter 4 127

Central === Hier === SynCron Ideal
Stack Queue Array Map
w
= 12.5
c
Lo 10
‘a ;——*_‘
= 10— -
¢ 75— 6y~
(o)
5 5 5

15 30 45 60 15 30 45 60 15 30 45 60
Number of NDP cores

Priority Queue Skip List 30 Hash Table
10 | 24 -
3 25
= 9
S s 20
)
S o7
S 15—
(= 1§
O 5 10
4 4 5

15 30 45 60 15 30 45 60 15 30 45 60
Number of NDP cores

Linked List BST_FG BST _Drachsler

10 =
2 12 N * /
e ° 20 /
g9
S 6
.E 15
qn’. 6 4 10
o /

3
15 30 45 60 2 15 30 45 60 3 15 30 45 60
Number of NDP cores

Figure 4.11: Throughput of pointer-chasing using data structures.

perform better by reducing the expensive traffic across NDP units. SynCron outperforms Hier, since
the latency cost of using SEs that update small STs is lower than using NDP cores as servers that
update larger caches. Second, skip list and hash table incur medium contention, as different cores
may work on different parts of the data structure. For these data structures, hierarchical schemes
perform better, as they minimize the expensive traffic, and multiple server cores concurrently serve
requests to their local memory. SynCron retains most of the performance benefits of Ideal, incurring
only 19.9% overhead with 60 cores, and outperforms Hier by 9.8%. Third, linked list and BST_FG exhibit
low contention and high synchronization demand, as each core requests multiple locks concurrently.
These data structures cause higher synchronization-related traffic inside the network compared to
skip list and hash table, and thus SynCron further outperforms Hier by 1.19x due to directly buffering
synchronization variables in STs. Fourth, in BST_Drachsler lock requests constitute only 0.1% of the
total requests, and all schemes perform similarly. Overall, we conclude that SynCron achieves higher

throughput than prior mechanisms under different scenarios with diverse conditions.
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Real Applications

Figure shows the performance of all schemes with real applications using all NDP units, normal-
ized to Central. Averaged across 26 application-input combinations, SynCron outperforms Central by

1.47 x and Hier by 1.23 X, and performs within 9.5% of Ideal.

[ Central I Hier BN SynCron [ Ideal =0 N©Y

Speedup

Figure 4.12: Speedup in real applications normalized to Central.

Our real applications exhibit low contention, as two cores rarely contend for the same synchro-
nization variable, and high synchronization demand, as several synchronization variables are active
during execution. We observe that Hier and SynCron increase parallelism, because the per-NDP-unit
servers service different synchronization requests concurrently, and avoid remote synchronization
messages across NDP units. Even though Hier performs 1.19x better than Central, on average, its
performance is still 1.33x worse than Ideal. SynCron provides most of the performance benefits of
Ideal (with only 9.5% overhead on average), and outperforms Hier due to directly buffering the syn-
chronization variables in STs, thereby completely avoiding the memory accesses for synchronization
requests. Specifically, we find that time series analysis has high synchronization intensity, since the
ratio of synchronization over other computation of the workload is higher compared to graph work-
loads. For this application, Hier and SynCron outperform Central by 1.64x and 2.22 %, as they serve
multiple synchronization requests concurrently. SynCron further outperforms Hier by 1.35x due to
directly buffering the synchronization variables in STs. We conclude that SynCron performs best
across all real application-input combinations and approaches the Ideal scheme with no synchro-
nization overhead.

Scalability. Figure shows the scalability of real applications using SynCron from 1 to 4 NDP
units. Due to space limitations, we present a subset of our workloads, but we report average values for
all 26 application-input combinations. This also applies for all figures presented henceforth. Across
all workloads, SynCron enables performance scaling by at least 1.32 X, on average 2.03x, and up to

3.03x, when using 4 NDP units (60 NDP cores) over 1 NDP unit (15 NDP cores).
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Figure 4.13: Scalability of real applications using SynCron.
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4.6.2 Energy Consumption

Figure shows the energy breakdown for cache, network, and memory in our real applications
when using all cores. SynCron reduces the network and memory energy thanks to its hierarchical
design and direct buffering. On average, SynCron reduces energy consumption by 2.22x over Central

and 1.94x over Hier, and incurs only 6.2% energy overhead over Ideal.
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Figure 4.14: Energy breakdown in real applications for C: Central, H: Hier, SC: SynCron and I: Ideal.

We observe that 1) cache energy consumption constitutes a small portion of the total energy, since
these applications have irregular access patterns. NDP cores that act as servers for Central and Hier
increase the cache energy only by 5.1% and 4.8% over Ideal. 2) Central generates a larger amount
of expensive traffic across NDP units compared to hierarchical schemes, resulting in 2.68x higher
network energy over SynCron. SynCron also has less network energy (1.21x) than Hier, because it
avoids transferring synchronization variables from memory to SEs due to directly buffering them. 3)
Hier and Central have approximately the same memory energy consumption, because they issue a
similar number of requests to memory. In contrast, SynCron’s memory energy consumption is similar
to that of Ideal. We note that SynCron provides higher energy reductions in applications with high
synchronization intensity, such as time series analysis, since it avoids a higher number of memory

accesses for synchronization due to its direct buffering capability.

4.6.3 Data Movement

Figure shows normalized data movement, i.e., bytes transferred between NDP cores and memory,
for all schemes using four NDP units. SynCron reduces data movement across all workloads by 2.08 x
and 2.04x over Central and Hier, respectively, on average, and incurs only 13.8% more data movement
than Ideal. Central generates high data movement across NDP units, particularly when running time
series analysis that has high synchronization intensity. Hier reduces the traffic across NDP units;
however, it may increase the traffic inside an NDP unit, occasionally leading to slightly higher total
data movement (e.g., ts.air). This is because when an NDP core requests a synchronization variable
that is physically located in another NDP unit, it first sends a message inside the NDP unit to its local
server, which in turns sends a message to the global server. In contrast, SynCron reduces the traffic
inside an NDP unit due to directly buffering synchronization variables, and across NDP units due to

its hierarchical design.
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Figure 4.15: Data movement in real applications for C: Central, H: Hier, SC: SynCron and I: Ideal.
4.6.4 Non-Uniformity of NDP Systems

High Contention

Hierarchical schemes provide high benefit under high contention, as they prioritize local requests
inside each NDP unit. We study their performance benefit in stack and priority queue (Figure
when varying the transfer latency of the interconnection links used across four NDP units. Central
is significantly affected by the interconnect latency across NDP units, as it is oblivious to the non-
uniform nature of the NDP system. Observing Ideal, which reflects the actual behavior of the main
workload, we notice that after a certain point (vertical line), the cost of remote memory accesses
across NDP units become high enough to dominate performance. SynCron and Hier tend to follow
the actual behavior of the workload, as local synchronization messages within NDP units are much
less expensive than remote messages of Central. SynCron outperforms Hier by 1.06x and 1.04x for
stack and priority queue. We conclude that SynCron is the best at hiding the latency of slow links

across NDP units.
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Figure 4.16: Performance sensitivity to the transfer latency of the interconnection links used to con-
nect the NDP units.

Low Contention

We also study the effect of interconnection links used across the NDP units in a low-contention graph
application (Figure [4.17). Observing Ideal, with 500 ns transfer latency per cache line, we note that

the workload experiences 2.46 x slowdown over the default latency of 40 ns, as 24.1% of its memory
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accesses are to remote NDP units. As the transfer latency increases, Central incurs significant slow-
down over Ideal, since all NDP cores of the system communicate with one single server, generating
expensive traffic across NDP units. In contrast, the slowdown of hierarchical schemes over Ideal is
smaller, as these schemes generate less remote traffic by distributing the synchronization requests
across multiple local servers. SynCron outperforms Hier due to its direct buffering capabilities. Over-
all, SynCron outperforms prior high-performance schemes even when the network delay across NDP

units is large.
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Figure 4.17: Performance sensitivity to the transfer latency of the interconnection links used to con-
nect the NDP units. All data is normalized to Ideal (lower is better).

4.6.5 Memory Technologies

We study three memory technologies, which provide different memory access latencies and band-
width. We evaluate (i) 2.5D NDP using HBM, (ii) 3D NDP using HMC, and (iii) 2D NDP using DDR4.
Figure shows the performance of all schemes normalized to Central of each memory. The re-
ported values show the speedup of SynCron over Central and Hier. SynCron’s benefit is independent
of the memory used: its performance versus Ideal only slightly varies (£1.4%) across different mem-
ory technologies, since STs never overflow. Moreover, SynCron’s performance improvement over
prior schemes increases as the memory access latency becomes higher thanks to direct buffering,
which avoids expensive memory accesses for synchronization. For example, in ts.pow, SynCron out-
performs Hier by 1.41x and 2.49x with HBM and DDR4, respectively, as the latter incurs higher

access latency. Overall, SynCron is orthogonal to the memory technology used.
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Figure 4.18: Speedup with different memory technologies.
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4.6.6 Effect of Data Placement

Figure [4.19 evaluates the effect of better data placement on SynCron’s benefits. We use Metis [538]] to
obtain a 4-way graph partitioning to minimize the crossing edges between the 4 NDP units. All data
values are normalized to Central without Metis. For SynCron, we define ST occupancy as the average
fraction of ST entries that are occupied in each cycle.
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Figure 4.19: Performance sensitivity to a better graph partitioning and maximum ST occupancy of
SynCron.

We make three observations. First, Ideal, which reflects the actual behavior of the main kernel
(i.e., with zero synchronization overhead), improves performance by 1.47x across the four graphs.
Second, with a better graph partitioning, SynCron still outperforms both Central and Hier. Third, we
find that ST occupancy is lower with a better graph partitioning. When a local SE receives a request
for a synchronization variable of another NDP unit, both the local SE and the Master SE reserve a
new entry in their STs. With a better graph partitioning, NDP cores send requests to their local SE,
which is also the Master SE for the requested variable. Thus, only one SE of the system reserves a new
entry, resulting in a lower ST occupancy. We conclude that, with better data placement SynCron still

performs the best while achieving even lower ST occupancy.

4.6.7 SynCron’s Design Choices

Hierarchical Design

To demonstrate the effectiveness of SynCron’s hierarchical design in non-uniform NDP systems, we
compare it with SynCron’s flat variant. Each core in flat directly sends all its synchronization requests
to the Master SE of each variable. In contrast, each core in SynCron sends all its synchronization
requests to the local SE. If the local SE is not the Master SE for the requested variable, the local SE
sends a message across NDP units to the Master SE.

We evaluate three synchronization scenarios: (i) low-contention and synchronization non-intensive
(e.g., graph applications), (ii) low-contention and synchronization-intensive (e.g., time series analy-

sis), and (iii) high-contention (e.g., queue data structure).
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Figure 4.21: Speedup of SynCron normalized to flat, as we vary the transfer latency of the intercon-
nection links used to connect NDP units, under (a) a low-contention and synchronization-intensive
scenario using 4 NDP units, and (b) a high-contention scenario using 2 and 4 NDP units.

Low-contention and synchronization non-intensive. Figure evaluates this scenario using
several graph processing workloads with 40 ns link latency between NDP units. SynCron is 1.1%
worse than flat, on average. We conclude that SynCron performs only slightly worse than flat for

low-contention and synchronization non-intensive scenarios.
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Figure 4.20: Speedup of SynCron normalized to flat with 40 ns link latency between NDP units, under
a low-contention and synchronization non-intensive scenario.

Low-contention and synchronization-intensive. Figure evaluates this scenario using time
series analysis with four different link latency values between NDP units. SynCron performs 7.3%
worse than flat with a 40 ns inter-NDP-unit latency. With a 500 ns inter-NDP-unit latency, SynCron
performs only 3.6% worse than flat, since remote traffic has a larger impact on the total execution time.
We conclude that SynCron performs modestly worse than flat, and SynCron’s slowdown decreases as

non-uniformity, i.e., the latency between NDP units, increases.

High-contention. Figure evaluates this scenario using a queue data structure with four dif-
ferent link latency values between NDP units, for 30 and 60 NDP cores. SynCron with 30 NDP cores
outperforms flat from 1.23x to 1.76 X, as the inter-NDP-unit latency increases from 40 ns to 500 ns
(i.e., with increasing non-uniformity in the system). In a scenario with high non-uniformity in the
system and large number of contended cores, e.g., using a 500 ns inter-NDP-unit latency and 60 NDP
cores, SynCron’s benefit increases to a 2.14x speedup over flat. We conclude that SynCron performs

significantly better than flat under high-contention.

Overall, we conclude that in non-uniform, distributed NDP systems, only a hierarchical hardware

synchronization design can achieve high performance under all various scenarios.
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ST Size

We show the effectiveness of the proposed 64-entry ST (per NDP unit) using real applications. Ta-
ble [4.7| shows the measured occupancy across all STs. Figure shows the performance sensitivity
to ST size. In graph applications, the average ST occupancy is low (2.8%), and the 64-entry ST never
overflows: maximum occupancy is 63% (cc.wk). In contrast, time series analysis has higher ST oc-
cupancy (reaching up to 89% in ts.pow) due to the high synchronization intensity, but there are no
ST overflows. Even a 48-entry ST overflows for only 0.01% of synchronization requests, and incurs
2.1% slowdown over a 64-entry ST. We conclude that the proposed 64-entry ST meets the needs of

applications that have high synchronization intensity.
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Figure 4.22: Slowdown with varying ST size (normalized to 64-entry ST). Numbers on top of bars
show the percentage of overflowed requests.

Overflow Management

The linked list and BST_FG data structures are the only cases where the proposed 64-entry ST over-
flows, when using 60 cores, for 3.1% and 30.5% of the requests, respectively. This is because each
core requests at least two locks at the same time during the execution. Note that these synthetic

benchmarks represent extreme scenarios, where all cores repeatedly perform key-value operations.

ST Occupancy Max (%) Avg (%) ST Occupancy Max (%) Avg (%)
bfs.wk 51 1.33 pr.sl 51 2.27
bfs.sl 59 1.49 pr.sx 53 2.46
bfs.sx 51 3.24 pr.co 48 4.72
bfs.co 55 6.09 tf.wk 62 1.44
cc.wk 63 1.27 tf.sl 53 2.21
cc.sl 61 2.16 tf.sx 50 2.99
cC.SX 48 2.43 tf.co 48 4.61
cc.co 46 4.53 te.wk 62 1.26
sssp.wk 62 1.18 te.sl 48 2.08
sssp.sl 54 2.08 te.sx 50 2.77
SSSp.sx 50 2.20 tc.co 51 4.52
sssp.co 48 5.23 ts.air 84 44.20
pr.wk 62 4.27 ts.pow 89 4351

Table 4.7: ST occupancy in real applications.
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Figure 4.23: Throughput achieved by BST_FG using different overflow schemes and varying the ST
size. The reported numbers show to the percentage of overflowed requests.

Figure compares BST_FG’s performance with SynCron’s integrated overflow scheme versus
with a non-integrated scheme as in MiSAR. When overflow occurs, MiSAR’s accelerator aborts all
participating cores notifying them to use an alternative synchronization library, and when the cores
finish synchronizing via an alternative solution, they notify MiSAR’s accelerator to switch back to
hardware synchronization. We adapt this scheme to SynCron for comparison purposes: when an
ST overflows, SEs send abort messages to NDP cores with a hierarchical protocol, notifying them
to use an alternative synchronization solution, and after finishing synchronization they notify SEs
to decrease their indexing counters and switch to hardware. We evaluate two alternative solutions:
(i) SynCron_CentralOvrfl, where one dedicated NDP core handles all synchronization variables, and
(if) SynCron_DistribOvrfl, where one NDP core per NDP unit handles variables located in the same
NDP unit. With 30.5% overflowed requests (i.e., with a 64-entry ST), SynCron_CentralOvrfl and Syn-
Cron_DistribOvrfl incur 12.3% and 10.4% performance slowdown compared to with no ST overflow,
due to high network traffic and communication costs between NDP cores and SEs. In contrast, Syn-
Cron affects performance by only 3.2% compared to with no ST overflow. We conclude that SynCron’s

integrated hardware-only overflow scheme enables very small performance overhead.

4.6.8 SynCron’s Area and Power Overhead

Table compares an SE with the ARM Cortex A7 core [539]. We estimate the SPU using Al-
addin [524], and the ST and indexing counters using CACTI [518]]. We conclude that our proposed

hardware unit incurs very modest area and power costs to be integrated into the compute die of an
NDP unit.

SE (Synchronization Engine) ARM Cortex A7 [539]

Technology 40nm 28nm
SPU: 0.0141mm?, ST: 0.0112mm?
' 32KB L1 Cache
Area Indexing Counters: 0.0208mm?
Total: 0.0461mm? Total: 0.45mm?
Power 2.7 mW 100mW

Table 4.8: Comparison of SE with a simple general-purpose in-order core, ARM Cortex A7.
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4.7 Recommendations

This section presents our key takeaways in the form of recommendations for software and hardware
designers.

Recommendation #1. Provide hardware synchronization support for NDP architectures. Figures
and demonstrate that SynCron significantly outperforms software-based synchronization
schemes, e.g., Central and Hier, across various contention scenarios and workload demands. In addi-
tion, Tables [4.7|and show that SynCron has modest area and power costs for NDP architectures.
In contrast to commodity CPU and GPU systems that run multiple software threads executed at each
hardware thread context, NDP architectures [21-25,27-29,32-37.(158.159,208,212,213,216,265-267,
338,366-368,473-477| typically support a only fixed number of hardware thread contexts, and thus
in such computing platforms synchronization can be effectively implemented in hardware with low
cost. Therefore, we suggest that hardware designers of NDP architectures provide low-cost synchro-
nization mechanisms implemented in hardware.

Recommendation #2. Design hierarchical, non-uniform aware synchronization schemes for non-
uniform NDP systems. NDP systems are typically non-uniform, distributed architectures, in which
inter-unit communication is more expensive (both in performance and energy) than intra-unit com-
munication [28,/29}[32,34}[35,[37,[212,[366]]. Our evaluations presented in Figures and show
that the hierarchical schemes, i.e., Hier and SynCron, provide significant performance benefits over
Central, since Central is oblivious to the non-uniform nature of NDP systems. Under high-contention
scenarios (Figure [4.16), the hierarchical (non-uniform aware) schemes achieve high system perfor-
mance by minimizing the expensive traffic across NDP units of the system. Under low-contention
scenarios (Figure [4.17), the hierarchical schemes provide high system performance, because they (i)
generate less remote traffic by distributing the synchronization requests across multiple local syn-
chronization units, and (ii) increase parallelism, since the per-NDP-unit synchronization units service
different synchronization requests concurrently. To this end, we recommend that hardware architects
design non-uniform aware synchronization mechanisms for NDP systems.

Recommendation #3. Design effective data placement schemes of the input data and the associated
synchronization variables across multiple NDP units of the NDP system. In many real-world appli-
cations (e.g., graph processing applications), the large input data set given (e.g., real-world graphs
with a large number of vertices and edges) is shared among multiple cores, and thus a fine-grained
synchronization scheme (i.e., including a large number of synchronization variables, each of them
protects a small granularity of shared data) is typically used. Figure demonstrates that a better
graph partitioning in graph processing workloads significantly improves performance of the main
kernel and reduces the synchronization costs among NDP cores. Specifically, with a better graph
partitioning SynCron (i) reduces the remote synchronization messages sent across the NDP units of
the system through the expensive interconnection links, and (ii) has lower ST occupancy, thus hav-
ing lower ST sizes (with lower area and power costs) can be sufficient to meet the synchronization
needs of real-world applications without never overflowing. Therefore, we suggest that software en-

gineers of real-world applications with fine-grained synchronization schemes design intelligent data
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placement schemes of the input data and the associated synchronization variables across multiple
NDP units of NDP architectures to achieve high system performance and minimize synchronization

costs.

4.8 Related Work

To our knowledge, our work is the first one to (i) comprehensively analyze and evaluate synchro-
nization primitives in NDP systems, and (ii) propose an end-to-end hardware-based synchronization
mechanism for efficient execution of such primitives. We briefly discuss prior work.

Synchronization on NDP. Ahn et al. [32] include a message-passing barrier similar to our Cen-
tral baseline. Gao et al. [212] implement a hierarchical tree-based barrier for HMC [468]], where cores
first synchronize inside the vault, then across vaults, and finally across HMC stacks. Section
shows that SynCron outperforms such schemes. Gao et al. [212]] also provide remote atomics at the
vault controllers of HMC. However, synchronization using remote atomics creates high global traffic
and hotspots [[153}370,371,381,382].

Synchronization on CPUs. A range of hardware synchronization mechanisms have been pro-
posed for commodity CPU systems [301-306]]. These are not suitable for NDP systems because they
either (i) rely on the underlying cache coherence system [302,306], (ii) are tailored for the 2D-mesh
network topology to connect all cores [301,[303]], or (iii) use transmission-line technology [304] or
on-chip wireless technology [305]]. Callbacks [540] includes a directory cache structure close to the
LLC of a CPU system built on self-invalidation coherence protocols [309-314]. Although it has low
area cost, it would be oblivious to the non-uniformity of NDP, thereby incurring high performance
overheads under high contention (Section [4.6.7). Callbacks improves performance of spin-wait in
hardware, on top of which high-level primitives (locks/barriers) are implemented in software. In
contrast, SynCron directly supports high-level primitives in hardware, and is tailored to all salient
characteristics of NDP systems.

The closest works to ours are SSB [300], LCU [307], and MiSAR [299]. SSB, a shared memory
scheme, includes a small buffer attached to each controller of LLC to provide lock semantics for a
given data address. LCU, a message-passing scheme, incorporates a control unit into each core and
a reservation table into each memory controller to provide reader-writer locks. MiSAR is a message-
passing synchronization accelerator distributed at each LLC slice of tile-based many-core chips. These
schemes provide efficient synchronization for CPU systems without relying on hardware coherence
protocols. As shown in Table compared to these works, SynCron is a more effective, general and
easy-to-use solution for NDP systems. These works have two major shortcomings. First, they are
designed for uniform architectures, and would incur high performance overheads in non-uniform,
distributed NDP systems under high-contetion scenarios, similarly to flat in Figure [4.21p. Second,
SSB and LCU handle overflow cases using software exception handlers that typically incur large
performance overheads, while MiSAR’s overflow scheme would incur high performance degradation
due to high network traffic and communication costs between the cores and the synchronization

accelerator (Section [4.6.7). In contrast, SynCron is a non-uniformity aware, hardware-only, end-to-
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end solution designed to handle key characteristics of NDP systems.

Synchronization on GPUs. GPUs support remote atomic units at the shared cache and hard-
ware barriers among threads of the same block [541], while inter-block barrier synchronization is
inefficiently implemented via the host CPU [541]. The closest work to ours is HQL [370]], which mod-
ifies the tag arrays of L1 and L2 caches to support the lock primitive. This scheme incurs high area
cost [371], and is tailored to the GPU architecture that includes a shared L2 cache, while most NDP
systems do not have shared caches.

Synchronization on MPPs. The Cray T3D/T3E [372,]373]], SGI Origin [315], and AMOs [374]
include remote atomics at the memory controller, while NYU Ultracomputer [317]] provides fetch&and
remote atomics in each network switch. As discussed in Section synchronization via remote
atomics incurs high performance overheads due to high global traffic [153,370,[371,381]. Cray T3E
supports a barrier using physical wires, but it is designed specifically for 3D torus interconnect. Tera
MTA [316], HEP [375/376]], J- and M-machines [377,378], and Alewife [542]] provide synchronization
using hardware bits (full/empty bits) as tags in each memory word. This scheme can incur high area
cost [307]. QOLB [379]] associates one cache line for every lock to track a pointer to the next waiting
core, and one cache line for local spinning using bits (syncbits). QOLB is built on the underlying
cache coherence protocol. Similarly, DASH [380] keeps a queue of waiting cores for a lock in the
directory used for coherence to notify caches when the lock is released. CM5 [308]] supports remote
atomics and a barrier among cores via a dedicated physical control network (organized as a binary

tree), which would incur high hardware cost to be supported in NDP systems.

4.9 Summary

SynCron is the first end-to-end synchronization solution for NDP systems. SynCron avoids the need
for complex coherence protocols and expensive rmw operations, incurs very modest hardware cost,
generally supports many synchronization primitives and is easy-to-use. Our evaluations show that
it outperforms prior designs under various conditions, providing high performance both under high-
contention (due to reduction of expensive traffic across NDP units) and low-contention scenarios
(due to direct buffering of synchronization variables and high execution parallelism). We conclude
that SynCron is an efficient synchronization mechanism for NDP systems, and hope that this work
encourages further comprehensive studies of the synchronization problem in heterogeneous systems,

including NDP systems.
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SparseP

5.1 Overview

Sparse Matrix Vector Multiplication (SpMV) is a fundamental linear algebra kernel for important
applications from the scientific computing, machine learning, and graph analytics domains. In com-
modity systems, it has been repeatedly reported to achieve only a small fraction of the peak perfor-
mance [18,/103}/111},/120,/132,/146,291,294,320-323] due to its algorithmic nature, the employed com-
pressed matrix storage format, and the sparsity pattern of the input matrix. SpMV performs indirect
memory references as a result of storing the matrix in a compressed format, and irregular memory ac-
cesses to the input vector due to sparsity. The matrices involved are very sparse, i.e., the vast majority
of elements are zeros [18}[103}/150,286,289-293]]. For example, the matrices that represent Facebook’s
and YouTube’s network connectivity contain 0.0003% [286,289] and 2.31% [286,290] non-zero ele-
ments, respectively. Therefore, in processor-centric systems, SpMV is a memory-bandwidth-bound
kernel for the majority of real sparse matrices, and is bottlenecked by data movement between mem-
ory and processors [|17,(181/42,144,103,111,/120,/146,161,162,272,291,294,320-323,383,384].

139
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One promising way to alleviate the data movement bottleneck is the Processing-In-Memory (PIM)
paradigm [j5,21}22,,25,27,32,34,361{76}157-164,174,175\{180}/181,/186,190-193,/199.203,,204,207,208,210-
213,215,218-22111265,267.324,326,339-341},368,369.389.392-398/478,489,543-578]]. PIM moves com-
putation close to application data by equipping memory chips with processing capabilities [[160}545].
Prior works [5,21},22,28}29,32-35}37,|76,/141},[208},212,213}[216}2181266,267,369,/546,/546,/550.579-581]]
propose PIM architectures wherein a processor logic layer is tightly integrated with DRAM memory
layers using 2.5D/3D-stacking technologies [467,/468,472]. Nonetheless, the 2.5D/3D integration it-
self might not always be able to provide significantly higher memory bandwidth for processors than
standard DRAM [339,340]]. To provide even higher bandwidth for the in-memory processors, near-
bank PIM designs have been explored [[157,161,162,338-341}385-398]]. Near-bank PIM designs tightly
couple a PIM core with each DRAM bank, exploiting bank-level parallelism to expose high on-chip
memory bandwidth of standard DRAM to processors. Moreover, manufacturers of near-bank PIM
architectures avoid disturbing the key components (i.e., subarray and bank) of commodity DRAM to
provide a cost-efficient and practical way for silicon materialization. Two real near-bank PIM archi-
tectures are Samsung’s FIMDRAM [340,341]] and the UPMEM PIM system [157,/161,/162,399].

Most near-bank PIM architectures [[157,161,|162}338-341}385-390] support several PIM-enabled
memory chips connected to a host CPU via memory channels. Each memory chip comprises mul-
tiple PIM cores, which are low-area and low-power cores with relatively low computation capabil-
ity [[161,/162], and each of them is located close to a DRAM bank [157,/161}(162}338-341,385-390]].
Each PIM core can access data located on their local DRAM banks, and typically there is no di-
rect communication channel among PIM cores. Overall, near-bank PIM architectures provide high
levels of parallelism and very large memory bandwidth, thereby being a very promising comput-
ing platform to accelerate memory-bound kernels. Recent works leverage near-bank PIM architec-
tures to provide high performance and energy benefits on bioinformatics [161}162,400,401], skyline
computation [402], compression [403|] and neural network [[161}|162}340,385,387] kernels. A recent
study [161,/162] provides PrIM benchmarks [404], which are a collection of 16 kernels for evaluat-
ing near-bank PIM architectures, like the UPMEM PIM system. However, there is no prior work to
thoroughly study the widely used, memory-bound SpMV kernel on a real PIM system.

Our work is the first to efficiently map the SpMV execution kernel on near-bank PIM systems,
and understand its performance implications on a real PIM system. Specifically, our goal in this
work is twofold: (i) design efficient SpMV algorithms to accelerate this kernel in current and future
PIM systems, while covering a wide variety of sparse matrices with diverse sparsity patterns, and (ii)
provide an extensive characterization analysis of the widely used SpMV kernel on a real PIM archi-
tecture. To this end, we provide a wide variety of SpMV implementations for real PIM architectures,
and conduct a rigorous experimental analysis of SpMV kernels in the UPMEM PIM system, the first
publicly-available real-world PIM architecture.

We present the SparseP library [6] that includes 25 SpMV kernels for real PIM systems, sup-
porting various (1) data types, (2) data partitioning techniques of the sparse matrix to PIM-enabled
memory, (3) compressed matrix formats, (4) load balancing schemes across PIM cores, (5) load balanc-

ing schemes across threads of a multithreaded PIM core, and (6) synchronization approaches among
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threads within PIM core. We support a wide range of data types, i.e., 8-bit integer, 16-bit integer, 32-
bit integer, 64-bit integer, 32-bit float and 64-bit float data types to cover a wide variety of real-world
applications that employ SpMV as their underlying kernel. We design two types of well-crafted data
partitioning techniques: (i) the 1D partitioning technique to perform the complete SpMV computation
only using PIM cores, and (ii) the 2D partitioning technique to strive a balance between computation
and data transfer costs to PIM-enabled memory. In the 1D partitioning technique, the matrix is hor-
izontally partitioned across PIM cores, and the whole input vector is copied into the DRAM bank of
each PIM core, while PIM cores directly compute the elements of the final output vector. In the 2D
partitioning technique, the matrix is split in 2D tiles, the number of which is equal to the number of
PIM cores, and a subset of the elements of the input vector is copied into the DRAM bank of each PIM
core. However, in the 2D partitioning technique, PIM cores create a large number of partial results for
the elements of the output vector which are gathered and merged by the host CPU cores to assemble
the final output vector. We support the most popular compressed matrix formats, i.e., CSR [582,583],
COO [583}/584], BCSR [585], BCOO [583], and for each compressed format we implement various
load balancing schemes across PIM cores to provide efficient SpMV execution for a wide variety of
sparse matrices with diverse sparsity patterns. Finally, we design several load balancing schemes and
synchronization approaches among parallel threads within a PIM core to cover a variety of real PIM

systems that provide multithreaded PIM cores.

We conduct an extensive characterization analysis of SparseP kernels on the UPMEM PIM sys-
tem [157,/161}162,338] analyzing the SpMV execution using (1) one single multithreaded PIM core, (2)
thousands of PIM cores, and (3) comparing it with that achieved on conventional processor-centric
CPU and GPU systems. First, we characterize the limits of a single multithreaded PIM core, and show
that (i) high operation imbalance across threads of a PIM core can impose high overhead in the core
pipeline, and (ii) fine-grained synchronization approaches to increase parallelism cannot outperform
a coarse-grained approach, if PIM hardware serializes accesses to the local DRAM bank. Second, we
analyze the end-to-end SpMV execution of 1D and 2D partitioning techniques using thousands of
PIM cores. Our study indicates that the performance (i) of the 1D partitioning technique is limited
by data transfer costs to broadcast the whole input vector into each DRAM bank of PIM cores, and
(ii) of the 2D partitioning technique is limited by data transfer costs to gather partial results for the
elements of the output vector from PIM-enabled memory to the host CPU. Such data transfers incur
high overheads, because they take place via the narrow memory bus. In addition, our detailed study
across a wide variety of compressed matrix formats and sparse matrices with diverse sparsity pat-
terns demonstrates that (i) the compressed matrix format determines the data partitioning strategy
across DRAM banks of PIM-enabled memory, thereby affecting the computation balance across PIM
cores with corresponding performance implications, and (ii) there is no one-size-fits-all solution. The
load balancing scheme across PIM cores (and across threads within a PIM core) and data partitioning
technique that provides the best-performing SpMV execution depends on the characteristics of the
input matrix and the underlying PIM hardware. Finally, we compare the SpMV execution on a state-
of-the-art UPMEM PIM system with 2528 PIM cores to state-of-the-art CPU and GPU systems, and
observe that SpMV on the UPMEM PIM system achieves a much higher fraction of the machine’s peak
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performance compared to that on the state-of-the-art CPU and GPU systems. Our extensive evalua-

tion provides programming recommendations for software designers, and suggestions and hints for

hardware and system designers of future PIM systems.

Our most significant recommendations for PIM software designers are:

1.

Design algorithms that provide high load balance across threads of PIM core in terms of com-
putations, loop control iterations, synchronization points and memory accesses.

Design compressed data structures that can be effectively partitioned across DRAM banks, with
the goal of providing high computation balance across PIM cores.

Design adaptive algorithms that trade off computation balance across PIM cores for lower data
transfer costs to PIM-enabled memory, and adapt their configuration to the particular patterns

of each input given, as well as the characteristics of the PIM hardware.

Our most significant suggestions for PIM hardware and system designers are:

1.

Provide low-cost synchronization support and hardware support to enable concurrent memory
accesses by multiple threads to the local DRAM bank to increase parallelism in a multithreaded
PIM core.

Optimize the broadcast collective operation in data transfers from main memory to PIM-enabled
memory to minimize overheads of copying the input data into all DRAM banks in the PIM sys-
tem.

Optimize the gather collective operation at DRAM bank granularity for data transfers from
PIM-enabled memory to the host CPU to minimize overheads of retrieving the output results.

Design high-speed communication channels and optimized libraries for data transfers to/from
thousands of DRAM banks of PIM-enabled memory.

Our SparseP software package is freely and publicly available [6]] to enable further research on

SpMV in current and future PIM systems. The main contributions of this work are as follows:

« We present SparseP, the first open-source SpMV software package for real PIM architectures.

SparseP includes 25 SpMV kernels, supporting the four most widely used compressed matrix
formats and a wide range of data types. SparseP is publicly available at [6], and can be useful
for researchers to improve multiple aspects of future PIM hardware and software.

We perform the first comprehensive study of the widely used SpMV kernel on the UPMEM PIM
architecture, the first real commercial PIM architecture. We analyze performance implications
of SpMV PIM execution using a wide variety of (1) compressed matrix formats, (2) data types,
(3) data partitioning and load balancing techniques, and (4) 26 sparse matrices with diverse
sparsity patterns.

We compare the performance and energy of SpMV on the state-of-the-art UPMEM PIM system
with 2528 PIM cores to state-of-the-art CPU and GPU systems. SpMV execution achieves less
than 1% of the peak performance on processor-centric CPU and GPU systems, while it achieves
on average 51.7% of the peak performance on the UPMEM PIM system, thus better leveraging
the computation capabilities of underlying hardware. The UPMEM PIM system also provides
high energy efficiency on the SpMV kernel.



Chapter 5 143

5.2 Background and Motivation

5.2.1 Sparse Matrix Vector Multiplication (SpMV)

The SpMV kernel multiples a sparse matrix of size M x N with a dense input vector of size 1 x N
to compute an output vector of size M x 1. The SpMV kernel is widely used in a variety of appli-
cations including graph processing [1.{2861/586./587]], neural networks [275,588-590], machine learn-
ing [271}/591-595], and high performance computing [42}/111,386,/596-599]. These applications in-
volve matrices with very high sparsity [18,103,150,286/289-293], i.e., a large fraction of zero elements.
Thus, using a compression scheme is a straightforward approach to avoid unnecessarily storing zero
elements and performing computations on them. For general sparse matrices, the most widely used
storage format is the Compressed Sparse Row (CSR) format [582,/583]. Figure [5.1] presents an exam-
ple of a compressed matrix using the CSR format (left), and the CSR-based SpMV execution (right),

assuming an input vector x and an output vector y.

. (a) CSR 3 (b) CSR-based SpMV
Matrix ;
rowptr :
[O[1T1T1T112]3][3]3] | For (i=0;i< M;i++)
colind | for (j = rowptrl[i]; j < rowptr[i+1]; j++)
! '

8 values y[i] += valueslj] * x[colind[j]]

Figure 5.1: (a) CSR representation of a sparse matrix. (b) CSR-based SpMV implementation.
Compressed Matrix Storage Formats

Several prior works [17,(116}/117,/120,(132,/384,/582-585,/600-613]] propose compressed storage formats
for sparse matrices, which are typically of two types [286]. The first approach is to design general
purpose compressed formats, such as CSR [582,/583], CSR5 [601]], COO [583,584]], BCSR [585]], and
BCOO [583]. Such encodings are general in applicability and are highly-efficient in storage. The sec-
ond approach is to leverage a certain known structure in a given type of sparse matrix. For example,
the DIA format [603] is effective in matrices where the non-zero elements are concentrated along the
diagonals of the matrix. Such encodings aim to improve performance of sparse matrix computations
by specializing to particular matrix patterns, but they sacrifice generality. In this work, we explore
with the four most widely used general compressed formats (Figure [5.2), which we describe in more

detail next.

(a) SpMV (b) CSR (c) COO (d) BCSR (e) BCOO
:::::ct)r CITTTTTT] output rowptr tuples  browptr browind
* vector | RIAAA[1[2[3]33] [0]a]5] [o[12]
ax4 | colind 356 peolind beolind
0 i
= values bvalues bvalues
Matrix |:|:|:| 1 e Y N I I

Figure 5.2: (a) SpMV with a dense matrix representation, and (b) CSR, (c) COO, (d) BCSR, (e) BCOO
formats.
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Compressed Sparse Row (CSR) [582)583]]. The CSR format (Figure[5.2p) sequentially stores values
in a row-wise order. A column index array (colind[ ]) and a value array (values|[ ]) store the
column index and value of each non-zero element, respectively. An array, named rowptxr[ ], stores
the location of the first non-zero element of each row within the values [ ] array. The values of an
adjacent pair of the rowptr [ ] array,i.e, rowptr[i, i+1],representasliceofthecolind][ ]
and values|[ ] arrays. The corresponding slice of the colind[ ] and values|[ ] arrays stores
the column indices and the values of the non-zero elements, respectively, for the i-th row of the
original matrix.

Coordinate Format (COO) [583)/584]]. The COO format (Figure [5.2k) stores the non-zero elements
as a series of tuples (tuples [ ] array). Each tuple includes the row index, column index, and value
of the non-zero element.

Block Compressed Sparse Row (BCSR) [585]]. The BCSR format (Figure [5.2d) is a block repre-
sentation of CSR. Instead of storing and indexing single non-zero elements, BCSR stores and indexes
r X c sub-blocks with at least one non-zero element. The original matrix is split into 7 X ¢ sub-blocks.
Figure shows an example of BCSR assuming 4 x 4 sub-blocks. The original matrix of Figure
is split into four sub-blocks, and two of them (highlighted with red color) contain at least one non-
zero element. The bvalues [ ] array stores the values of all the non-zero sub-blocks of the original
matrix. Each non-zero sub-block is stored in the bvalues [ ] array with a dense representation, i.e.,
padding with zero values when needed. The bcolind[ ] array stores the block-column index of
each non-zero sub-block. The browptxr[ ] array stores the location of the first non-zero sub-block
of each block row within the bcolind[ ] array, assuming a block row represents r consecutive
rows of the original matrix, where 7 is the vertical dimension of the sub-block.

Block Coordinate Format (BCOO) [583]. The BCOO format is the block counterpart of COO. The
browind[ ], bcolind[ ] and bvalues|[ ] arrays store the row indices, column indices and
values of the non-zero sub-blocks, respectively. Figure shows an example of BCOO, assuming
4 x 4 sub-blocks.

SpMV in Processor-Centric Systems

Many prior works [[18}103}/111},/120,|132}/139,1292,294,320-323|] generally show that SpMV performs
poorly on commodity CPU and GPU systems, and achieves a small fraction of the peak performance
(e.g., 10% of the peak performance [322]) due to its algorithmic nature, the employed compressed
matrix storage format and the sparsity pattern of the matrix.

The SpMV kernel is highly bottlenecked by the memory subsystem in processor-centric CPU and
GPU systems due to three reasons. First, due to its algorithmic nature there is no temporal locality in
the input matrix. Unlike traditional algebra kernels like Matrix Matrix Multiplication or LU decom-
position, the elements of the matrix in SpMV are used only once [291,294]. Second, due to the sparsity
of the matrix, the matrix is stored in a compressed format (e.g., CSR) to avoid unnecessary computa-
tions and data accesses. Specifically, the non-zero elements of the matrix are stored contiguously in

memory, while additional data structures assist in the proper traversal of the matrix, i.e., to discover
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the positions of the non-zero elements. For example, CSR uses the rowptr[] and colind[] ar-
rays to discover the positions of the non-zero elements of the matrix. These additional data structures
cause additional memory access operations, memory bandwidth pressure and contention with other
requests in the memory subsystem. Third, due to the sparsity of the input matrix, SpMV causes irreg-
ular memory accesses to the elements of the input vector x. The memory accesses to the elements of
the input vector are input driven, i.e., they follow the sparsity pattern of the input matrix. This irreg-
ularity results to poor data locality on the elements of the input vector and expensive data accesses,
because it increases the average access latency due to a high number of cache misses on commodity
systems with deep cache hierarchies [291,294]]. As a result, memory-centric near-bank PIM systems
constitute a better fit for the widely used SpMV kernel, because they provide high levels of parallelism,
large aggregate memory bandwidth and low memory access latency [161,/162,338-340].

5.2.2 Near-Bank PIM Systems

Figure [5.3| shows the baseline organization of a near-bank PIM system that we assume in this work.
The PIM system consists of a host CPU, standard DRAM memory modules, and PIM-enabled memory
modules. PIM-enabled modules are connected to the host CPU using one or more memory channels,
and include multiple PIM chips. A PIM chip (Figure [5.3|right) tightly integrates a low-area PIM core
with a DRAM bank. We assume that each PIM core can additionally include a small private instruction
memory and a small data (scratchpad or cache) memory. PIM cores can access data located on their
local DRAM bank, and typically there is no direct communication channel among PIM cores. The
DRAM banks of PIM chips are accessible by the host CPU for copying input data and retrieving

results via the memory bus.

Main Memory PIM Chip
/
’ (]
bus ' Geam| [pRAM| [DRAM| [DRAM / £ I i
— p = | nstruction|
Bank | | Bank | | Bank | | Bank , g ~ Memory |
Host ) = DRAM
CPU PIM-enabled Memory ,’ P
7 = Bank
4 O |, Data |
{ Memor
bus ' (poim] (Pm] [PM] [PIM = L/
Chip Chip Chip Chip o
______ — - @

Figure 5.3: High-level organization of a near-bank PIM architecture.

The UPMEM PIM Architecture

The UPMEM PIM system [[157,[161}/162] includes the host CPU with standard main memory, and
UPMEM PIM modules. An UPMEM PIM module is a standard DDR4-2400 DIMM [614]] with 2 ranks.
Each rank contains 64 PIM cores, which are called DRAM Processing Units (DPUs). In the current
UPMEM PIM system, there are 20 double-rank PIM DIMMs with 2560 DPUs

There are thirty two faulty DPUs in the system where we run our experiments. They cannot be used and do not affect
the correctness of our results, but take away from the system’s full computational power of 2560 DPUs.



146 Chapter 5

DPU Architecture and Interface. Each DPU has exclusive access to a 24-KB instruction mem-
ory, called IRAM, a 64-KB scratchpad memory, called WRAM, and a 64-MB DRAM bank, called
MRAM. A DPU is a multithreaded in-order 32-bit RISC core that can potentially reach 500 MHz [338]].
The DPU has 24 hardware threads, each of which has 24 32-bit general purpose registers. The DPU
pipeline has 14 stages, and supports a single cycle 8x8-bit multiplier. Multiplications on 64-bit inte-
gers, 32-bit floats and 64-bit floats are not supported in hardware, and require longer routines with a
large number of operations [161,/162,338|]. Threads share the IRAM and WRAM, and can access the
MRAM by executing transactions at 64-bit granularity via a DMA engine, i.e., data can be accessed
from/to MRAM as a multiple of 8 bytes, up to 2048 bytes. MRAM transactions are serialized in the
DMA engine. The ISA provides DMA instructions to move instructions from MRAM to IRAM, or data
between MRAM and WRAM. The DPU accesses the WRAM through 8-, 16-, 32- and 64-bit load/s-
tore instructions. DPUs use the Single Program Multiple Data programming model, where software
threads, called tasklets, execute the same code, but operate in different pieces of data, and can exe-
cute different control-flow paths during runtime. Tasklets can synchronize using mutexes, barriers,
handshakes and semaphores provided by the UPMEM runtime library.

CPU-DPU Data Transfers. Standard main memory and PIM-enabled memory have different data
layouts. The UPMEM SDK [615] has a transposition library to execute necessary data shuffling
when moving data between main memory and MRAM banks of PIM-enabled memory modules via
a programmer-transparent way. The CPU-DPU and DPU-CPU data transfers can be performed in
parallel, i.e., concurrently across multiple MRAM banks, with the limitation that the transfer sizes
from/to all MRAM banks need to be the same. The UPMEM SDK provides two options: (i) perform
parallel transfers to all MRAM banks of all ranks, or (ii) iterate over each rank to perform parallel

transfers to MRAM banks of the same rank, and serialize data transfers across ranks.

5.3 'The SparseP Library

This section describes the parallelization techniques that we explore for Sp)MV on real PIM archi-
tectures, and presents the SpMV implementations of our SparseP package. Section describes
SpMV execution on a real PIM system. Section presents an overview of the data partitioning
techniques that we explore. Section and Section [5.3.4 describe in detail the parallelization tech-
niques across PIM cores, and across threads within a PIM core, respectively. Section describes

the kernel implementation for all compressed matrix storage formats.

5.3.1 SpMYV Execution on a PIM System

Figure [5.4| shows the SpMV execution on a real PIM system, which is broken down in four steps: (1)
the time to load the input vector into DRAM banks of PIM-enabled memory (load), (2) the time
to execute the SpMV kernel on PIM cores (kernel), (3) the time to retrieve from DRAM banks to
the host CPU results for the output vector (retriewve), and (4) the time to merge partial results

and assemble the final output vector on the host CPU (mexrge). In our analysis, we omit the time
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to load the matrix into PIM-enabled memory, since this step can typically be hidden in real-world

applications (it can be overlapped with other computation performed by the application or amortized

if the application performs multiple SpMV iterations on the same matrix).
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Figure 5.4: Execution of the SpMV kernel on a real PIM system.

5.3.2 Overview of Data Partitioning Techniques

To parallelize the SpMV kernel, we implement well-crafted data partitioning schemes to split the
matrix across multiple DRAM banks of PIM cores. SparseP supports two general types of data parti-
tioning techniques, shown in Figure
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Figure 5.5: Data partitioning techniques of the SparseP package.

First, we provide an 1D partitioning technique (Figure [5.5p), where the matrix is horizontally
partitioned across PIM cores, and the whole input vector is copied into the DRAM bank of each
PIM core. With the 1D partitioning technique, almost the entire SpMV computation is performed
using only PIM cores, since the merge step in the host CPU is negligible: a very small number of
partial results is created, i.e., only for a few rows that are split across neighboring PIM cores. Thus,
the number of partial elements of the output vector is at most equal to the number of PIM cores
used. Second, we provide a 2D partitioning technique (Figure [5.5b), where the matrix is partitioned
into 2D tiles, the number of which is equal to the number of PIM cores. With the 2D partitioning
technique, we aim to strive a balance between computation and data transfer costs, since only a subset
of the elements of the input vector is copied into the DRAM bank of each PIM core. However, PIM

cores assigned to tiles that horizontally overlap, i.e., tiles that share the same rows of the original
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matrix (rows that are split across multiple tiles), produce many partial results for the elements of the
output vector. These partial results are transferred to the host CPU, and merged by CPU cores, which
assemble the final output vector. In the SparseP library, the merge step performed by the CPU cores
is parallelized using the OpenMP API [616]).

In both data partitioning schemes, matrices are stored in a row-sorted way, i.e., the non-zero
elements are sorted in increasing order of their row indices. Therefore, each PIM core computes
results for a continuous subset of elements of the output vector. This way we minimize data transfer
costs, since we only transfer necessary data to the host CPU, i.e., the values of the elements of the
output vector produced at PIM cores. If each PIM core instead computed results for a non-continuous
subset of elements of the output vector, an additional array per core, which would store the indices of
the non-continuous elements within the output vector, would need to be transferred to the host CPU,

causing additional data transfer overheads.

5.3.3 Parallelization Techniques Across PIM Cores

To parallelize SpMV across multiple PIM cores SparseP supports various parallelization schemes for

both 1D and 2D partitioning techniques.

1D Partitioning Technique

To efficiently parallelize SpMV across multiple PIM cores via the 1D partitioning technique, SparseP
provides various load balancing schemes for each supported compressed matrix format. Figure
presents an example of parallelizing SpMV across multiple PIM cores using load balancing schemes
for the CSR and COO formats. For the CSR and COO formats, we balance either the rows, such
that each PIM core processes almost the same number of rows, or the non-zero elements, such that
each PIM core processes almost the same number of non-zero elements. In the CSR format, since the
matrix is stored in row-order, i.e., the rowptxr[ ] array stores the index pointers of the non-zero
elements of each row, and thus balancing the non-zero elements across PIM cores is performed at
row granularity. In the COO format, the matrix is stored in non-zero order using the tuples/[ ]
array, and thus balancing the non-zero elements can be performed either at row granularity, or by
splitting a row across two neighboring PIM cores to provide a near-perfect non-zero element balance
across cores. In the latter case, as mentioned, a small number of partial results for the output vector is
merged by the host CPU: if the row is split between two neighboring PIM cores at most one element
needs to be accumulated at the host CPU cores.

Figure|5.7|presents an example of parallelizing SpMV across multiple PIM cores using load balanc-
ing schemes of the BCSR and BCOO formats. In Figure[5.7] the cells of the matrix represent sub-blocks
of size 4x4: the grey cells represent sub-blocks that do not have any non-zero element, and the colored
cells represent sub-blocks that have £ non-zero elements, where k& is the number shown inside the
colored cell. In the BCSR and BCOO formats, since the matrix is stored in sub-blocks of non-zero
elements, we balance either the blocks, such that each PIM core processes almost the same number

of blocks, or the non-zero elements, such that each PIM core processes almost the same number of
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Figure 5.6: Load balancing schemes across PIM cores for the CSR (left) and COO (right) formats with
the 1D partitioning technique. The colored cells of the matrix represent non-zero elements.
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Figure 5.7: Load balancing schemes across PIM cores for the BCSR (left) and BCOO (left) formats with
the 1D partitioning technique. The cells of the matrix represent sub-blocks of size 4x4. The colored
cells of the matrix represent non-zero sub-blocks, and the number inside a colored cell describes the
number of non-zero elements of the corresponding sub-block.

non-zero elements. Similarly to CSR, in the BCSR format, the matrix is stored in block-row-order, i.e.,
the browptr[ ] array stores the index pointers of the non-zero blocks of each block row (recall that
a block row represents r consecutive rows of the original matrix, where r is the vertical dimension
of the sub-block), and thus balancing the blocks or the non-zero elements across cores is limited to
be performed at block-row granularity. In the BCOO format, given that a block-row might be split
across two PIM cores, a small number of partial results for the output vector is merged by the host
CPU: between two neighboring PIM cores at most block size r elements (r is the vertical dimension

of the block size) might need to be accumulated at the host CPU cores.

2D Partitioning Technique

SparseP includes three 2D partitioning techniques, shown in Figure
1. equally-sized (Figure [5.8a): The 2D tiles are statically created to have the same height and

width. This way the subsets of the elements for the input and output vectors have the same

sizes across all PIM cores.
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2. equally-wide (Figure [5.8b): The 2D tiles have the same width and variable height. This way
the subset of the elements for the input vector has the same size across PIM cores, while the
subset of the elements for the output vector varies across PIM cores. We balance the non-zero
elements across the tiles of the same vertical partition, such that we can provide high non-zero
element balance across PIM cores assigned to the same vertical partition.

3. variable-sized (Figure[5.8c): The 2D tiles have both variable width and height. We balance the
non-zero elements both across the vertical partitions and across the tiles of the same vertical

partition. This way we can provide high non-zero element balance across all PIM cores.
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Figure 5.8: The 2D partitioning techniques of SparseP package assuming 4 PIM cores and 2 vertical
partitions.

SparseP provides various load balancing schemes across PIM cores in the equally-wide and variable-
sized techniques. In the equally-wide technique, for the CSR and COO formats, we balance the non-
zero elements across the tiles of the same vertical partition. Load balancing in the CSR format is
performed at row-granularity, i.e., splitting the rowptr[ ] array across PIM cores. For the BCSR
and BCOO formats, we balance either the blocks or the non-zero elements across the tiles of the
same vertical partition. Load balancing in the BCSR format is performed at block-row granularity,
i.e., splitting the browptr [ ] array across PIM cores. In the variable-sized technique, we first bal-
ance the non-zero elements across the vertical partitions, such that the vertical partitions include the
same number of non-zero elements. Then, across the tiles of the same vertical partition, we balance
the non-zero elements for the CSR (at row-granularity) and COO formats, and either the blocks or
the non-zero elements for the BCSR (at block-row granularity) and BCOO formats.

Table[5.1|summarizes the parallelization approaches across PIM cores. Please also see Appendix|38.3]
for all SpMV kernels provided by the SparseP software package. All kernels support a wide range of
data types, i.e., 8-bit integer (int8), 16-bit integer (int16), 32-bit integer (int32), 64-bit integer (int64),
32-bit float (fp32), and 64-bit float (fp64) data types.

5.3.4 Parallelization Techniques Across Threads within a PIM Core

PIM cores can support multiple hardware threads to exploit high memory bank bandwidth [161}/162].
To parallelize SpMV across multiple threads within a multithreaded PIM core SparseP supports var-
ious load balancing schemes for each compressed matrix format, and three synchronization ap-

proaches to ensure correctness among threads of a PIM core.
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Partitioning | Compressed Load Balancing
Technique Format Across PIM Cores
rows (CSR.row)
CSR nnz* (CSR.nnz)
rows (COO.row)
COO nnz* (COO.nnz-rgrn)
1D nnz (COO.nnz)
blocks’ (BCSR.block)
BESR nnz' (BCSR.nnz)
blocks (BCOO.block)
BCOO nnz (BCOO.nnz)
CSR (DCSR) -
2D COO (DCOO0) -

equally-sized [ BCSR (DBCSR) | -
BCOO (DBCOO) | -
CSR (RBDCSR) | nnz*

COO (RBDCOO) | nnz

2D blocks’ (RBDBCSR)

equally-wide BCSR nnzt
BCOO blocks (RBDBCOO)
nnz

CSR (BDCSR) nnz*
COO (BDCOO) | nnz
2D blocks" (BDBCSR)

variable-sized | BESR nnzt
BCOO blocks (BDBCOO)
nnz

Table 5.1: Parallelization techniques across PIM cores of the SparseP library. *: row-granularity, ':
block-row-granularity

Load Balancing Approaches
In a similar way as explained in Figure 5.6} for the CSR and COO formats, we balance either the rows,

such that each thread processes almost the same number of rows, or the non-zero elements, such
that each thread processes almost the same number of non-zero elements. In the CSR format, matrix
is stored in row-order, and thus load balancing across threads is performed at row granularity. In
the UPMEM PIM system, elements of the output vector are accessed at 64-bit granularity in DRAM
memory. Thus, when balancing is performed at row granularity, we assign rows to threads in chunks
of 8/sizeof(data_type) to ensure 8-byte alignment on the elements of the output vector. In the COO
format, balancing the non-zero elements can be performed either at row granularity or by splitting
the row between threads, i.e., providing an almost perfect non-zero balance across threads. In the
latter case, synchronization among threads for write accesses on the elements of the output vector
can be implemented with three synchronization approaches described in Section [5.3.4]

For the BCSR and BCOO formats, we balance either the blocks, such that each thread processes

almost the same number of blocks, or the non-zero elements, such that each thread processes almost
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the same number of non-zero elements. In the BCSR format, the matrix is stored in block-row order,
and thus load balancing across threads is performed at block row granularity. For both formats, the
block sizes are configurable in SparseP. In our evaluation, we use block sizes of 4x4, since these are
the most common dimensions to cover various sparse matrices [18,320,/617]. In the UPMEM PIM
architecture, elements of the output vector are accessed at 64-bit granularity. Therefore, for the BCSR
format, with an 8-bit integer data type and small block sizes (4x4 or smaller), threads use synchroniza-
tion primitives to ensure correctness when writing the elements of the output vector. This is because
different threads may write to the same 64-bit-aligned DRAM memory location. Synchronization
among threads for writes to the elements of the output vector is necessary for all configurations of

the BCOO format, and can be implemented with three approaches described next.

Synchronization Approaches

SparseP provides three synchronization approaches.

1. Coarse-Grained Locking (Ib-cg). One global mutex protects the elements of the entire output
vector.

2. Fine-Grained Locking (Ib-fg). Multiple mutexes protect the elements of the output vector.
SparseP associates mutexes to the elements of the output vector in a round-robin manner. The
UPMEM API supports up to 56 mutexes [615]]. In our evaluation, we use 32 mutexes such that
we can find the corresponding mutex for a particular element of the output vector only with a
shift operation on the MRAM address, avoiding costly division operations.

3. Lock-Free (If). Since the formats are row-sorted or block-row-sorted, race conditions in the
elements of the output vector arise only in a few elements, i.e., either when a row (or a block
row for BCSR/BCOO) is split across threads, or when continuous elements of the output vector
processed by different threads belong to the same 64-bit-aligned DRAM location in the UPMEM
PIM system. In our proposed lock-free approach, threads temporarily store partial results for
these few elements in the data (scratchpad) memory (i.e., WRAM in the UPMEM PIM system),
and later one single thread merges the partial results, and writes the final result for the corre-

sponding element of the output vector to the DRAM bank.

Table summarizes the parallelization techniques across threads of a PIM core. All kernels
support a wide range of data types, i.e., 8-bit integer (int8), 16-bit integer (int16), 32-bit integer
(int32), 64-bit integer (int64), 32-bit float (fp32), and 64-bit float (fp64) data types.

5.3.5 Kernel Implementation

We briefly describe the SparseP implementations for all compressed matrix formats, i.e., the way
that threads access data involved in the kernel from/to the local DRAM bank. The SpMV kernels
include three types of data structures: (i) the arrays that store the non-zero elements, i.e., the val-
ues (values|[ ]) and the positions of the non-zero elements (rowptr[ ], colind[ ] for CSR,
tuples|[] forCOO,browptr[],bcolind[ ] forBCSR,browind[ ],bcolind[ ] for BCOO),
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Compressed | Load Balancing Synchronization
Format Across Threads Approach
rows (CSR.row) -
CSR nnz* (CSR.nnz) -
rows (COO.row) -
COO nnz* (COO.nnz-rgrn) | -
nnz (CO0.nnz) lIb-cg / Ib-fg / 1f
BCSR blocks’ (BCSR.block) | Ib-cg / Ib-fg (only for int8 and small block sizes)
nnz' (BCSR.nnz) lb-cg / 1b-fg (only for int8 and small block sizes)
BCOO blocks (BCOO.block) | Ib-cg / Ib-fg / If
nnz (BCOO.nnz) lb-cg / Ib-fg / 1f

Table 5.2: Parallelization schemes across threads of a PIM core. *

granularity

: row-granularity, ": block-row-

(ii) the array that stores the elements of the input vector, and (iii) the array that stores the partial re-

sults created for the elements of the output vector.

First, SpMV performs streaming memory accesses to the arrays that store the non-zero elements
and their positions. Therefore, to exploit spatial locality and immense bandwidth in data (scratch-
pad or cache) memory, each thread reads the non-zero elements by fetching large chunks of bytes
in a coarse-grained manner from DRAM to data memory (i.e., WRAM in the UPMEM PIM system).
Then, it accesses elements through data memory in a fine-grained manner. In the UPMEM PIM sys-
tem, we fetch chunks of 256-byte data to discover the non-zero elements, as suggested by the UP-
MEM API [615], since 256-byte transfer sizes highly exploit the available local bandwidth of DRAM
bank [161,/162]. For the BCSR and BCOO formats, only for the array that stores the values of the
non-zero elements (i.e., bvalues|[ ]), we fetch from DRAM to data memory block size chunks, i.e.,

chunks of r X ¢ x sizeof(data_type) bytes, assuming that the matrix is stored in blocks of size r X c.

Second, SpMV causes irregular memory accesses to the elements of the input vector. Specifically,
the accesses to the elements of the input vector are input-driven, i.e., they are determined by the
column positions (column indexes) of the non-zero elements of each particular matrix. Given that
matrices involved in SpMV are very sparse [18,/103}|150.286,289-293], i.e., the column indexes of the
non-zero elements significantly vary, memory accesses to the input vector incur poor data locality.
Thus, in our SpMV implementations, threads of a PIM core directly access elements of the input vector
through DRAM bank at fine-granularity [161,/162,615], i.e., using the smallest possible granularity:
for the CSR and COO formats at 64-bit granularity, and for the BCSR and BCOO formats at the

granularity of ¢ X sizeof(data_type) bytes, where c is the horizontal dimension of the block size.

Third, regarding the output vector, threads temporarily store partial results for the same elements
of the output vector in data (scratchpad or cache) memory to exploit data locality, until all the non-
zero elements of the same row or the same block row have been traversed (recall matrices are stored
in a row-sorted way). Then, the produced results are written to DRAM bank at fine-granularity [[161,
162,615]: for the CSR and COO formats at 64-bit granularity, and for the BCSR and BCOO formats at

the granularity of r x sizeof(data_type) bytes, where r is the vertical dimension of the block size.
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5.4 Evaluation Methodology

We conduct our evaluation on an UPMEM PIM system that includes a 2-socket Intel Xeon Silver 4110
CPU [618] at 2.10 GHz (host CPU), standard main memory (DDR4-2400) [614] of 128 GB, and 20
UPMEM PIM DIMMs with 160 GB PIM-capable memory and 2560 DPUs/]

First, we evaluate SpMV execution using one single DPU and multiple tasklets (Section [5.5). Ta-
ble|5.3| shows our evaluated small matrices that fit in the 64 MB DRAM memory of a single DPU. The
evaluated matrices vary in sparsity (i.e., NNZ / (rows x columns)), standard deviation of non-zero
elements among rows (NNZ-r-std) and columns (NNZ-c-std). The highlighted matrices in Table
with red color exhibit block pattern [17,[18], i.e., they include a lot of dense sub-blocks (almost all

their non-zero elements fit in dense sub-blocks).

Matrix Name || Sparsity | NNZ-r-std | NNZ-c-std
delaunay n13 7.32e-04 1.343 1.343
wing_nodal 1.26e-03 2.861 2.861
raefsky4 3.396e-03 15.956 15.956
pkustk08 0.006542 61.537 61.537

Table 5.3: Small Matrix Dataset.

Second, we evaluate SpMV execution using multiple DPUs of the UPMEM PIM system (Sec-
tion [5.6). We evaluate SpMV execution using both 1D (Section and 2D (Section parti-
tioning techniques, and compare them (Section using a wide variety of sparse matrices with
diverse sparsity patterns. We select 22 representative sparse matrices from the Sparse Suite Collec-
tion [532], the characteristics of which are shown in Table As the values of the last two metrics
increase (i.e., NNZ-r-std and NNZ-c-std), the matrix becomes very irregular [108/109], and is referred
to as scale-free matrix. In our evaluation, we refer to all matrices between hgc to bns matrices of
Table as regular matrices. The matrices in which NNZ-r-std is larger than 25, i.e., all matrices
between wbs to ask in Table we refer to as scale-free matrices. Please see Appendix (8.4 for a
complete description of our dataset of large sparse matrices.

Third, we compare the performance and energy consumption of SpMV execution on the UPMEM
PIM system to those on the Intel Xeon Silver 4110 CPU [618] and the NVIDIA Tesla V100 GPU [619]
(Section5.7).

In Section we summarize our key takeaways and provide programming recommendations
for software designers, and suggestions and hints for hardware and system designers of future PIM

systems.

“There are thirty two faulty DPUs in the system where we run our experiments. They cannot be used and do not affect
the correctness of our results, but take away from the system’s full computational power of 2560 DPUs.
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’ Matrix Name H Sparsity | NNZ-r-std | NNZ-c-std
hugetric-00020 (hgc) 4.21e-07 0.031 0.031
mc2depi (mc2) 7.59e-06 0.076 0.076
parabolic_fem (pfm) 1.33e-05 0.153 0.153
roadNet-TX (rtn) 1.98e-06 1.037 1.037
rajat31 (rjt) 9.24e-07 1.106 1.106
af _shelll (ash) 6.90e-05 1.275 1.275
delaunay n19 (del) 1.14e-05 1.338 1.338
thermomech _dK (tdk) 6.81e-05 1.431 1.431
memchip (mem) 2.02e-06 2.062 1.173
amazon0601 (amz) 2.08e-05 2.79 15.29
FEM_3D_thermal2 (fth) 1.59%e-04 4.481 4.481
web-Google (wbg) 6.08e-06 6.557 38.366
ldoor (1dr) 5.13e-05 11.951 11.951
poisson3Db (psb) 3.24e-04 14.712 14.712
boneS10 (bns) 6.63e-05 20.374 20.374
webbase-1M (wbs) 3.106e-06 25.345 36.890
in-2004 (in) 8.846e-06 37.230 144.062
pkustk14 (pks) 6.428e-04 46.508 46.508
com-Youtube (cmb) 4.639¢-06 50.754 50.754
as-Skitter (skt) 7.71e-06 136.861 136.861
sx-stackoverflow (sxw) || 5.352e-06 137.849 65.367
ASIC_680k (ask) 8.303e-06 659.807 659.807

Table 5.4: Large Matrix Dataset. Matrices are sorted by NNZ-r-std, i.e., based on their irregular
pattern. The highlighted matrices with red color exhibit block pattern [[17.[18].

5.5 Analysis of SpMV Execution on One DPU

This section characterizes SpMV performance with various load balancing schemes and compressed
matrix formats using multiple tasklets in a single DPU. Section compares load balancing schemes
of each compressed matrix format, and Section compares the scalability of various compressed

matrix formats.

5.5.1 Load Balancing Schemes Across Tasklets of One DPU

We compare the parallelization schemes of each compressed matrix format supported by SparseP
library (presented in Table across multiple threads of a multithreaded PIM core. Figure [5.9|com-
pares the load balancing schemes of each compressed matrix format using 16 tasklets in a single
DPU. For the BCSR and BCOO formats, we omit results for the fine-grained locking approach, since
it performs similarly with the coarse-grained locking approach: as we explain in Appendix
fine-grained locking does not increase parallelism over coarse-grained, since in the UPMEM PIM
hardware, DRAM memory accesses of the critical section are serialized in the DMA engine of the
DPU [161l[162l/615].
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Figure 5.9: Execution time achieved by various load balancing schemes of each compressed matrix
format using 16 tasklets of a single DPU.

We draw four findings from Figure First, we find that SpMV execution using int8, int16, and
int32 data types achieves similar execution times across them. This is because the multiplication
operation of these data types is sufficiently supported by hardware [162]. In contrast, execution time
sharply increases when using more heavyweight data types, i.e., int64 and floating point data types,

in which multiplication is emulated in software using the 8x8-bit multiplier of the DPU [[161,162.615]].

Second, we observe that balancing the non-zero elements across tasklets typically outperforms
balancing the rows for the CSR/COO formats or blocks for the BCSR/BCOO formats, since the non-
zero element multiplications are computationally very expensive and can significantly affect load
balance across tasklets. However, in delaunay n13 matrix, balancing the non-zero elements
causes high row/block imbalance across tasklets, since one tasklet processes a significantly higher
number of rows/blocks over the rest, thereby causing high operation imbalance across tasklets within
the DPU core pipeline. As a result, balancing the rows/blocks outperforms balancing the non-zero
elements due to the particular pattern of delaunay n13 matrix. Inaddition, performance ben-
efits of balancing the blocks over balancing the non-zero elements are significant in the BCSR/BCOO

formats, because they operate at block granularity and incur high loop control costs.

Third, we observe that the lock-free approach (COO.nnz-1f) outperforms the lock-based ap-
proaches (COO.nnz-1b-cgand COO.nnz-1b-fg)indelaunay n13 matrix, especially
in data types where the multiplication operation is supported directly in hardware. Indelaunay n13
matrix, one tasklet processes a much larger number of rows than the rest, i.e., it performs a much
larger number of critical sections than the rest. In other words, one tasklet performs a much larger
number of lock acquisitions/releases and memory instructions than the rest. Thus, lock-based ap-

proaches cause high operation imbalance in the DPU core pipeline with significant performance
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costs. Instead, lock-free and lock-based approaches in the BCOO format perform similarly, since lock
acquisition/release costs can be hidden due to BCOO’s higher loop control costs and larger critical
sections. Overall, based on the second and the third findings, we conclude that in matrices and for-
mats, where the load balancing and/or the synchronization scheme used cause high disparity in the
number of non-zero elements/blocks/rows processed across tasklets or the number of lock acqui-
sitions/lock releases/memory accesses performed across tasklets, the DPU core pipeline can incur

significant performance overheads.

-

OBSERVATION 1:
High operation imbalance in computation, control, synchronization, or mem-
ory instructions executed by multiple threads of a PIM core can cause high

performance overheads in the compute-bound and area-limited PIM cores.

Fourth, we find that the fine-grained locking approach (COO . nnz-1b-fg) performs similarly
with the coarse-grained locking approach (COO.nnz-1b-cg). This is because the critical section
includes memory accesses to the local DRAM bank, which, in the UPMEM PIM hardware, are serial-
ized in the DMA engine of the DPU. Therefore, fine-grained locking does not increase execution par-
allelism over coarse-grained locking, since concurrent accesses to MRAM bank are not supported in
the UPMEM PIM hardware. Fine-grained locking does not improve performance over coarse-grained
locking, also when using block-based formats (e.g., BCSR/BCOO formats), as we demonstrate in Ap-
pendix[8.1.1] Therefore, we recommend PIM hardware designers to provide lightweight synchroniza-
tion mechanisms [5] for PIM cores, and/or enable concurrent accesses to local DRAM memory, e.g.,
supporting sub-array level parallelism [180,489,552,/557,560,620-622] or multiple DRAM banks per
PIM core.

-

OBSERVATION 2:
Fine-grained locking approaches to parallelizing critical sections that
perform memory accesses to different DRAM memory locations can-
not improve performance over coarse-grained locking, when the

PIM hardware does not support concurrent accesses to a DRAM bank.

5.5.2 Analysis of Compressed Matrix Formats on One DPU

We compare the scalability and the performance achieved by various compressed matrix formats.
Figure compares the supported compressed formats for the int8 (top graphs) and fp64 (bottom
graphs) data types when balancing the non-zero elementsacross tasklets of a DPU.

We draw three findings. First, we find that even though a DPU supports 24 tasklets, SpMV exe-
cution typically scales up to 16 tasklets, since the DPU pipeline is fully utilized. In delaunay n13
matrix, CSR . nnz scales up to 24 tasklets. In this matrix, when using 16 tasklets, performance of the

CSR.nnz scheme is limited by memory accesses: only one tasklet processes 6 X more rows than the
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Figure 5.10: Scalability of all compressed formats for the int8 (top graphs) and fp64 (bottom graphs)
data types as the number of tasklets of a single DPU increases.

rest, i.e., it performs 6 X more memory accesses to fetch elements from the rowptr[ ] array. Thus,
as we increase the number of tasklets from 16 to 24, the disparity in the number of rows across tasklets
decreases, and the performance of the CSR . nnz scheme improves.Second, we observe that for the
data types with hardware-supported multiplication operation (e.g., int8 data type), CSR achieves the
highest scalability, since it provides a better balance between memory access and computation. In
contrast, in the floating point data types (e.g., fp64 data type), the DPU is significantly bottlenecked
by the expensive software-emulated multiplication operations, and thus all formats scale similarly.
Third, we observe that the BCSR and BCOO formats outperform the CSR and COO formats in matri-
ces that exhibit block pattern (i.e., raefsky4 and pkustkO08 matrices), only when multiplication
is supported by hardware (e.g., int8 data type). This is because they exploit spatial and temporal lo-
cality in data memory (i.e., WRAM) in the accesses of the elements of the input vector. Instead, in the
fp64 data type, performance is severely bottlenecked by computation, thus the BCSR/BCOO formats
perform worse than the CSR/COO formats, since they incur higher indexing costs to discover the

positions of the non-zero elements [286L/617]].

OBSERVATION 3:
Block-based formats (e.g., BCSR/BCOO) and can provide high performance gains
over non-block-based formats (e.g., CSR/COO) in matrices that exhibit block pat-
tern, if the multiplication operation is supported by hardware. Otherwise, the state-

of-the-art CSR and COO formats can provide high performance and scalability.
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5.6 Analysis of SpMV Execution on Multiple DPUs

This section analyzes SpMV execution using multiple DPUs in the UPMEM PIM system using the
large matrix data set of Table

Section evaluates the 1D partitioning schemes. Section evaluates the actual kernel
time of SpMV by comparing (a) all load balancing schemes of each compressed matrix format, and
(b) the performance of all compressed matrix formats. Section characterizes end-to-end SpMV
execution time of the 1D partitioning technique including the data transfer costs for the input and
output vectors.

Section evaluates the 2D partitioning techniques. Section presents three character-
ization studies on (a) performing fine-grained data transfers to transfer the elements of the input
and output vectors to/from PIM-enabled memory, (b) the scalability of 2D partitioning techniques to
thousands of DPUs, and (c) the number of vertical partitions to perform on the matrix. Section [5.6.2]
compares the end-to-end performance of all compressed matrix formats for each of the three types
of 2D partitioning techniques. Section[5.6.2|compares the best-performing SpMV implementations of
all three types of 2D partitioning techniques.

Section|[5.6.3|compares the best-performing (on average across all matrices and data types) SpMV

implementations of the 1D and 2D partitioning techniques.

5.6.1 Analysis of SpMV Execution Using 1D Partitioning Techniques

We evaluate the 1D partitioning schemes highlighted in bold in Table5.1] Specifically, for COO . nnz,
we present the coarse-grained locking (COO . nnz-1b) and lock-free (COO . nnz-1f£) approaches,
since the fine-grained locking approach performs similarly with the coarse-grained locking approach,
as shown in the previous section (Section[5.5.1). Similarly, for the BCSR (int8 data type) and BCOO
formats, we present only the coarse-grained locking approach, since all synchronization approaches
perform similarly (Section[5.5.1). Finally, in all experiments presented henceforth, we use 16 tasklets
and load-balance the non-zero elements across tasklets within the DPU, since this load balancing
scheme provides the highest performance benefits on average across all matrices and data types,

according to our evaluation shown in Section 5.5

Analysis of Kernel Time

We compare the kernel time of SpMV achieved by various load balancing schemes for each par-
ticular compressed matrix format, and then we compare the kernel time of the compressed matrix
formats.
Analysis of Load Balancing Schemes Across DPUs. Figure compares load balancing tech-
niques for each compressed matrix format using 2048 DPUs and the int32 data type.

We draw four findings. First, we observe that CSR.nnz and COO.nnz-rgrn, i.e., balancing
the non-zero elements across DPUs (at row granularity), either outperform or perform similarly to

CSR. row and COO. row, respectively, i.e., balancing the rows across DPUs, except for hgc and
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Figure 5.11: Performance comparison of load balancing techniques for each particular compressed
format using 2048 DPUs and the int32 data type.

del matrices. In these two matrices, CSR.nnz and COO.nnz-rowgrn incur a high disparity
in rows assigned to DPUs, i.e., only one DPU processes 4x and 11x more rows than the rest, for
hgc and del matrices, respectively. This in turn creates a high disparity in the elements of the
output vector processed across DPUs, causing performance to be limited by the DPU that processes
the largest number of rows. Thus, we find that adaptive load balancing approaches and selection
methods based on the characteristics of each input matrix need to be developed to achieve high

performance across all matrices.

OBSERVATION 4:
Adaptive load balancing schemes and selection methods for the balancing scheme
on rows/blocks/non-zero elements based on the characteristics of each input

matrix need to be developed to provide best performance across all matrices.
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Second, we find that COO.nnz-1b and COO.nnz-1f, which provide an almost perfect non-
zero element balance across DPUs, significantly outperform COO.row and COO.nnz-rgrn in
scale-free matrices (i.e., from wbs to ask matrices) by on average 6.73x. Scale-free matrices have
only a few rows, that include a much larger number of non-zero elements compared to the remaining
rows of the matrix. Therefore, perfectly balancing the non-zero elements across DPUs provides high

performance gains.

OBSERVATION 5:
Perfectly balancing the non-zero elements across PIM cores can provide

significant performance benefits in highly irregular, scale-free matrices.

Third, we find that the lock-free COO . nnz - 1 f scheme outperforms the lock-based COO.nnz-1b
scheme by 1.34x on average, and provides high performance benefits when there is a high row im-
balance across tasklets within the DPU. When one tasklet processes a much larger number of rows
versus the rest, it executes a much larger number of critical sections. As a result, the core pipeline
incurs high imbalance in lock acquisitions/releases, causing the lock-based approach to incur high

performance overheads in relatively compute-bound DPUs [161,/162].

OBSERVATION é6:
Lock-free approaches can provide high performance benefits over lock-based approaches

in PIM architectures, because they minimize synchronization overheads in PIM cores.

Finally, in the BCSR and BCOO formats, balancing the blocks across DPUs performs similarly (on

average across all matrices) to balancing the non-zero elements across DPUs.

To further investigate the performance of the various load balancing schemes, Figure com-
pares them using all the data types. We present the geometric mean of all matrices using 2048 DPUs.
In the CSR and COO formats, balancing the non-zero elements across DPUs on average outperforms
balancing the rows across DPUs by 1.18 x and 1.20x, respectively. We observe that in the COO for-
mat almost perfectly balancing the non-zero elements across DPUs provides significant performance
benefits (2.55 %, averaged across all the data types), compared to balancing the rows, especially when
multiplication is not supported by hardware (e.g., for the floating point data types). In contrast, in
the BCSR and BCOO formats, balancing the blocks across DPUs performs only slightly better (on

average 2.7% across all the data types) than balancing the non-zero elements.

Comparison of Compressed Matrix Formats. Figures and compare the throughput (in
GOperations per second) and the performance, respectively, achieved by various compressed for-
mats using 2048 DPUs and the int32 data type. For the CSR and COO formats, we select balancing
the non-zero elements across DPUs, and for the BCSR and BCOO formats, we select balancing the
blocks across DPUs, since these are the best-performing schemes for each format averaged across all
matrices and data types (Figure [5.12).
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Figure 5.12: Performance comparison of load balancing techniques for each data type using 2048
DPUs.
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Figure 5.13: Throughput of various compressed formats using 2048 DPUs and the int32 data type.
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Figure 5.14: Performance comparison of various compressed formats using 2048 DPUs and the int32
data type. Performance is normalized to that of CSR. nnz.

We draw four findings. First, matrices that exhibit block pattern (almost all non-zero elements of
the matrix fit in dense sub-blocks), i.e., ash, 1dr, bns, pks matrices, have the highest throughput,
since they leverage higher data locality compared to matrices with non-block pattern. Second, in
scale-free matrices, the COO and BCOO formats significantly outperform the CSR and BCSR formats

by 6.94x and 13.90x, respectively. This is because they provide better non-zero element balance
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across DPUs. In the CSR and BCSR formats, the non-zero element balance is limited to be performed
at row and block-row granularity, respectively, causing performance to be limited by the DPU that
processes the largest number of non-zero elements. Third, we observe that the BCOO format can
outperform the CSR format even in non-blocked scale-free matrices. Fourth, we find that when the
CSR and BCSR formats provide sufficient non-zero element balance across DPUs, i.e., in many regular
matrices such as rtn, tdk, amz, and fth, they can outperform the COO and BCOO formats,

respectively.

OBSERVATION 7:
In scale-free matrices, the COO and BCOO formats significantly outperform the CSR and

BCSR formats, because they provide higher non-zero element balance across PIM cores.

Analysis of End-To-End SpMV Execution

Figure shows the end-to-end execution time of 1D-partitioned kernels using 2048 DPUs and the
int32 data type. The times are broken down into (i) the time for CPU to DPU transfer to load the input
vector into DRAM banks (1oad), (ii) the kernel time on DPUs (kernel), (iii) the time for DPU to
CPU transfer to retrieve the results for the output vector (retrieve), and (iv) the time to merge
partial results on the host CPU cores (merge).
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Figure 5.15: Total execution time when using 2048 DPUs and the int32 data type for CR: CSR. nnz,
CO: COO.nnz-1f,BR: BCSR.block and BO: BCOO.block kernels.

We draw four findings. First, the 1oad data transfers constitute more than 90% of the total
execution time, because the input vector is replicated and broadcast into each DPU, causing a large
number of bytes to be transferred through the narrow off-chip memory bus. An exception is in the
CSR and BCSR formats for sxw, ask matrices, which include one very dense row, and thus kernel
time is highly bottlenecked by one DPU that processes a significantly larger number of non-zero
elements than the rest. Second, the kernel time constitutes on average only 4.3% of the total
execution time, since SpMV is effectively parallelized to thousands of DPUs. Third, the retrieve
data transfers constitute on average 3.4% of the total execution time, because the output vector is
split across DPUs. Fourth, the merge time on the host CPU is negligible (less than 1% of the total
execution time), since only a few partial results for the elements of the output vector are merged by

the host CPU cores in the 1D partitioning techniques.
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s N

OBSERVATION 8:
The end-to-end performance of the 1D partitioning techniques is severely bottlenecked
by the data transfer costs to replicate and broadcast the whole input vector into each

DRAM bank of PIM cores, which takes place through the narrow off-chip memory bus.

. J

To further investigate on the costs to the load input vector into all DRAM banks of PIM-enabled
memory, we present in Figure[5.16|the total execution time achieved by COO . nnz - 1f when varying
(a) the data type using 2048 DPUs (normalized to the experiment for the int8 data type), and (b) the
number of DPUs for the int32 data type (normalized to 64 DPUs).
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Figure 5.16: End-to-end execution time breakdown achieved by COO . nnz-1f when varying (a) the
data type using 2048 DPUs (normalized to the experiment for the int8 data type), and (b) the number
of DPUs for the int32 data type (normalized to 64 DPUs).

We draw two conclusions. First, the 1oad data transfer costs increase proportionally to the
number of bytes of the data type, and still dominate performance even for the data type with the
smallest memory footprint (int8). Second, the 1oad data transfer costs and the associated memory
footprint for the input vector increase proportionally to the number of DPUs used, and thus the best

end-to-end performance is achieved using only a small portion of the available DPUs on the system.

-

OBSERVATION 9:
SpMV execution of the 1D-partitioned schemes cannot scale up to

a large number of PIM cores due to high data transfer overheads to

copy the input vector into each DRAM bank of PIM-enabled memory.
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5.6.2 Analysis of SpMV Execution Using 2D Partitioning Techniques

We evaluate the 2D-partitioned kernels highlighted in bold in Table Specifically, for the COO
format we use the lock-free approach, and for the BCSR (in the int8 data type) and BCOO formats
we use the coarse-grained locking approach. In the equally-wide and variable-sized techniques, for
the BCSR and BCOO formats we balance the blocks across DPUs of the same vertical partition, since
doing so performs slightly better than balancing the non-zero elements, as explained in Section|5.6.1]

In all experiments, we balance the non-zero elements across 16 tasklets within a single DPU.

Sensitivity Studies on 2D Partitioning Techniques

We present three characterization studies on the 2D partitioning techniques. First, we evaluate the
performance of fine-grained data transfers from/to PIM-enabled memory for the input and output
vectors. Second, we evaluate the scalability of the 2D partitioning techniques to thousands of DPUs.
Finally, we explore performance implications on the number of vertical partitions used in the 2D-
partitioned kernels.

Analysis of Fine-Grained Data Transfers. The UPMEM API [615] has the limitation that the
transfer sizes from/to all DRAM banks involved in the same parallel transfer need to be the same. The
UPMEM API provides parallel data transfers either to all DPUs of all ranks (henceforth referred to as
coarse-grained transfers), or at rank granularity, i.e., to 64 DPUs of the same rank (henceforth referred
to as fine-grained transfers). In the first case, parallel data transfers are performed to all DPUs used at
once, padding with empty bytes at the granularity of all DPUs used, e.g., 2048 DPUs in Figure In
the latter case, programmers iterate over the ranks of PIM-enabled DIMMs, and for each rank perform
parallel data transfers to the 64 DPUs of the same rank padding with empty bytes at the granularity
of 64 DPUs.

In SpMV execution, for the equally-wide and variable-sized techniques the heights and widths of
2D tiles vary, and thus padding with empty bytes is necessary for the 1oad and retrieve data
transfers of the elements of the input and output vector, respectively. Figure compares coarse-
grained data transfers, i.e., performing parallel transfers to all 2048 DPUs at once, with fine-grained
data transfers, i.e., iterating over the ranks and for each rank performing parallel transfers to the 64
DPUs of the same rank. We evaluate both the equally-wide and variable-sized techniques using the
COO format and with 2 and 32 vertical partitions. Please see Appendix[8.1.2]for all matrices.

We draw two findings. First, when the number of vertical partitions is small, e.g., 2 vertical
partitions, the disparity in widths across tiles in the variable-sized scheme is low. Thus, BT only
slightly outperforms BY by 1% on average, since in BY only a small amount of padding is added
on the 1oad data transfers of the input vector. In contrast, the disparity in heights across tiles
in the equally-wide and variable-sized schemes is high. Thus, RY and BY significantly outperform
RC and BC by an average of 1.68x and 1.60%, respectively. This is because fine-grained transfers
to retrieve the elements of the output vector significantly decrease the amount of bytes transferred
from PIM-enabled memory to host CPU over coarse-grained transfers. Second, when the number

of vertical partitions is large, e.g., 32 vertical partitions, the disparity in heights across tiles in the
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Figure 5.17: Performance comparison of RC: RBDCOO with coarse-grained transfers, RY: RBDCOO
with fine-grained transfers in the output vector, BC: BDCOO with coarse-grained transfers, BY:
BDCOO with fine-grained transfers only in the output vector, and BT: BDCOO with fine-grained
transfers in both the input and the output vector using the int32 data type, 2048 DPUs and having 2
(left) and 32 (right) vertical partitions. Performance is normalized to that of the RC scheme.

equally-wide and variable-sized schemes is lower compared to when the number of vertical partitions
is small. Thus, RY and BY provide smaller performance benefits over RC and BC (on average 1.24x
and 1.22 X, respectively), respectively, compared to a small number of vertical partitions. In contrast,
the disparity in heights across tiles in the equally-wide and variable-sized schemes is higher compared
to when the number of vertical partitions is small. Thus, BT outperforms BY by 4.7% on average.
Overall, we conclude that fine-grained data transfers (i.e., at rank granularity in the UPMEM PIM

system) can significantly improve performance in the equally-wide and variable-sized schemes.

-

OBSERVATION 10:
Fine-grained parallel transfers in the equally-wide and variable-sized 2D partition-
ing techniques, i.e., minimizing the amount of padding with empty bytes in parallel

data transfers to/from PIM-enabled memory, can provide large performance gains.

.

Scalability of the 2D Partitioning Techniques. We analyze scalability with the number of DPUs

for the 2D partitioning techniques. Figures[5.18] [5.19| and [5.20] compare the performance of the

equally-sized, equally-wide and variable-sized schemes, respectively, using the COO format and the
int32 data type, as the number of DPUs increases.

We draw two findings. First, the equally-sized scheme (i.e., DCOO) achieves high scalability with
a large number of vertical partitions. The kernel time of equally-sized scheme is mainly limited by

the DPU (or a few DPUs) that processes the largest number of non-zero elements. With a large num-
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Figure 5.18: Execution time breakdown of equally-sized partitioning technique of the COO format
using 4 (left) and 16 (right) vertical partitions when varying the number of DPUs used for the int32
data type. Performance is normalized to that with 256 DPUs.
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Figure 5.19: Execution time breakdown of equally-wide partitioning technique of the COO format
using 4 (left) and 16 (right) vertical partitions when varying the number of DPUs used for the int32
data type. Performance is normalized to that with 256 DPUs.
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Figure 5.20: Execution time breakdown of variable-sized partitioning technique of the COO format
using 4 (left) and 16 (right) vertical partitions when varying the number of DPUs used for the int32
data type. Performance is normalized to that with 256 DPUs.

ber of static vertical partitions, the non-zero element disparity across DPUs is high, i.e., the kernel
time is highly bottlenecked by the DPU that processes the largest number of non-zero elements. As
a result, increasing the number of DPUs improves performance by decreasing the kernel time via

better non-zero element balance across DPUs.

OBSERVATION 11:
The kernel time in the equally-sized schemes is limited by the PIM core (or a few

PIM cores) assigned to the 2D tile with the largest number of non-zero elements.

Second, we observe that the equally-wide and variable-sized schemes (i.e., RBDCOO and BDCOO)
are severely bottlenecked by retrieve data transfer costs (a large number of partial results is

created on PIM cores), and thus they are difficult to scale up to thousands of DPUs. Moreover, when
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the number of vertical partitions is high, the disparity in heights of the tiles is high. Thus, as the
number of DPUs increases, the amount of padding needed in retrieve data transfers becomes

very large, causing significant performance degradation.

-

OBSERVATION 12:
The scalability of the equally-wide and variable-sized schemes to a large num-
ber of PIM cores is severely limited by large data transfer overheads to re-
trieve partial results for the elements of the output vector from the DRAM

banks of PIM-enabled memory to the host CPU via the narrow memory bus.

- J

Effect of the Number of Vertical Partitions. In all experiments presented henceforth, we perform
fine-grained data transfers (at rank granularity, i.e., 64 DPUs in the UPMEM PIM system) in the
2D partitioning schemes. Figure evaluates performance implications on the number of vertical
partitions performed in 2D-partitioned kernels. We use the COO format and vary the number of

vertical partitions from 1 to 32, in steps of multiple of 2. We draw four findings.
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Figure 5.21: Execution time breakdown of 2D partitioning schemes using the COO format and 2048
DPUs when varying the number of vertical partitions from 1 to 32 for the int8 and fp64 data types.
Performance is normalized to the performance of the experiment with 1 vertical partition.

First, in the equally-sized scheme, as the number of vertical partitions increases, kernel time

increases, if there is no dense row in the matrix. This is because the disparity in the non-zero elements
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across 2D tiles increases as the number of vertical partitions increases. Thus, performance is limited

by one DPU or a few DPUs that process the largest number of non-zero elements.

e 2

OBSERVATION 13:
As the number of vertical partitions increases, the equally-sized 2D partitioning
scheme typically increases the non-zero element disparity across PIM cores (un-

less there is one dense row on the matrix), thereby increasing the kernel time.

L J

Second, as the number of vertical partitions increases, ret rieve data transfer costsand merge
time increase. This is because the partial results created for the output vector increase proportionally
with the number of vertical partitions. The performance overheads of retrieve data transfer costs
are highly affected by the characteristics of the underlying hardware (e.g., the bandwidth provided
on I/O channels of the memory bus between host CPU and PIM-enabled DIMMs). Similarly, the
performance cost of the merge step depends on the hardware characteristics of the host CPU (e.g.,
the number of the CPU cores, the available hardware threads, microarchitecture of CPU cores). We
refer the reader to Appendix for a comparison of SpMV execution using two different UPMEM
PIM systems with different hardware characteristics (Table [8.1).

Third, we find that in the equally-wide and variable-sized schemes, there is high disparity in
heights of 2D tiles, and as a result on the number of partial results created across DPUs. Even with
fine-grained parallel retrieve data transfers at rank granularity, the amount of padding needed
in the equally-wide and variable-sized schemes is at 88.6% and 88.0%, respectively, causing high bot-
tlenecks in the narrow memory bus. Therefore, in PIM systems that do not support very fine-grained
parallel transfers to gather results from PIM-enabled memory to the host CPU at DRAM bank granu-
larity, execution is highly limited by the amount of padding performed in ret rieve data transfers,
which can be very large in irregular workloads [1,{4]/18l142./103}/150,161,(162,[286,289-293,/326|546,587]]
like the SpMV kernel.

-

OBSERVATION 14:
The equally-wide and variable-sized 2D partitioning schemes require fine-
grained parallel transfers at DRAM bank granularity to be supported by
the PIM system, i.e., zero padding in parallel retrieve data transfers

from PIM-enabled memory to the host CPU, to achieve high performance.

Fourth, we find that the number of vertical partitions that provides the best performance depends
on the sparsity pattern of the input matrix, the data type, and the underlying hardware parameters
(e.g., number of PIM cores, off-chip memory bus bandwidth, transfer latency costs between main
memory and PIM-enabled memory, characteristics and microarchitecture of the host CPU cores that
perform the merge step). For example, with the int8 data type, DCOO performs best for hgc and
mem matrices with 8 and 4 vertical partitions, respectively. Instead, with the fp64 data type, DCOO

performs best for hgc and mem matrices with 16 and 8 vertical partitions, respectively. We refer the
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reader to Appendix for a characterization study on the number of vertical partitions to perform
in the 2D-partitioned kernels using two UPMEM PIM systems with different hardware character-
istics. As we demonstrate in Appendix the number of vertical partitions that provides best
performance on SpMV varies across the two different UPMEM PIM platforms. In this work, we leave
for future work the exploration of selection methods for the number of vertical partitions that provide
best SpMV execution. Overall, based on our analysis we conclude that the parallelization scheme that
achieves the best performance in SpMV depends on both the input sparse matrix and the hardware

characteristics of the PIM system.

s N

OBSERVATION 15:
There is no one-size-fits-all parallelization approach for SpMV in PIM sys-
tems, since the performance of each parallelization scheme depends on

the characteristics of the input matrix and the underlying PIM hardware.

Analysis of Compressed Formats

We compare the performance achieved by various compressed matrix formats for each of the three

types of the 2D partitioning technique. The goal of this experiment is to find the best-performing

compressed format for each 2D partitioning technique. Figures |5.22) [5.23) and [5.24| compare the

performance of compressed matrix formats for the equally-sized, equally-wide and variable-sized 2D
partitioning techniques, respectively. We use 2048 DPUs and the int32 data type having 4 vertical
partitions. See Appendix for the complete evaluation on all large sparse matrices.

We draw two findings. First, as already explained, kernel time of the equally-sized scheme
is limited by the DPU (or a few DPUs) assigned to the 2D tile with the largest number of non-zero
elements. In scale-free matrices (e.g., in and ask), the disparity in the non-zero elements across
2D tiles is higher than in regular matrices (e.g., pfg and bns), causing kernel time to be a larger
portion of the total execution time. Second, we find that the CSR and BCSR formats perform worse
than the COO and BCOO formats, especially in the equally-wide and variable-sized schemes, due to
higher kernel times. In the CSR and BCSR formats, data partitioning across DPUs and/or across
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Figure 5.22: End-to-end execution time breakdown of the equally-sized 2D partitioning technique for
CR: DCSR, CO: DCOO, BR: DBCSR and BO: DBCOO schemes using 4 vertical partitions and the int32
data type. Performance is normalized to that of DCSR.
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Figure 5.23: End-to-end execution time breakdown of the equally-wide 2D partitioning technique for
CR: RBDCSR, CO: RBDCOO, BR: RBDBCSR and BO: RBDBCOO schemes using 4 vertical partitions
and the int32 data type. Performance is normalized to that of RBDCSR.
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Figure 5.24: End-to-end execution time breakdown of the variable-sized 2D partitioning technique
for CR: BDCSR, CO: BDCOO, BR: BDBCSR and BO: BDBCOO schemes using 4 vertical partitions
and the int32 data type. Performance is normalized to that of BDCSR.
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tasklets within a DPU is performed at row and block-row granularity, respectively. Thus, the CSR and
BCSR formats can cause higher non-zero element imbalance across processing units compared to the
COO and BCOO formats. Overall, the COO and BCOO formats outperform the CSR and BCSR formats
by 1.59 X and 1.53 x (averaged across all three types of 2D partitioning techniques), respectively.

e 2

OBSERVATION 16:

The compressed matrix format used to store the input matrix determines the
data partitioning across DRAM banks of PIM-enabled memory. Thus, it affects
the load balance across PIM cores with corresponding performance implica-
tions. Overall, the COO and BCOO formats outperform the CSR and BCSR for-

mats, because they provide higher non-zero element balance across PIM cores.

Comparison of 2D Partitioning Techniques

We compare the best-performing SpMV implementations of all 2D partitioning schemes, i.e., using
the COO and BCOO formats. Figures and [5.26]compare the throughput (in GOperations per sec-
ond) and the performance, respectively, of DCOO, DBCOO, RBDCOO, RBDBCOO, BDCOO, BDBCOO
schemes using 2048 DPUs and the int32 data type. For each implementation, we vary the number

of vertical partitions from 2 to 32, in steps of multiple of 2, and select the best-performing execution
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Figure 5.25: Throughput of 2D partitioning techniques using the COO and BCOO formats, 2048 DPUs
and the int32 type.
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Figure 5.26: Performance comparison of 2D partitioning techniques using the COO and BCOO for-
mats, 2048 DPUs and the int32 type. Performance is normalized to that of DCOO.

We draw two conclusions. First, similarly to 1D-partitioned kernels, matrices that exhibit block
pattern (e.g., ash, 1dr, bns, pks) have the highest throughput (Figure [5.25). Second, the equally-
wide and variable-sized schemes perform similarly, i.e., their performance varies only by £1.1% on
average. Even though the variable-sized technique can improve the non-zero element balance across
DPUs, and thus kernel time, compared to the equally-wide technique, the total execution time does
not improve. In the UPMEM PIM system, performance of both techniques is severely bottlenecked by
data transfer overheads due to a large amount of padding needed to retrieve results from PIM-enabled
memory to the host CPU. Third, we find that the equally-sized technique outperforms the equally-wide
and variable-sized techniques by 3.71 X on average, because it achieves lower data transfer overheads.
The equally-wide and variable-sized techniques provide near-perfect non-zero element balance across
DPUs, but they significantly increase the retrieve data transfer costs due to the large amount of
padding with empty bytes performed. As a result, we recommend software designers to explore
relaxed load balancing schemes, i.e., schemes that trade off computation balance across PIM cores for

lower amounts of data transfer.

5.6.3 Comparison of 1D and 2D Partitioning Techniques

We compare the throughput (in GOperations per second) and the performance of the best-performing
1D- and 2D-partitioned kernels in Figures and respectively. For 1D partitioning, we use
the lock-free COO (COO . nnz-1f) and coarse-grained locking BCOO (BCOO . bl ock) kernels. For
each matrix, we vary the number of DPUs from 64 to 2528, and select the best-performing end-to-
end execution throughput. For 2D partitioning, we use the equally-sized COO (DCOO) and BCOO
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(DBCOO) kernels with 2528 DPUs. For each matrix, we vary the number of vertical partitions from
2 to 32 (in steps of multiple of 2), and select the best-performing end-to-end execution through-
put. The numbers shown over each bar of Figure present the number of DPUs that provide the
best-performing end-to-end execution throughput for each input-scheme combination. Please see
Appendix for a performance comparison of the best-performing SpMV kernels on two UPMEM

PIM systems with different hardware characteristics.
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Figure 5.27: Throughput of the best-performing 1D- and 2D-partitioned kernels for the fp32 data type.
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Figure 5.28: Performance comparison of the best-performing 1D- and 2D-partitioned kernels for the
fp32 data type. Performance is normalized to that of COO.nnz-1f.

We draw two findings. First, we find that best performance is achieved using a much smaller num-
ber of DPUs than the available DPUs on the system. In the 1D-partitioned kernels (i.e., COO.nnz-1f
and BCOO . block), replicating the input vector into a large number of DPUs significantly increases
the 1oad data transfer costs. Thus, best performance is achieved using 253 DPUs on average across
all matrices. In the 2D-partitioned kernels (i.e., DCOO and DBCOO), creating equally-sized 2D tiles
leads to a large disparity in non-zero element count across tiles, causing many tiles to be empty,
i.e., without any non-zero element. Thus, best performance is achieved using 1329 DPUs on average

across all matrices, since DPUs associated with empty tiles are idle.

-

OBSERVATION 17:
Expensive data transfers to PIM-enabled memory performed via the narrow

memory bus impose significant performance overhead to end-to-end SpMV ex-

ecution. Thus, it is hard to fully exploit all available PIM cores of the system.

Second, we observe that in regular matrices, the 2D-partitioned kernels outperform the 1D-

partitioned kernels by 1.45x on average. This is because the 2D-partitioned kernels use a larger
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number of DPUs, and thus their kernel times are lower. In contrast, in scale-free matrices, the
1D-partitioned kernels outperform the 2D-partitioned kernels by 1.41 x on average. This because the
equally-sized 2D technique significantly increases the non-zero element disparity across DPUs, i.e.,
kernel time is bottlenecked by only one DPU or a few DPUs that process a much larger number

of non-zero elements compared to the rest.

-

OBSERVATION 18:

In regular matrices, 2D-partitioned kernels outperform 1D-partitioned kernels,
since the former provide a better trade-off between computation and data trans-
fer overheads. In contrast, in scale-free matrices, 2D-partitioned kernels perform
worse than 1D-partitioned kernels, since the former’s performance is limited by

one DPU or a few DPUs that process the largest number of non-zero elements.

5.7 Comparison with CPUs and GPUs

We compare SpMV execution on the UPMEM PIM architecture to a state-of-the-art CPU and a state-
of-the-art GPU in terms of performance and energy consumption. Our goal is to quantify the potential
of the UPMEM PIM architecture on the widely used memory-bound SpMV kernel.

We compare the UPMEM PIM system with 2528 DPUs to an Intel Xeon CPU [618] and an NVIDIA
Tesla V100 GPU [619]], the characteristics of which are shown in Table We use peakperf [623]
and stream [624] for CPU and GPU systems to calculate the peak performance, memory bandwidth,
and Thermal Design Power (TDP). For the UPMEM PIM system, we estimate the peak performance as
Total_DPUs x AT, where the arithmetic throughput (AT) is calculated for the multiplication opera-
tion in Appendix (Figure , the total bandwidth as T'otal_DPU s * Bandwidth_DPU, where
the Bandwidth_DPU is 700 MB/s [157,(161,/162], and TDP as (T'otal_DPUs/DPU s_per_chip)
1.2W/chip from prior work [157,161,/162].

Process Peak Memor Total
System Node fctaneores Frequency Performance Capacit};l Bandwidth TDP
Intel Xeon 4110 CPU [618] 14 nm | 2x8 x86 cores (2x16 threads) 2.1GHz 660 GFLOPS 128 GB 23.1GB/s | 2x85W
NVIDIA Tesla V100 [619] 12 nm 5120 CUDA cores 1.25 GHz | 14.13 TFLOPS 32 GB 897 GB/s 300 W
PIM System 2x nm 2528 DPUs 350 MHz 4.66 GFLOPS 159 GB 1.77 TB/s 379 W

Table 5.5: Evaluated CPU, GPU, and UPMEM PIM Systems.

5.7.1 Performance Comparison

For the CPU system, we use the optimized CSR kernel from the TACO library [104]. For the GPU
system, we use the CSR5 CUDA [625,626] for the int32 data type and cuSparse [627] for the other data
types. For the UPMEM PIM system, we use the lock-free COO 1D-partitioned kernel (COO. nnz-1f)
and the equally-sized COO 2D-partitioned kernel (DCOO). In the former, we run experiments from
64 to 2528 DPUs, and in the latter, we use 2528 DPUs, and vary the number of vertical partitions

from 2 to 32, in steps of multiple of 2. In both schemes, we select the best-performing end-to-end
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Figure 5.29: Performance comparison between the UPMEM PIM system, Intel Xeon CPU and Tesla
V100 GPU on SpMV execution.

execution throughput. We also include the lock-free COO 1D-partitioned kernel using 2528 DPUs,
named COO. k1, to evaluate SpMV execution using all available DPUs of the system.

Figure[5.29)shows the throughput of SpMV (in GOperations per second) in all systems, comparing
both the end-to-end execution throughput (i.e., including the 1oad and retrieve data transfer
costs for the input and output vectors in case of the UPMEM PIM and GPU systems), and only the
actual kernel throughput (i.e., including the kernel time in DPUs and the merge time in host CPU
for the UPMEM PIM system).

We draw three conclusions. First, when data transfer costs to/from host CPU are included, CPU
outperforms both the GPU and UPMEM PIM systems, since data transfers impose high overhead.
When only the actual kernel time is considered, GPU performs best, since it is the system that provides
the highest computation throughput, e.g., 14.13 TFlops for the fp32 data type. Second, we evaluate
the portion of the machine’s peak performance achieved on SpMV in all systems, and observe that

SpMV execution on the UPMEM PIM system achieves a much higher fraction of the peak performance
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compared to CPU and GPU systems. For the fp32 data type, SpMV achieves on average 0.51% and
0.21% of the peak performance in CPU and GPU, respectively, while it achieves 51.7% of the peak
performance in the UPMEM PIM system using the COO. k1 scheme. Achieving a high portion of
machine’s peak performance is highly desirable, since the software highly exploits the computation
capabilities of the underlying hardware. This way, it improves the processor/resource utilization, and
the cost of ownership of the underlying hardware. Third, we observe that when all DPUs are used, as
in COO. k1, SpMV execution on the UPMEM PIM outperforms SpMV execution on the CPU by 1.09x
and 1.25x for the int8 and int32 data types, respectively, the multiplication of which is supported by
hardware. In contrast, SpMV execution on the UPMEM PIM performs 1.27x and 2.39x worse than
SpMV execution on the CPU for the fp32 and fp64 data types, the multiplication of which is software
emulated in the DPUs of the UPMEM PIM system.

s N

OBSERVATION 19:
SpMV execution can achieve a significantly higher fraction of the peak performance
on real memory-centric PIM architectures compared to that on processor-centric CPU

and GPU systems, since PIM architectures greatly mitigate data movement costs.

5.7.2 Energy Comparison

For energy measurements, we consider only the actual kernel time in all systems (in the UPMEM
PIM we consider the kernel and merge steps of SpMV execution). We use Intel RAPL [[628]] on
the CPU, and NVIDIA SMI [629]] on the GPU. For the UPMEM PIM system, we measure the number
of cycles, instructions, WRAM accesses and MRAM accesses of each DPU, and estimate energy with
energy weights provided by the UPMEM company [338]]. Figure shows the energy consumption
(in Joules) and performance per energy (in (GOp/s)/W) for all systems.

We draw three findings. First, GPU provides the lowest energy on SpMV over the other two
systems, since the energy results typically follow the performance results. Second, we find that the
2D-partitioned kernel, i.e., DCOO, consumes more energy than the 1D-partitioned kernels, i.e., COO
and COO. k1, due to the energy consumed in the host CPU cores. CPU cores merge a large number
of partial results in the 2D-partitioned kernels to assemble the final output vector, thereby increasing
the energy consumption. Finally, we find that the 1D-partitioned kernels provide better energy effi-
ciency on SpMV over the CPU system, when the multiplication operation is supported by hardware.
Specifically, 1D-partitioned kernels provide 3.16x and 4.52x less energy consumption, and 1.74x
and 1.14x better performance per energy over the CPU system for the int8 and int32 data types,

respectively.

OBSERVATION 20:
Real PIM architectures can provide high energy efficiency on SpMV execution.
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Figure 5.30: Energy comparison between the UPMEM PIM system, Intel Xeon CPU and Tesla V100
GPU on SpMV execution.

5.7.3 Discussion

These evaluations are useful for programmers to anticipate how much performance and energy sav-
ings memory-centric PIM systems can provide on SpMV over commodity processor-centric CPU
and GPU systems. However, our evaluated SpMV kernels do not constitute the best-performing ap-
proaches for all matrices. Designing methods to select the best-performing SpMV parallelization
scheme depending on the particular characteristics of the input matrix would further improve per-
formance and energy savings of SpMV execution on memory-centric PIM systems. Moreover, the
UPMEM PIM hardware is still maturing and is expected to run at a higher frequency in the near
future (500 MHz instead of 350 MHz) [162,338]]. Hence, SpMV execution on the UPMEM PIM ar-
chitecture might achieve even higher performance and energy benefits over the results we report
in this comparison. Finally, note that our proposed SparseP kernels can be adapted and evaluated
on other current and future real PIM systems with potentially higher computation capabilities and
energy efficiency than the UPMEM PIM system.

5.8 Key Takeaways and Recommendations

This section summarizes our key takeaways in the form of recommendations to improve multiple

aspects of PIM hardware and software.
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Recommendation #1. Design algorithms that provide high load balance across threads of a PIM core in
terms of computations, loop control iterations, synchronization points and memory accesses. Section 5.5
shows that in matrices and formats where the parallelization scheme used causes high disparity in
the non-zero elements/blocks/rows processed across threads of a PIM core, or the number of lock
acquisitions/lock releases/DRAM memory accesses performed across threads, SpMV performance
severely degrades in compute-bound DPUs [161,(162]]. Therefore, from a programmer’s perspective,
providing high operation balance across parallel threads is of vital importance in low-area and low-
power PIM cores with relatively low computation capabilities [1611162]].

Recommendation #2. Design compressed data structures that can be effectively partitioned across
DRAM banks, with the goal of providing high computation balance across PIM cores. Sections|[5.6.1]and
demonstrate that (i) the compressed matrix format used to store the input matrix determines
the data partitioning across DRAM banks of PIM-enabled memory, and (ii) SpMV execution using
the CSR and BCSR formats performs significantly worse than SpMV execution using the COO and
BCOO formats. This is because the matrix is stored in row- or block-row-order for the CSR and BCSR
formats, respectively, and thus data partitioning across DRAM banks is limited to be performed at row
or block-row granularity, respectively, leading to high non-zero element imbalance across PIM cores.
Therefore, we recommend that programmers design compressed data structures that can provide
effective data partitioning schemes with high computation balance across thousands of PIM cores.
Recommendation #3. Design adaptive algorithms that (i) trade off computation balance across PIM
cores for lower data transfer costs to PIM-enabled memory, and (ii) adapt their configuration to the
particular patterns of each input given, as well as the characteristics of the PIM hardware. Our analysis in
Sections|5.6.1} [5.6.2land [5.6.2|demonstrates that the best-performing SpMV execution on the UPMEM

PIM system can be achieved using algorithms that (i) trade off computation for lower data transfer

costs, and (ii) select the load balancing strategy and data partitioning policy based on the particular
sparsity pattern of the input matrix. In addition, the performance of each balancing scheme and data
partitioning technique for SpMV execution highly depends on the characteristics of the underlying
PIM hardware, as we explain in Section and Appendix To this end, we recommend that
software designers implement heuristics and selection methods for their algorithms to adapt their
configuration to the underlying hardware characteristics of the PIM system and the input data given.
Recommendation #4. Provide low-cost synchronization support and hardware support to enable con-
current memory accesses by multiple threads to the local DRAM bank to increase parallelism in a multi-
threaded PIM core. Section|5.5|shows that (i) lock acquisitions/releases can cause high overheads in the
DPU pipeline, and (ii) fine-grained locking approaches to increase parallelism in critical sections do
not improve performance over coarse-grained approaches in the UPMEM PIM hardware. This is be-
cause the DMA engine of the DPU serializes DRAM memory accesses included in the critical sections.
Based on these key takeaways, we recommend that hardware designers provide lightweight synchro-
nization mechanisms for multithreaded PIM cores [5], and enable concurrent access to local DRAM
memory arrays to increase execution parallelism. For example, sub-array level parallelism [620,622]
or multiple DRAM banks per PIM core could be supported in the PIM hardware to improve paral-

lelism.
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Recommendation #5. Optimize the broadcast collective operation in data transfers from main memory
to PIM-enabled memory to minimize overheads of copying the input data into all DRAM banks in the PIM
system. Figures and show that SpMV execution using the 1D partitioning technique cannot
scale up to a large number of PIM cores. This is because it is severely limited by data transfer costs
to broadcast the input vector into each DRAM bank of PIM-enabled DIMMs via the narrow off-chip
memory bus. To this end, we suggest that hardware and system designers provide a fast broadcast
collective primitive to DRAM banks of PIM-enabled memory modules [574]].

Recommendation #6. Optimize the gather collective operation at DRAM bank granularity for data

transfers from PIM-enabled memory to the host CPU to minimize overheads of retrieving the output

results. Figures|5.19, [5.20| and [5.21| demonstrate that SpMV execution using the equally-wide and

variable-sized 2D partitioning schemes is severely limited by data transfers to retrieve results for
the output vector from DRAM banks of PIM-enabled DIMMs. This is due to two reasons: (i) 2D-
partitioned kernels create a large number of partial results that need to be transferred from PIM-
enabled memory to the host CPU via the narrow memory bus in order to assemble the final output
vector, and (ii) the UPMEM PIM system has the limitation that the transfer sizes from/to all DRAM
banks involved in the same parallel transfer need to be the same, and therefore a large amount of
padding with empty bytes is performed in the equally-wide and variable-sized schemes. To this end,
we suggest that hardware and system designers provide an optimized gather primitive to efficiently
collect results from multiple DRAM banks to host CPU [574], and support parallel fine-grained data
transfers from PIM-enabled memory to host CPU at DRAM bank granularity to avoid padding with
empty bytes.

Recommendation #7. Design high-speed communication channels and optimized libraries for data
transfers to/from thousands of DRAM banks of PIM-enabled memory. Section [5.7| demonstrates that
SpMV execution on the memory-centric UPMEM PIM system achieves a much higher fraction of the
machine’s peak performance (on average 51.7% for the 32-bit float data type), compared to that on
processor-centric CPU and GPU systems. However, the end-to-end performance of both 1D- and 2D-
partitioned kernels is significantly limited by data transfer overheads on the narrow memory bus. To
this end, we recommend that the hardware architecture and the software stack of real PIM systems be
enhanced with low-cost and fast data transfers to/from PIM-enabled memory modules, and/or with

support for efficient direct communication among PIM cores [180,/190,/191,489,557,621]).

5.9 Related Work

To our knowledge, this is the first work that (i) extensively characterizes the Sparse Matrix Vector
Multiplication (SpMV) kernel in a real PIM system, and (ii) presents an open-source SpMV library for
real-world PIM systems. We briefly discuss closely related prior work.

Processing-In-Memory (PIM). A large body of prior work examines Processing-Near-Memory
(PNM) [5}[21H23,[25}[27H29, (3237, |76} 158}, 208}, 211213, 215, (216, (218,221} {228, 265267, 326, 338340,
368,369,385,389-392,397,543-546,549,/553,554,574,/575,581]. PNM integrates processing units near

or inside the memory via a 3D PNM configuration (i.e., processing units are located at the logic
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layer of 3D-stacked memories) [21}[28}29,32-35,(37, 76,212, 266,267,369, /581]], a 2.5D PNM config-
uration (i.e., processing units are located in the same package as the CPU connected via silicon
interposers) [5,208,221], a 2D PNM configuration (i.e., processing units are placed inside DDRX
DIMMs) (339,385,387, 1389392, 1397, 1400-403} 543, 544]], or at the memory controller of CPU sys-
tems [215,/546,/553]. These works propose hardware designs for irregular applications like graph
processing [29,32,33}35H37,218], bioinformatics [5,(25}/27,400,/401]], neural networks [[21-23}134,208,
221,[324,385]], pointer-chasing workloads [5,76.(216.[369]], and databases [28]]. However, none of these
works examines the SpMV kernel in such systems.

Several prior works enable Processing-Using-Memory (PUM) [[174}/175|/180,(181}/186,190-193,(199,
203,204, 207,2104219,/398,489,555-572,576,577|]. PUM exploits the operational principles of memory
cells to perform computation within the memory chip. Prior works propose PUM designs using
SRAM [174}}175}555L/556]], DRAM [180}/181,/186,(190-192.219,398,489,557-560.572.576]], PCM [193] or
RRAM/memristive memory technologies [199,203,204/2072104561-571577]. A few PUM works 174,
199,210%398,/555,[559}/560] enable the multiplication operation inside memory cells with the goal of
performing efficient matrix vector multiplication at low cost within the memory chip. These works
design hardware-based solutions to accelerate the dense matrix vector multiplication (GEMV) kernel
via PUM. However, there is no prior work that leverages PUM to accelerate the Sparse Matrix Vector
Multiplication (SpMV) kernel using state-of-the-art compressed matrix storage formats.

Sparse Matrix Kernels in PIM Systems. Xie et al. [383]] design heterogenous PIM units to accel-
erate SpMV via a 3D PNM configuration, i.e., in HMC-based PIM systems. Sun et al. [574] leverage
the buffer device space of DIMM modules to add one processing unit per each DIMM module, and
design low-cost inter-DIMM broadcast collectives to minimize data transfer overheads on irregular
workloads, like SpMV and graph processing, executed in 2D PNM configurations. Zhu et al. [228]]
propose a PIM accelerator for Sparse Matrix Matrix Multiplication via a 3D PNM configuration. Fujiki
et al. [[630] enhance the memory controllers of GPUs with PIM cores to transform the matrix from
the CSR to the DCSR format [606] on the fly to minimize memory traffic on SpMV execution. These
works propose hardware designs for sparse matrix kernels. In contrast, our work studies software
optimizations and strategies to efficiently map compressed matrix storage formats on real near-bank
PIM systems, and accelerate SpMV execution on such systems.

SpMV in Commodity Systems. Numerous prior works propose optimized SpMV algorithms for
CPUs [18l/44,102H124], GPUs [125H140]], heterogeneous CPU-GPU systems [631-638], and distributed
CPU systems [141-152]. Optimized SpMV kernels for processor-centric CPU and GPU systems ex-
ploit the shared memory model of these systems and data locality in deep cache hierarchies. How-
ever, these kernels cannot be directly mapped to most near-bank PIM systems, which have a dis-
tributed memory model and a shallow cache hierarchy. Most well-tuned SpMV kernels for distributed
CPU and CPU-GPU systems improve performance by overlapping computation with communication
among processing units, and exploiting data locality in large cache memories. In contrast, real near-
bank PIM architectures are fundamentally different from CPU-GPU systems, since they are highly
distributed, i.e., there is no direct communication among PIM cores, and include a shallow mem-

ory hierarchy. Therefore, SpMV kernels designed for common processor-centric systems cannot be
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directly used in near-bank PIM systems.

Hardware Accelerators for SpMV. Recent works design accelerators for SpMV [281-288] or other
sparse kernels [20,269-280]. In contrast, our work proposes software optimizations and provides the
first characterization study of SpMV on a real PIM system.

Compressed Matrix Storage Formats. Prior works propose a range of compressed matrix storage
formats [|17,/1164117,/120,/132}/384,582-585,600-612]] and selection methods to find the most efficient
compressed format [98,/130,/613,/617,1639-646]. In this work, we extensively explore the four most
widely used general compressed matrix formats, and observe that the compressed format (i) needs to
provide good balance between computation and memory accesses inside the core pipeline, and (ii)
affects load balancing across PIM cores, with corresponding performance implications. Therefore,
some compressed formats designed for commodity processor-centric systems might not be suitable
or efficient for real PIM systems. We leave the exploration of other PIM-suitable compressed matrix

storage formats for future work.

5.10 Summary

We present SparseP, the first open-source SpMV library for real Processing-In-Memory (PIM) systems,
and conduct the first comprehensive characterization analysis of the widely used SpMV kernel on a
real-world PIM architecture.

First, we design efficient SpMV kernels for real PIM systems. Our proposed SparseP software
package supports (1) a wide range of data types, (2) two types of well-crafted data partitioning tech-
niques of the sparse matrix to DRAM banks of PIM-enabled memory, (3) the most popular compressed
matrix formats, (4) a wide variety of load balancing schemes across PIM cores, (5) several load balanc-
ing schemes across threads of a multithreaded PIM core, and (6) three synchronization approaches
among threads within PIM core.

Second, we conduct an extensive characterization study of SparseP kernels on the state-of-the-
art UPMEM PIM system. We analyze SpMV execution on one single multithreaded PIM core and
thousands of PIM cores using 26 sparse matrices with diverse sparsity patterns. We also compare the
performance and energy consumption of SpMV on the UPMEM PIM system with those of state-of-the-
art CPU and GPU systems to quantify the potential of a real memory-centric PIM architecture on the
widely used SpMV kernel over conventional processor-centric architectures. Our analysis of SparseP
kernels provides programming recommendations for software designers, as well as suggestions and
hints for hardware and system designers of future PIM systems.

We believe and hope that our work will provide valuable insights to programmers in the develop-
ment of efficient sparse linear algebra kernels and other irregular kernels from different application
domains tailored for real PIM systems, as well as to architects and system designers in the develop-

ment of future memory-centric computing systems.
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CHAPTER O

Conclusions and Future

Directions

The goal of this dissertation is to significantly improve performance and efficiency of important irreg-
ular applications in modern processor-centric CPU and memory-centric NDP/PIM systems. To this
end, we develop low-overhead synchronization and well-crafted data access approaches for emerging
irregular applications including graph processing kernels, pointer-chasing, data analytics, and sparse
linear algebra.

First, we comprehensively analyze prior state-of-the-art algorithms for the widely used graph
coloring kernel, and we find that they are still inefficient, since they access application data from the
last levels of the memory hierarchy (e.g., main memory) of commodity CPU architectures. Therefore,
we introduce the ColorTM parallel algorithm, which provides highly efficient execution of the graph

coloring kernel. ColorTM (i) accesses application data by leveraging the low-cost on-chip cache mem-
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ories of CPU systems to minimize data access costs, and (ii) executes short and small critical sections
by performing many computations and data accesses outside the critical section to minimize syn-
chronization overheads and increase the levels of parallelism among parallel threads. We also extend
our proposed design to introduce a highly efficient balanced graph coloring algorithm (BalColorTM)
that can provide high load balance and high resource utilization in the real-world end-applications
of graph coloring. Our evaluations show that ColorTM and BalColorTM can provide significant per-
formance improvements over prior state-of-the-art parallel graph coloring algorithms. We hope that
ColorTM and BalColorTM will encourage further studies on the graph coloring kernel in modern
multicore computing systems.

Second, we extensively characterize prior state-of-the-art NUMA-oblivious and NUMA-aware
concurrent priority queues in a NUMA CPU architecture using a wide variety of contention scenar-
ios, and find that none of them performs best across all various contention scenarios. Based on this
observation, we introduce SmartPQ, an adaptive concurrent priority queue for NUMA architectures
that achieves the highest performance in all different contention scenarios. We design SmartPQ that
integrates (i) Nuddle, a generic framework that wraps any arbitrary NUMA-oblivious concurrent data
structure and transforms it to its NUMA-aware counterpart, and (ii) a simple decision tree classifier
which predicts the best-performing algorithmic mode between a NUMA-oblivious and a NUMA-
aware algorithmic mode. Therefore, SmartPQ can dynamically switch during runtime between the
NUMA-aware Nuddle and its underlying NUMA-oblivious implementation with negligible transition
overheads. We demonstrate that SmartPQ outperforms prior state-of-the-art NUMA-oblivious and
NUMA-aware concurrent priority queues under various contention scenarios, and when the con-
tention of the workload varies over time. We hope that our study will inspire future work on design-
ing adaptive algorithmic designs and/or adaptive runtime frameworks for concurrent data structures

for modern computing systems.

Third, we rigorously examine the applicability of synchronization mechanisms tailored for processor-
centric systems, including CPU, GPU and Massively Parallel Processing systems, to memory-centric
NDP architectures, and find that such synchronization approaches are not efficient or suitable for
NDP systems. To this end, we introduce SynCron, the first end-to-end hardware synchronization
mechanism for NDP architectures. SynCron achieves the goals of high performance, low cost, high
programming ease and generality to cover a wide range of synchronization primitives by (1) adding
low-cost hardware support near memory for synchronization acceleration, (2) including a specialized
cache memory structure to store synchronization information and minimize latency overheads, (3)
implementing a hierarchical message-passing communication protocol to minimize expensive net-
work traffic, and (4) integrating a programmer-transparent hardware-only overflow management
scheme to minimize performance degradation when hardware resources for synchronization track-
ing are exceeded. Our evaluations show that SynCron can significantly improve system performance
and system energy in NDP systems across a wide variety of emerging irregular applications and
under various contention scenarios. We hope that SynCron will encourage further studies of the

synchronization problem in NDP systems and other unconventional computing systems.

Finally, we examine and efficiently map the fundamental memory-bound SpMV kernel on near-
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bank PIM systems. Specifically, we design SparseP, the first open-source SpMV library for real PIM
systems that includes 25 efficient SpMV kernels to cover a wide variety of sparse matrices and real-
world applications of SpMV. SparseP supports various (1) data types, (2) compressed matrix storage
formats, (3) data partitioning techniques of the sparse matrix to PIM-enabled memory modules, (4)
load balancing schemes across PIM cores of the system, (5) load balancing schemes across paral-
lel threads of a multithreaded PIM core, and (6) synchronization approaches among parallel threads
within PIM core. We comprehensively evaluate the SparseP kernels on a real PIM system with 2528
PIM cores using 26 sparse matrices with diverse sparsity patterns. Our extensive evaluations pro-
vide new recommendations for software, system and hardware designers of real PIM systems. We
also demonstrate that the SpMV execution on a memory-centric PIM system achieves a much higher
fraction of the machine’s peak performance compared to that on processor-centric CPU and GPU
systems, while also having high energy efficiency. We hope that our SparseP analysis on a real PIM
system will provide valuable insights to software engineers in the development of efficient irregular
kernels for real PIM systems, as well as to system designers and hardware architects in the develop-

ment of future memory-centric computing platforms.

6.1 Future Research Directions

The concepts and methods proposed in this dissertation can potentially enable and open up several

new research directions. This section describes some promising directions for future work.

6.1.1 Accelerating Irregular Applications in Unconventional Systems

Traditional data centers comprise monolithic servers that use DRAM as the main memory of the
system, and tightly integrate it with the compute units, e.g., processors or accelerators. However,
the increasing demand and growing size of data in modern applications in combination with the
device scaling problems of DRAM memory technology [647|] have enabled the commercialization
of new unconventional systems that consist of heterogeneous memory technologies (e.g., combine
DRAM with alternative memory technologies such as 3D-DRAM [467,|468], Phase Change Mem-
ory [648], STT-RAM [649]], NAND flash-based SSD [650]) or physically separate compute and mem-
ory devices as independent network-attached hardware components (e.g., disaggregated memory
systems [651-654]). These unconventional computing systems can satisfy the increasing memory
capacity demands of emerging applications by providing a large pool of main memory either as a
second-tier main memory tightly integrated within the server [465./655-659] or as remote disaggre-
gated memory components accessed over a high-bandwidth network [651,654]]. Therefore, future
work can take inspiration from the techniques proposed in this dissertation to accelerate irregular
applications in other unconventional computing systems.

In Heterogeneous Memory Systems

Hybrid or heterogeneous memory systems typically include two (or even three) tiers of mem-

ory, e.g., integrating a die-stacked DRAM [467,468|] organized as a cache of a larger main memory.
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Therefore, the key challenge to fully leverage the heterogeneity of such systems is to accurately iden-
tify the performance-criticality of application data and place the corresponding memory pages in the
“best-fit” tier of main memory.

At the same time, memory pages corresponding to application data of irregular applications ex-
hibit high variability in their memory access patterns. For example, in SpMV, the memory pages
that store the compressed sparse matrix exhibit high spatial locality [286], since the values and the
positions of non-zero elements of the compressed matrix are accessed and traversed with a stream-
ing manner in the SpMV execution. Instead, the memory pages that store the input vector typically
exhibit low spatial locality [[10}286]], since SpMV causes irregular/random memory accesses to the
elements of the input vector. However, the accesses on the input vector are input driven, i.e., they fol-
low the sparsity pattern of the particular input matrix given: e.g., in sparse matrices with power-law
distribution, a small subset of the rows of the matrix has a very large number of non-zero elements
(accounting for the majority of the matrices’ non-zero elements) [10,295]], and thus processing these
few rows can lead to high spatial locality in the memory pages that store the input vector. Therefore,
irregular applications have dynamic access patterns, e.g., memory pages might exhibit either low or
high spatial locality during runtime, a fact that also depends on the particular characteristics of the
input data given.

Future work could investigate intelligent hot memory page placement approaches and selection
methods tailored for irregular applications executed in heterogeneous memory systems. Even though
past works [465,655,656,660] propose many different memory page placement techniques, these
works do not handle variability in memory access patterns of irregular applications, and do not con-
sider the dynamic access patterns exhibited at memory pages for each particular input data given.
Therefore, the first steps would involve to investigate the memory access patterns and page hotness/-
coldness across a wide variety of irregular applications (e.g., graph analytics, pointer-chasing, sparse
matrix kernels) executed in modern heterogeneous memory systems, and understand the variability
on the memory access patterns exhibited across memory pages. The long-term research goal is to
design (i) intelligent data placement approaches for irregular applications that take into consider-
ation the characteristics of the particular input data given, (ii) easy-to-use programming interfaces
that communicate information for the characteristics of the application data to the underlying system
and hardware in order to leverage data properties, and (iii) cost-effective frameworks and runtime
systems that are general to support various types of memory/storage devices and more than two tiers
of main memory.

In Disaggregated Memory Systems

Disaggregated memory systems propose to physically separate compute (e.g., processors, accel-
erators), memory (e.g., DRAM) and storage (e.g., disk) devices as independent and failure-isolated
components connected over a high-bandwidth network [651-654]. This way they can provide a cost-
effective solution to improve resource utilization, resource scaling and failure handling in data cen-
ters, thus decreasing data center costs. In disaggregated systems, almost all the memory in the data
center is separated as network-attached disaggregated memory components, and the majority of the

application working sets are accessed from the remote disaggregated memory components over the
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network. Moreover, disaggregated memory systems are not monolithic: each component in the sys-
tem implements its own resource allocation and management policy in a completely transparent way
from the remaining components in the system.

Achieving high system performance for irregular applications in disaggregated memory systems
is challenging for three reasons. First, accesses across the network can be significantly slower than
these within the server, and data is typically migrated at a page granularity (e.g., 4KB) [651,652,/661~
667]], thus incurring high data movement overheads. Second, there is high variability in data access
latencies as they depend on the location of the remote disaggregated memory components and the
contention with other compute components that share the same remote memory components and
network. Third, prior runtime systems and hot page selection/placement schemes for heterogeneous
systems [4651/6551656,660] are not suitable for fully disaggregated memory systems: prior approaches
for heterogeneous systems assume that the management of memory pages is handled by the com-
pute component itself and the OS running on it. Instead, this is not the case with fully disaggre-
gated systems, in which remote disaggregated memory components have their own kernel modules
and hardware controllers to manage their resources and memory pages (transparently to compute
components) [651-653]]. Therefore, to efficiently execute irregular applications in such systems new

software and hardware solutions are necessary.

Future work would investigate the following new challenges in the execution of irregular appli-
cations in fully disaggregated memory systems: (i) the high data movement overheads imposed by
remotely accessing data over the network, (ii) the high variability in data access costs during runtime
due to network and memory sharing, (iii) the unconventional distributed approach of managing the
data on multiple components in the system with a completely transparent way to each other, and
(iv) the high memory sharing and the memory protection issues for pages located in remote disag-
gregated memory components, which can be accessed by multiple processes that concurrently run

at different compute components of the system.

The first step is to develop a cost model, a software-based simulator, or a hardware-based em-
ulator for fully disaggregated memory systems, which can support various configurations for the
network characteristics (e.g., network topology, network bandwidth/latency), and evaluate, analyze
and understand critical performance overheads in the execution of a wide variety of irregular appli-
cations with diverse access patterns. Rigorously and comprehensively understanding performance
implications of irregular applications in fully disaggregated memory systems can provide valuable in-
sights to software engineers, system designers and hardware architects of this architecture. The next
steps are to propose new address translation approaches and kernel modules to minimize system-
level overheads (e.g., page faults), flexible (asynchronous and synchronous) programming interfaces
and abstractions to easily access remote data over the network, fast network technologies to mitigate
network-related bottlenecks, low-overhead synchronization and memory sharing/coherence mech-
anisms for multiple memory components in the system to ensure correctness at low cost, as well as
to leverage the NDP paradigm [158] in disaggregated memory components to reduce access costs to
remote data. The long-term goal is to perform research on designing fundamentally new approaches

for all key components of the computing stack, which need to be distributed, disaggregated and scale
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elastically, in keeping with the promise of resource disaggregation.

6.1.2 Adaptive Algorithmic, System-Level and Hardware-Based Approaches

for Irregular Applications

Emerging irregular applications exhibit dynamic workload demands and contention, i.e., their mem-
ory access patterns, bandwidth, latency and parallelization demands vary over time. For instance,
irregular key-value stores such as binary search trees [334,/444,447-449], linked lists [13,70,445,446],
priority queues [4,/13,[15}|77]], hash tables [459}668}/669] are used in database management systems,
and multiple users perform lookup and update operations (e.g., insert or delete) on them with various
frequencies over runtime: concurrent key-value store data structures exhibit high variability during
time in the levels of contention and their memory access patterns as they depend on the amount
and types of operations (lookup, insert, delete) that users perform on them during runtime. Simi-
larly, modern computing systems and large-scale architectures exhibit high variability into network
characteristics (e.g., memory bandwidth, latency, network topology), runtime contention (e.g., co-
running applications), and available hardware resources (e.g., memory devices, accelerators). For
example, in disaggregated memory systems, the architectures, component placements and network
characteristics can highly vary over time, since multiple hardware components can be dynamically
added, removed or upgraded, and network technologies or topologies can also flexibly change over
time [651-653]]. Similarly, virtualized environments support dynamic sets of resources, in which
virtual machines can be dynamically added, removed or change their hardware characteristics/con-
figuration over time [670]. The dynamic variability on the (i) runtime workload demands of irregular
applications, and (ii) architecture and network characteristics of modern computing systems results
in significant variations on data access latencies and data movement overheads in the execution of
emerging irregular applications, which might thus significantly degrade system performance and
resource utilization. To this end, future work would involve (i) designing adaptive algorithmic ap-
proaches for irregular applications depending on the runtime contention, and application, hardware
and network characteristics, and (ii) enabling the system and hardware to dynamically change their
configurations depending on the availability of resources and runtime application behavior.

Adaptive Algorithmic Designs

The research goal is to design adaptive algorithms that on-the-fly change their parallelization
strategy, synchronization approach and data management policy over time to significantly improve
system performance, energy efficiency and data access costs in irregular applications. The key idea
is to enable parallel threads or background/monitor threads to track properties of application data
and/or runtime statistics, and employ low-overhead decision-making mechanisms to select between
multiple configurations (e.g., different parallelization strategies, synchronization approaches, data
management policies) during the execution. For example, in Chapter[3] we propose an adaptive prior-
ity queue for NUMA CPU architectures that dynamically changes its data access policy and synchro-
nization scheme by tracking the levels of contention during runtime and integrating a lightweight

decision tree classifier that predicts the optimal parallelization strategy based on runtime statistics.
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Other examples include to change on-the-fly the graph traversal strategy on graph processing kernels
depending on the number of the edges of the current vertex that is being processed (e.g., in real-world
graphs with power-law distribution [295] a few vertices have a significantly larger number of edges
compared the remaining vertices) or alternate the data access policy in sparse matrix kernels when
processing rows with a small/large number of non-zero elements. The challenge in designing adaptive
algorithms for irregular applications is to minimize the performance overheads between transitions
on different configurations.

Adaptive Runtime Systems

The research goal is to develop adaptive runtime systems that dynamically adjust the task as-
signments, task scheduling and data distribution policies during runtime to significantly improve
system performance, resource utilization and financial costs. The key idea is to integrate in the run-
time systems dedicated managers that monitor tasks and jobs running across the computing nodes
of the system, and decide on the optimal configuration, e.g., optimal task scheduling across the com-
puting nodes of the system, when architecture, hardware and/or network characteristics change. For
instance, a recent work [[670]] proposes a novel runtime system for distributed machine learning train-
ing, that dynamically tunes the number of pipeline stages, depending on the network load/contention
at any given time and the number of available computing nodes (i.e., GPUs) in the system. Therefore,
future work could investigate designing adaptive runtime systems for distributed training of sparse
neural networks, that include dedicated monitoring managers which track the execution of running
tasks and on-the-fly tune the parallelization approach and data distribution policy across multiple
computing nodes (e.g., GPUs, TPUs, NPUs) of large-scale clusters and in cloud environments (e.g.,
when using virtual machines), when new computing nodes are added or removed in the system and
when network load/contention changes. Similarly to adaptive algorithmic designs, the key challenge
in such intelligent runtime systems is to achieve low synchronization overheads between transitions
from one configuration to another.

Adaptive Hardware Mechanisms

The key research goal is to propose adaptive hardware mechanisms that on-the-fly adjust their
performance optimization strategies depending on availability of resources and runtime application
characteristics. The key idea is to integrate hardware controllers in the computing system that decide
between different optimization policies by leveraging system-level metadata (e.g., page tables/TLBs),
simple prediction heuristics, or statistics collected during runtime at low cost. For instance, a few
recent works [671-675] propose hardware compression mechanisms for cache and main memory of
CPU systems that dynamically enable/disable compression [[671-673] or on-the-fly select the best-
performing compression algorithm [674,/675]] based on properties of application data or the runtime
application behavior. Other examples include to design (i) intelligent hardware prefetchers that on-
the-fly enable/disable fetching application data from main memory to cache memory depending on
the current bandwidth utilization and locality of application data, or (ii) effective selection granu-
larity mechanisms that on-the-fly decide the granularity at which data migrations should be served
(e.g., in heterogeneous systems choosing if a data migration from the second tier main memory to the

cache-based main memory should be served by a page or a smaller granularity, e.g., cache line granu-
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larity) depending on the runtime network and application characteristics, and the available memory
resources. The key challenge in designing adaptive hardware mechanisms is to implement intelli-
gent prediction heuristics and/or to enable keeping metadata for the runtime system and application

behavior at low hardware- and system-level cost.

6.2 Concluding Remarks

In this dissertation we extensively characterize the execution of irregular applications in modern
processor-centric (e.g., CPUs) and memory-centric (e.g., NDP/PIM) systems, and provide directions
to bridge the gap between processor-centric systems and memory-centric systems in the context of
important yet difficult irregular applications. We observe that excessive synchronization and high
memory intensity of irregular applications can significantly degrade system performance. Therefore,
we propose low-overhead synchronization and well-crafted data access techniques for irregular appli-
cations, and demonstrate that they can significantly increase parallelism, improve energy efficiency,
minimize data access costs, and accelerate performance of emerging irregular applications in CPU
and NDP/PIM systems. Specifically, we introduce four new designs that enable efficient execution
of irregular applications in modern computing systems: (1) ColorTM, a speculative synchronization
scheme co-designed with an effective data access policy that accelerates the graph coloring kernel
in modern CPU systems, (2) SmartPQ, an adaptive algorithm design that improves performance of
priority queue data structure in NUMA CPU architectures, (3) SynCron, a practical and low-overhead
hardware synchronization mechanism that effectively leverages the benefits of NDP for a wide range
of irregular applications, and (4) SparseP, a wide collection of parallel algorithms to easily attain high
performance of the SpMV kernel on real PIM systems. We hope that the ideas, analysis, methods and
techniques presented in this dissertation will enable new studies and research directions to acceler-
ate the execution of important data-intensive irregular applications in current and future computing

platforms.
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Other Works of the Author

In addition to the works presented in this dissertation, the author of this dissertation has also con-
tributed to several other research works done in collaboration with SAFARI Research Group members

at ETH Zirich. This chapter briefly overviews these works.
PrIM [156,|161,162,/404]: In modern computing systems like CPU and GPU systems, a large

fraction of the execution time and energy consumption of modern data-intensive irregular workloads
is spent on moving data between memory and processor cores. Recent research explores different
PIM configurations [5,22}25,[27-29.[33-37.129}{156268]], since the PIM paradigm provides a promis-
ing way to alleviate the data movement bottleneck between memory and processors. The UPMEM
company [[157,[338/399]] has designed and fabricated the first commercially-available near-bank PIM
architecture. In this work, we conduct an experimental characterization of the UPMEM-based PIM
system using microbenchmarks to assess various architecture limits such as compute throughput
and memory bandwidth, and we present PrIM (Processing-In-Memory benchmarks), a benchmark
suite of 16 irregular workloads from different application domains (e.g., dense/sparse linear alge-

bra, databases, data analytics, graph processing, neural networks, bioinformatics, image processing),
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which we identify as memory-bound. We evaluate the performance and scaling characteristics of
PrIM benchmarks on the UPMEM PIM architecture, and compare their performance and energy con-
sumption to their state-of-the-art CPU and GPU counterparts. Our extensive evaluation conducted
on two real UPMEM-based PIM systems provides new insights about suitability of different irregular
workloads to the PIM system, programming recommendations for software designers, and sugges-
tions and hints for hardware and architecture designers of future PIM systems.

NATSA [208,676]]: Time series analysis is an irregular computation kernel that processes a
chronologically ordered set of samples of a real-valued variable that can contain millions of obser-
vations, and is used to analyze information in a wide variety of domains including epidemiology,
genomics, neuroscience, medicine and environmental sciences. Matrix profile is the state-of-the-art
algorithm to perform time series analysis, by computing the most similar subsequence for a given
query subsequence within a sliced time series. In this work, we evaluate the state-of-the-art CPU im-
plementation of the matrix profile algorithm on a real multi-core machine, i.e., Intel Xeon Phi KNL,
and observe that its performance is heavily bottlenecked by data movement between the off-chip
memory units and the on-chip computation units that execute matrix profile. To reduce the data
movement overheads, we design a near-data processing accelerator for time series analysis, called
NATSA. NATSA exploits the low-latency, high-bandwidth, and energy-efficient memory access pro-
vided by modern 3D-stacked High Bandwidth Memory (HBM), and integrates specialized custom
processing units in the logic layer of HBM. This way NATSA enables energy-efficient and fast matrix
profile computation near memory, i.e., where time series data resides, and reduces the data move-
ment costs between the computation units and the memory units. NATSA provides generality and
flexibility supporting a wide range of time series applications, and significantly improves system
performance and energy efficiency over state-of-the-art CPU, GPU and NDP systems.

SMASH [286,677]]: The matrices involved in irregular sparse linear algebra computation kernels
are very large in size and highly sparse, i.e., the vast majority of the elements are zeros. Prior research
works [[17,/116}117,/120,(132,384,582-585,/600-612] design compressed storage formats for sparse ma-
trices: the non-zero elements and their positions within the matrix are stored using additional data
structures and different encodings. However, determining the positions of the non-zero elements in
the compressed encoding (i.e., indexing) requires a series of pointer-chasing operations in memory,
that are highly inefficient in modern processors and memory hierarchies, and incur high data access
costs. The key idea of SMASH is to explicitly enable the hardware to recognize and exploit the com-
pression encoding used in software for any sparse matrix. On the software side, SMASH efliciently
compresses any sparse matrix via a novel software encoding that is based on a hierarchy of bitmaps.
On the hardware side, SMASH includes a lightweight hardware unit, named Bitmap Management
Unit, that is used to perform highly-efficient scans of the hierarchy of bitmaps, and thus enabling
highly efficient indexing in sparse matrices and minimizing data access costs in sparse linear alge-
bra computation kernels. SMASH provides significant speedups in sparse matrix computations by
eliminating the expensive pointer-chasing operations required in state-of-the-art compressed matrix

storage formats.
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Appendix A

8.1 Extended Results for SparseP

8.1.1 Synchronization Approaches in Block-Based Compressed Matrix For-

mats

We compare the coarse-grained locking (lb-cg) and the fine-grained locking (Ib-fg) approaches in the
BCOO format. Figure 8.1/ shows the performance achieved by the BCOO format for all the data types
when balancing the blocks or the non-zero elements across 16 tasklets of one DPU. We evaluate all
small matrices of Table i.e., delaunay n13 (D), wing_nodal (W), raefsky4 (R) and pkustk08 (P)
matrices.

Our key finding is that the fine-grained locking approach performs similarly with the coarse-
grained locking approach. The fine-grained locking approach does not increase parallelism in the
UPMEM PIM architecture, since memory accesses executed by multiple tasklets to the local DRAM
bank are serialized in the DMA engine of the DPU. The same key finding holds independently of the
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Figure 8.1: Performance of the BCOO format with various load balancing schemes and synchroniza-
tion approaches for all the data types and small matrices using 16 tasklets of one DPU.

compressed matrix format used.

8.1.2 Fine-Grained Data Transfers in 2D Partitioning Techniques

Figures (8.2 and compare coarse-grained data transfers (i.e., performing parallel data transfers to
all 2048 DPUs at once, padding with empty bytes at the granularity of 2048 DPUs) with fine-grained
data transfers (i.e., iterating over the ranks and for each rank performing parallel data transfers to the
64 DPUs of the same rank, padding with empty bytes at the granularity of 64 DPUs) for all matrices
of our large matrix dataset in the equally-wide and variable-sized schemes, respectively. The reported
key findings of Figure (Section apply to all matrices with diverse sparsity patterns.
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Figure 8.2: Performance comparison of RC: RBDCOO with coarse-grained transfers, RY: RBDCOO
with fine-grained transfers in the output vector, BC: BDCOO with coarse-grained transfers, BY:
BDCOO with fine-grained transfers only in the output vector, and BT: BDCOO with fine-grained
transfers in both the input and the output vector using the int32 data type, 2048 DPUs and having 2
vertical partitions. Performance is normalized to that of the RC scheme.
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Figure 8.3: Performance comparison of RC: RBDCOO with coarse-grained transfers, RY: RBDCOO
with fine-grained transfers in the output vector, BC: BDCOO with coarse-grained transfers, BY:
BDCOO with fine-grained transfers only in the output vector, and BT: BDCOO with fine-grained
transfers in both the input and the output vector using the int32 data type, 2048 DPUs and having 32
vertical partitions. Performance is normalized to that of the RC scheme.



Chapter 8 195

8.1.3 Effect of the Number of Vertical Partitions Using Two Different UP-
MEM PIM Systems

We compare SpMV execution in the two different UPMEM PIM sytems using 2048 DPUs and 16
tasklets for each DPU. Table [8.1| shows the characteristics of two different UPMEM PIM systems.
We calculate the available PIM peak performance and PIM bandwidth assuming 2048 DPUs for both
PIM systems'} We estimate the PIM peak performance as T'otal_DPUs x AT, where the arithmetic
throughput (AT) is calculated for the multiplication operation by running the arithmetic throughput
microbenchmark of the PrIM benchmark suite [161,162]] in each of the two UPMEM PIM systems
(See Appendix [8.2). We estimate the PIM bandwidth as T'otal_DPUs % Bandwidth_-DPU, where
the Bandwidth_DPU is calculated according to prior work [161,(162]. Specifically, the theoretical
maximum MRAM bandwidth (i.e., Bandwidth_D PU) is 700 MB/s and 850 MB/s at a DPU frequency
of 350 MHz (PIM system A) and 425 MHz (PIM system B), respectively.

Avail. PIM Peak PIM CPU Peak Bus
DPUs Frequency Performance | Bandwidth 5 e Performance | Bandwidth

PIM System A || 2048 DPUs | 350 MHz 3.78 GFLOPS 1.43 TB/s | Intel Xeon Silver 4110 @2.1 GHz | 660 GFLOPS 23.1 GB/s
PIM System B || 2048 DPUs | 425 MHz 4.63 GFLOPS 1.74 TB/s | Intel Xeon Silver 4215 @2.5 GHz | 1016 GFLOPS | 21.8 GB/s

System

Table 8.1: Evaluated UPMEM PIM Systems.

Figures and compare SpMV execution in the two different UPMEM PIM systems
(2048 DPUs) using 2D-partitioned kernels with the COO format, when varying the number of vertical
partitions from 1 to 32 (in steps of multiple of 2) for the int32 (left) and fp64 (right) data types.

We observe that the number of vertical partitions that provides the best performance on SpMV
execution varies depending on the input matrix and the PIM system. For example, in PIM system B
with the int32 data type, DCOO performs best for the hgc matrix with 16 vertical partitions, while
in PIM system A, DCOO performs best for the same matrix with 8 vertical partitions. Similarly,
in PIM system A with the fp64 data type, BDCOO performs best for the rjt matrix with 4 vertical
partitions. Instead, in PIM system B with the fp64 data type, BDCOQ’s performance does not improves
for the rj t matrix when having more than 1 vertical partition (i.e., compared to when using the 1D
partitioning technique). We conclude that the best-performing parallelization scheme that achieves
the best performance in SpMV depends on the characteristics of both the input sparse matrix and the

underlying PIM system.

8.1.4 Performance of Compressed Matrix Formats Using 2D Partitioning
Techniques
Figures[8.7}[8.8}[8.9 compare the performance achieved by various compressed matrix formats for each

of the three types of the 2D partitioning technique for all matrices of our large matrix dataset. The

reported key findings explained in Section apply to all matrices with diverse sparsity patterns.

'Both UPMEM PIM systems support 20 UPMEM PIM DIMMs with 2560 DPUs in total. However, both UPMEM-based
PIM systems include multiple faulty DPUs. Thus, for a fair comparison between two systems we conduct our experiments
using 2048 DPUs in both systems.
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Figure 8.4: Execution time breakdown of DCOO using 2048 DPUs when varying the number of vertical
partitions from 1 to 32 for the int32 (left) and fp64 (right) data types on two different UPMEM PIM
systems.
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Figure 8.5: Execution time breakdown of RBDCOO using 2048 DPUs when varying the number of
vertical partitions from 1 to 32 for the int32 (left) and fp64 (right) data types on two different UPMEM
PIM systems.
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Figure 8.6: Execution time breakdown of BDCOO using 2048 DPUs when varying the number of
vertical partitions from 1 to 32 for the int32 (left) and fp64 (right) data types on two different UPMEM
PIM systems.
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Figure 8.7: End-to-end execution time breakdown of the equally-sized 2D partitioning technique for
CR: DCSR, CO: DCOO, BR: DBCSR and BO: DBCOO schemes using 4 vertical partitions and the int32
data type. Performance is normalized to that of DCSR.
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Figure 8.8: End-to-end execution time breakdown of the equally-wide 2D partitioning technique for
CR: RBDCSR, CO: RBDCOO, BR: RBDBCSR and BO: RBDBCOO schemes using 4 vertical partitions
and the int32 data type. Performance is normalized to that of RBDCSR.
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Figure 8.9: End-to-end execution time breakdown of the variable-sized 2D partitioning technique for
CR: BDCOO, CO: BDCOO, BR: BDBCSR and BO: BDBCOO schemes using 4 vertical partitions and
the int32 data type. Performance is normalized to that of BDCSR.

8.1.5 Analysis of 1D- and 2D-Partitioned Kernels in Two UPMEM PIM Sys-

tems

Figures and compare the throughput and the performance, respectively, achieved by the
best-performing 1D- and 2D-partitioned kernels in two different UPMEM PIM systems (Table
presents the characteristics of the two UPMEM PIM systems). For 1D partitioning, we use the lock-
free COO (COO.nnz-1f) and coarse-grained locking BCOO (BCOO.block) kernels. For each
matrix, we vary the number of DPUs from 64 to 2048 DPUs, and select the best-performing end-to-
end execution throughput. For 2D partitioning, we use the equally-sized COO (DCOO) and BCOO
(BCOO) kernels with 2048 DPUs for both systems. For each matrix, we vary the number of vertical
partitions from 2 to 32 (in steps of multiple of 2), and select the best-performing end-to-end execution

throughput.
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Figure 8.10: Throughput of 1D- and 2D-partitioned kernels for the fp32 data type using two different
UPMEM PIM systems.
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Figure 8.11: Performance comparison of 1D- and 2D-partitioned kernels for the fp32 data type using
two different UPMEM PIM systems. Performance is normalized to that of COO.nnz-1f (A).

We draw three findings. First, we observe that in both systems the best performance is achieved
using a smaller number of DPUs than 2048 DPUs. This is because SpMV execution in both UPMEM
PIM systems is significantly bottlenecked by expensive data transfers performed via the narrow mem-
ory bus. As a result, the best-performing 1D- and 2D-partitioned kernels trade off computation with
lower data transfer costs, thus causing many DPUs to be idle. Second, we find that in both systems
the 2D-partitioned kernels outperform the 1D-partitioned kernels in regular matrices (i.e., from hgc
to bns matrices on x axis), while the 1D-partitioned kernels outperform the 2D-partitioned kernels
in scale-free matrices, i.e., in matrices that have high non-zero element disparity among rows and
columns (i.e., from wbs to ask matrices on x axis). Third, we observe that PIM system B improves
performance over PIM system A by 1.14x (averaged across all matrices). This is because the DPUs
of the PIM system B run at a higher frequency than that of PIM system A (425 MHz vs 350 MHz),
providing higher peak performance on the system. Specifically, with 2048 DPUs, peak performance
of the PIM system A and PIM system B is 3.78 GFlops and 4.63 GFlops, respectively, i.e., PIM system
B provides 1.22 x higher computation throughput than PIM system A.



Chapter 8 199

8.2 Arithmetic Throughput of One DPU for the Multiplication
Operation

We evaluate the arithmetic throughput of the DPU for the multiplication (MUL) operation. We use
the arithmetic throughput microbenchmark of the PrIM benchmark suite [161,/162] and configure it
for the all data types.

Figure shows the measured arithmetic throughput (in MOperations per second) for the MUL
operation varying the number of tasklets of one DPU at 350 MHz (PIM system A in Table for all
the data types. The arithmetic throughput for the MUL operation is 12.941 MOps, 10.524 MOps, 8.861
MOps, 2.381 MOps, 1.847 MOps, and 0.517 MOps for the int8, int16, int32, int64, fp32 and fp64 data
types, respectively.
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Figure 8.12: Throughput of the MUL operation on one DPU at 350 MHz for all the data types.
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Figure shows the measured arithmetic throughput (in MOperations per second) for the MUL
operation varying the number of tasklets of one DPU at 425 MHz (PIM system B in Table for
all the data types. The arithmetic throughput for the MUL operation is 15.656 MOps, 12.721 MOps,
10.732 MOps, 2.888 MOps, 2.259 MOps, and 0.631 MOps for the int8, int16, int32, int64, fp32 and fp64

data types, respectively.
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Figure 8.13: Throughput of the MUL operation on one DPU at 425 MHz for all the data types.
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8.3 The SparseP Software Package

Table [8.2| summarizes the SpMV PIM kernels provided by the SparseP library. All kernels support a
wide range of data types, i.e., 8-bit integer, 16-bit integer, 32-bit integer, 64-bit integer, 32-bit float,
and 64-bit float data types.

Partitioning | Compressed | Balancing Balancing Synchronization
Technique Format Across PIM Cores | Across Threads | Approach
CSR rows rows, nnz* -
nnz* rows, nnz* -
rows rows, nnz* -
COO nnz* rows, nnz* -
1D nnz nnz Ib-cg / Ib-fg / 1f
BCSR blocks' blocks', nnz' Ib-cg* / Ib-fg
nnz! blocks', nnz! Ib-cg* / Ib-fg
blocks blocks, nnz Ib-cg / Ib-fg / If
BCOO nnz blocks, nnz Ib-cg / Ib-fg / 1f
CSR - rows, nnz* -
2D COO = nnz Ib-cg / Ib-fg / 1f
equally-sized | BCSR - blocks', nnz' Ib-cg* / Ib-fg
BCOO - blocks, nnz Ib-cg / Ib-fg
CSR nnz* rows, nnz* -
COO nnz nnz Ib-cg / Ib-fg / 1f
2D blocks' blocks', nnz' Ib-cg* / Ib-fg
equally-wide | BESR nnz' blocks', nnz! Ib-cg? / Ib-fg!
blocks blocks, nnz Ib-cg / Ib-fg
BCOO nnz blocks, nnz Ib-cg / Ib-fg
CSR nnz* rows, nnz* -
COO nnz nnz Ib-cg / Ib-fg / If
2D blocks' blocks', nnz' Ib-cg* / Ib-fg
variable-sized | BER nnz' blocks, nnz! Ib-cgt / Ib-fgt
blocks blocks, nnz Ib-cg / Ib-fg
BCOO nnz blocks, nnz Ib-cg / Ib-fg

Table 8.2: The SparseP library. *: row-granularity, ': block-row-granularity, *: (only for 8-bit integer
and small block sizes)
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8.4 Large Matrix Dataset

We present the characteristics of the sparse matrices of our large matrix data set. Table 8.3 presents

the sparsity of the matrix (i.e., NNZ / (rows x columns)), the standard deviation of non-zero elements
among rows (NNZ-r-std) and columns (NNZ-c-std).

Matrix Name

H Rows x Columns ‘

NNZs | Sparsity | NNZ-r-std | NNZ-c-std |

hugetric-00020 7122792 x 7122792 | 21361554 | 4.21e-07 0.031 0.031
mc2depi 525825 x 525825 2100225 | 7.59e-06 0.076 0.076
parabolic_fem 525825 x 525825 3674625 | 1.33e-05 0.153 0.153
roadNet-TX 1393383 x 1393383 3843320 | 1.98e-06 1.037 1.037
rajat31 4690002 x 4690002 | 20316253 | 9.24e-07 1.106 1.106
af_shelll 504855 x 504855 17588875 | 6.90e-05 1.275 1.275
delaunay n19 524288 x 524288 3145646 | 1.14e-05 1.338 1.338
thermomech_dK 204316 x 204316 2846228 | 6.81e-05 1.431 1.431
memchip 2707524 x 2707524 | 14810202 | 2.02e-06 2.062 1.173
amazon0601 403394 x 403394 3387388 | 2.08e-05 2.79 15.29
FEM_3D_thermal?2 147900 x 147900 3489300 | 1.59e-04 4.481 4.481
web-Google 916428 x 916428 5105039 | 6.08e-06 6.557 38.366
ldoor 952203 x 952203 | 46522475 | 5.13e-05 11.951 11.951
poisson3Db 85623 x 85623 2374949 | 3.24e-04 14.712 14.712
boneS10 914898 x 914898 55468422 | 6.63e-05 20.374 20.374
webbase-1M 1000005 x 1000005 3105536 | 3.106e-06 25.345 36.890
in-2004 1382908 x 1382908 | 16917053 | 8.846e-06 37.230 144.062
pkustk14 151926 x 151926 14836504 | 6.428e-04 46.508 46.508
com-Youtube 1134890 x 1134890 | 5975248 | 4.639e-06 50.754 50.754
as-Skitter 1696415 x 1696415 | 22190596 | 7.71e-06 136.861 136.861
sx-stackoverflow 2601977 x 2601977 | 36233450 | 5.352e-06 137.849 65.367
ASIC_680 682862 x 682862 3871773 | 8.303e-06 659.807 659.807

Table 8.3: Large Matrix Dataset. Matrices are sorted by NNZ-r-std, i.e., based on their irregular

pattern.
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