BOSTON UNIVERSITY

GRADUATE SCHOOL OF ARTS AND SCIENCES

Dissertation

EXPLOITING SSD PROPERTIES TO ENHANCE DATA

SYSTEMS PERFORMANCE

TARIKUL ISLAM PAPON

M.Sc., Bangladesh University of Engineering and Technology, 2019
B.Sc., Bangladesh University of Engineering and Technology, 2015

Submitted in partial fulfillment of the
requirements for the degree of

Doctor of Philosophy

2025



© 2025 by
TARIKUL ISLAM PAPON
All rights reserved



Approved by

First Reader

Manos Athanassoulis, PhD
Assistant Professor of Computer Science

Second Reader

Vasiliki Kalavri, PhD
Assistant Professor of Computer Science

Third Reader

Renato Mancuso, PhD
Associate Professor of Computer Science

Fourth Reader

George Kollios, PhD
Professor of Computer Science



This 1s the true joy in life, being used for a purpose recognized by yourself
as a mighty one. Being a force of nature instead of a feverish, selfish little
clod of ailments and grievances, complaining that the world will not devote
itself to making you happy. I am of the opinion that my life belongs to the
whole community and as long as I live, it is my privilege to do for it what
I can. I want to be thoroughly used up when I die, for the harder I work,
the more I live. Life is no brief candle to me. It is a sort of splendid torch
which I have got hold of for the moment and I want to make it burn as
brightly as possible before handing it on to future generations.

- George Bernard Shaw
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ABSTRACT

The rapid growth of data has made modern data systems increasingly storage-intensive,
demanding high-performance storage solutions. In response, the shift from traditional
Hard Disk Drives (HDDs) to Solid-State Drives (SSDs) has fundamentally trans-
formed data storage, offering significantly higher performance through low-latency
access, high internal parallelism, and reduced mechanical overhead. However, despite
the widespread adoption of SSDs, many data-intensive systems use outdated assump-
tions tailored for HDDs. As a result, they fail to adapt to and harness SSD-specific
characteristics such as read/write asymmetry (writes are slower than reads) and in-
ternal concurrency (SSDs can read or write multiple pages in parallel without hurting
latency). Without exploiting internal concurrency, the device can remain vastly un-
derutilized. To fully unlock SSD potential and ensure both optimal performance and
device longevity, systems need to be redesigned with SSD-aware strategies.

This thesis bridges the gap between SSD properties and data system optimizations
by more faithful modeling that captures key properties of SSDs: asymmetry and
concurrency. First, we propose a Parametric I/O Model (PIO) that quantifies SSD

properties (read/write asymmetry and concurrency) and provides guidelines for SSD-
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aware algorithm design. Next, we develop ACE, an asymmetry/concurrency-aware
bufferpool manager, which batches writes to write them in parallel and performs
parallel prefetching to utilize the full bandwidth of the underlying SSD device. We
then introduce CAVE, an out-of-core graph processing engine that optimally schedules
independent graph I/O operations to maximize SSD read parallelism by exploring
multiple paths concurrently. We implement parallelized variants of DFS and BF'S that
exploit storage parallelism to offer the same algorithm guarantees with better average
performance. These implementations also serve as the building block of other graph
algorithms (weekly connected components; pagerank, random walk). Finally, we
present ReStore, the first data-migration policy for multi-tiered architectures that uses
storage concurrency and asymmetry when modeling the state of the devices. ReStore
dynamically places data across tiers based on the device properties and workload
characteristics to optimize performance and cost.

Through extensive benchmarking and experiments on real SSDs, we showcase
the benefit of better storage modeling in algorithm and system design to improve
performance. Our evaluation shows that ACE bufferpool manager improves runtime
performance by up to 32% for transactional workloads, CAVE graph manager is up to
10x faster than state-of-the-art baselines for various traversal algorithms and ReStore
tiered data migration achieves up to 2.2x lower runtime and causes up to 10x fewer
migrations. The findings in this thesis contribute to the broader field of storage
system design, influencing databases, file systems and storage-intensive applications

by faithfully leveraging SSD properties for higher performance.
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Chapter 1

Introduction

1.1 The Data Avalanche Era

In this data avalanche era, the exponential growth of data has become a defining
challenge and opportunity for modern data management systems. One of the most
significant challenges emerging from this data revolution is the management of big
data — an umbrella term encompassing the storage, organization, and analysis of
massive-scale data. Organizations across sectors, including finance, healthcare, artifi-
cial intelligence, and scientific research, are generating and consuming unprecedented
volumes of data. This explosion is driven by the widespread adoption of digital
technologies and the popularity of IoT devices. According to market intelligence
firm named IDC, the global datasphere (amount of data generated in a year) is ex-
pected to reach 175 zettabytes by 2025 [410], with a significant share originating from
machine-generated sources such as sensors, automated systems, and interconnected
devices. While these advancements have fueled innovation in data analytics and
decision-making, they have also introduced immense challenges in data storage and
retrieval. Now more than ever, it is crucial to efficiently store, manage, and access
the vast and continuously expanding volume of digital information.

This digital revolution, also known as the third industrial revolution, has funda-
mentally reshaped the way data is created, processed, and stored. The decreasing
cost of computational resources and storage infrastructure has accelerated the growth

of large-scale data processing. However, this surge in data has placed increasing pres-



sure on storage architectures, requiring them to scale efficiently while maintaining
low latency and high throughput. Many large-scale transactional systems, real-time
analytics platforms, and machine learning pipelines require storage solutions to sup-
port high-speed data access to keep up with the rapid pace of data generation and
consumption. Addressing these challenges has led to continuous advancements in

storage technologies to meet the performance requirements of applications.

1.2 The Storage Device Evolution Landscape

Early Storage Technologies: From Punch Cards to Optical Discs The evo-
lution of data storage has been driven by the demand for higher capacity, faster access,
and greater reliability. Among the earliest storage technologies, punch cards emerged
in the 19th century as a means of data input and processing for early computing
systems. While durable, they were severely limited in storage capacity and access
speed. The introduction of magnetic tape in the 1950s revolutionized data storage by
offering significantly higher capacities, making it a standard for archival storage due
to its cost-effectiveness and longevity. However, its sequential access nature made
data retrieval slow and inefficient for random-access workloads.

The 1970s saw the rise of floppy disks, which provided portability and conve-
nience for small-scale data storage. Despite their ease of use, they were constrained
by low capacity and vulnerability to physical damage, leading to their eventual obso-
lescence. Optical discs, such as CDs, DVDs, and later Blu-rays, gained popularity in
the 1980s, offering improved durability and portability for media storage. However,
their relatively slow write speeds and capacity limitations made them less suitable for

large-scale data-intensive applications.



1.2.1 Fifty Years of Dominance by Hard Disk Drives

Hard Disk Drives (HDDs), introduced in the 1970s, became the backbone of digital
storage, providing significantly higher capacity and faster random access compared
to preceding storage media. HDDs utilize spinning magnetic platters and mechanical
read /write heads (Figure 1-1A) to store and retrieve data. For nearly five decades,
HDDs remained the primary storage medium for personal computing, enterprise ap-
plications, and large-scale data centers. Many systems have been designed according
to HDD properties (fast sequential access) because of HDD’s widespread prevalence.

Table 1.1: Comparison of HDD and SSD trends

Device Capacity Seq. BW Rand. BW Time to Read Cost ($/MB)

HDD 1980 100 MB 1.2 MB/s  0.28 MB/s 1 min 200
HDD 2025 4TB 125 MB/s 20 MB/s 9 hours 0.00002
SSD 2010 100 GB 700 MB/s 400 MB/s 2.5 mins 0.02
SSD 2025 1TB 2.5 GB/s 2.2 GB/s 6.5 mins 0.00004

Despite their dominance, HDDs suffer from fundamental performance limitations
due to their mechanical nature. Their reliance on moving parts results in long data
access times and constrained bandwidth. HDD performance has lagged significantly
behind improvements in CPUs and main memory, with access times remaining nearly
unchanged since the 1980s. While CPU processing power and memory bandwidth
have seen exponential growth, HDD bandwidth has struggled to keep pace with in-
creasing storage capacities. Table 1.1 shows that in 1980, reading an entire disk took
about one minute, whereas today, reading a full modern HDD can take several hours.
This growing performance gap arises from inherent physical constraints, such as seek
time (caused by the movement of the read/write arm) and rotational delay (resulting
from the spinning platters). HDDs are nowadays used primarily for archival purposes

since they offer large storage capacities at a low cost [164].
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Figure 1-1: HDD and SSD internals. (A) HDDs rely on mechanical
components such as a rotating platter and a moving read/write head,
leading to inherent latency. (B) SSDs are fully electronic, utilizing a
shared bus to connect multiple NAND flash chips, enabling high par-
allelism and low access latency.

1.2.2 The Rise of Solid-State Drives

The 2000s marked the advent of Solid-State Drives (SSDs), a new storage technology
that leverages NAND flash memory instead of mechanical components. SSDs use
semiconductor-based storage (Figure 1-1B), enabling orders-of-magnitude faster ac-
cess times and significantly higher IOPS (Input/Output Operations Per Second). The
absence of mechanical delays makes SSDs particularly well-suited for performance-
critical applications such as high-speed databases, real-time analytics, and high-
performance computing. Their lower power consumption and greater shock resistance
further contribute to their widespread adoption. Although SSDs have historically
been more expensive per gigabyte than HDDs, the price gap is narrowing rapidly,
and projections suggest that SSDs could achieve cost parity with HDDs by 2030 [12].
Another key challenge with SSDs is their finite write endurance, as NAND flash cells
degrade with repeated program/erase cycles. However, modern SSDs incorporate var-
ious techniques—such as wear leveling, TRIM commands, and over-provisioning—to

mitigate these limitations and extend their lifespan.



The introduction of NVMe (Non-Volatile Memory Express) SSDs has further rev-
olutionized storage by replacing the traditional SATA interface with the high-speed
PCle bus. This transition reduces protocol overhead, enables lower latency, and
maximizes parallelism, fully exploiting the internal concurrency of NAND flash. As a
result, NVMe SSDs have become the dominant choice in modern datacenters and high-
performance consumer devices. NAND flash storage has already surpassed HDDs in
terms of exabytes shipped annually [18], reinforcing the paradigm shift in storage
technology. This trend echoes Jim Gray’s famous statement: “Tape is dead. Disk
1s Tape. Flash is the new Disk.” The evolution of SSDs marks a fundamental shift
in the storage hierarchy, positioning flash memory as the backbone of future storage
infrastructures. It is crucial for researchers and practitioner to know how to leverage

the full potential of SSD devices by exploiting their fundamental properties.

1.3 Are HDD-Optimized Systems SSD-Optimized?

SSD Properties. The characteristics of SSDs differ significantly from those of
HDDs, demanding a fundamental rethinking of storage-intensive data system design.
One of the most critical differences is SSD’s internal parallelism (we call this property
concurrency). Modern SSDs consist of multiple NAND flash chips, organized into
channels and dies, allowing concurrent read and write operations, achieving much
higher bandwidth than HDDs. However, traditional data systems, designed with
HDD constraints in mind, often fail to leverage this inherent parallelism. These de-
signs often assume a single queue of 1/O requests, serialized in a manner optimized for
HDDs, which rely on sequential access patterns to mitigate mechanical seek delays.
These optimizations do not translate well to SSDs because (i) random access is no
longer expensive for SSDs, (ii) internal parallelism of SSD remain underutilized, and

(iii) suboptimal data placement can lead to unnecessary write amplification.



Another defining characteristic of SSDs is read/write asymmetry: writes in
SSDs can be up to an order of magnitude slower than reads due to the underlying
characteristics of NAND flash memory. This asymmetry stems from the internal
structure of NAND flash memory, where data must first be erased before new data can
be written. Unlike HDDs, where writes simply overwrite existing data, SSDs operate
on a block-based erase-before-write mechanism, requiring entire blocks to be erased
before new data can be programmed. This erase-before-write mechanism along with
an expensive garbage collection operation process introduces latency and amplifies
write costs, a phenomenon known as write amplification. Furthermore, SSDs have a
finite endurance, meaning flash cells degrade after a limited number of program /erase
(P/E) cycles. High write amplification exacerbates this issue, reducing the lifespan
of SSDs. HDD-optimized systems that generate excessive small, random writes can
accelerate SSD wear-out, making it crucial to design storage solutions that minimize
unnecessary writes and amortize the high asymmetric write cost.

Despite SSDs becoming the dominant storage medium for performance-critical ap-
plications, many data systems remain rooted in HDD-era assumptions. As a result,
they fail to harness the full potential of SSD hardware and, in some cases, even degrade
SSD performance and longevity. While HDD-centric storage designs focus on reduc-
ing seek times and optimizing data locality, SSD-aware systems must take into
account for flash-specific properties such as concurrency and read/write
asymmetry. Failure to adapt storage designs accordingly can lead to performance
bottlenecks and inefficient SSD utilization. To bridge this gap, data management
systems need redesigning with SSD-specific optimizations like leveraging parallelism
and developing write-optimized solutions that align with the unique properties of
NAND flash memory. Only then can modern storage systems move beyond HDD-era

constraints and fully capitalize on the capabilities of SSD technology.



1.4 SSD-Conscious Data Systems Design

1.4.1 Thesis Statement

HDDs and SSDs have distinct architectures, yet many systems still follow outdated
HDD-aware assumptions, ignoring SSD-specific properties like concurrency and
read/write asymmetry. SSD-aware systems must incorporate these properties in
algorithm and system design, which leads to more faithful storage modeling and,

ultimately, to better device utilization.

1.4.2 Thesis Contributions

In an era where vast volumes of data must be efficiently stored and accessed, data-
intensive systems rely on SSDs for high-speed retrieval and processing. However,
because many systems have not been redesigned to account for SSD properties, they
face significant performance bottlenecks. We find that these challenges can be ad-
dressed by carefully exploiting SSD properties during system and algorithm design.

This thesis makes the following key technical contributions:

e The Parametric I/O Model. We introduce the Parametric I/O Model (P10),
a simple yet expressive framework that captures contemporary SSD behavior
by parameterizing two key properties: read/write asymmetry («) and access
concurrency (k). We develop a benchmarking process to quantify these prop-
erties and propose some guidelines to drive storage-intensive algorithm design,

laying the foundation for SSD-aware system design.

e ACE Bufferpool Manager. Using insights from PIO, we redesign a critical
database component — the bufferpool manager. We propose a new Asymmetry
& Concurrency-aware bufferpool management (ACE) that batches writes based

on SSD concurrency and performs them in parallel to amortize the asymmetric



write cost. In addition, ACE performs parallel prefetching to exploit the device’s

read concurrency.

e CAVE Graph Manager. We develop CAVE, the first out-of-core graph pro-
cessing engine that optimally exploits underlying SSD’s read parallelism via
carefully selecting graph 1/Os that can be issued concurrently. CAVE traverses
multiple paths and processes multiple nodes and edges concurrently, achieving

parallelization at a granular level.

e ReStore: RL-Based Data Migration for Multi-Tiered Storage. We pro-
pose ReStore, a reinforcement learning-based data migration policy for multi-
tiered storage. By leveraging SSD properties and workload patterns, ReStore
dynamically optimizes page placement across heterogeneous storage tiers, bal-

ancing performance and cost-effectiveness.

These contributions collectively advance SSD-aware system design and provide
practical solutions for modern data-intensive applications, including databases, file
systems, and big data analytics. By systematically harnessing SSD characteristics,
this thesis lays the groundwork for future innovations in high-performance storage-

intensive applications.

1.4.3 Published Papers

The research presented in this thesis has formed the foundation for multiple publica-
tions in leading international, peer-reviewed venues in the field of databases and data

management systems.

1. Tarikul Islam Papon, Manos Athanassoulis. The Need for a New 1/0O Model.

Conference on Innovative Data Systems Research (CIDR), 2021.



2. Tarikul Islam Papon, Manos Athanassoulis. A Parametric 1/0 Model for Mod-
ern Storage Devices. 17th International Workshop on Data Management on

New Hardware (DAMON), 2021.

3. Tarikul Islam Papon, Manos Athanassoulis. ACFEing the Bufferpool Manage-
ment Paradigm for Modern Storage Devices. 39th IEEE International Confer-
ence on Data Engineering (ICDE), 2023.

4. Tarikul Islam Papon, Teona Bagashbili, Manos Athanassoulis. ACFE-in-Action:
A Smart DBMS Bufferpool for SSDs. ACM Management of Data (SIGMOD),
2025.

5. Tarikul Islam Papon, Taishan Chen, Shuo Zhang, Manos Athanassoulis. CAVE:
Concurrency-Aware Graph Processing on SSDs. ACM Management of Data
(SIGMOD), 2024.

6. Tarikul Islam Papon. Enhancing Data Systems Performance by FExploiting SSD
Concurrency € Asymmetry. 40th IEEE International Conference on Data En-
gineering (ICDE) PhD Symposium, 2024.

7. Tianru Zhang, Tarikul Islam Papon, Teona Bagashvili, Manos Athanassoulis,
Salman Toor. Restore: A Reinforcement Learning Approach For Data Migration

In Multi-Tiered Storage. Preparing for publication.

1.5 Thesis Organization

The rest of the thesis is organized as follows. Chapter 2 provides an in-depth back-
ground of SSD internals, explaining the origins of read /write asymmetry and internal
concurrency. We highlight the importance of the key characteristics of SSDs and
present our benchmarking process to quantify read/write asymmetry and concur-

rency across five different SSD devices.
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After reading Chapter 2, Chapters 3 - 6 can be read independently. Chapter 3
presents the Parametric I/O Model, which incorporates both a (asymmetry) and
k (concurrency) to better capture SSD behavior. We show the benefits of adding
these properties in our model with respect to device utilization and performance.
Additionally, we discuss when and how to leverage different forms of concurrency
and emphasize the role of asymmetry in performance modeling. Finally, Chapter 3
outlines five key guidelines for designing storage-intensive algorithms that effectively
exploit SSD properties.

Chapter 4 shows how to exploit the concurrency property of SSDs from a DBMS
bufferpool perspective. We refactor the bufferpool design space by including a write-
back policy that consider device-specific properties. The chapter presents ACE, an
asymmetry & concurrency-aware bufferpool manager that utilizes the device’s con-
currency. ACE is designed to be flexible enough to be combined with any existing
page replacement policy and prefetching technique. We implement ACE in Post-
greSQL, incorporating its default replacement algorithm (Clock Sweep) as well as
three additional algorithms (LRU, CFLRU, LRU-WSR) along with their ACE imple-
mentations. Our evaluation shows that ACE achieves up to 32.1% lower runtime for
a mixed workload with negligible increase in total writes and buffer misses.

Chapter 5 focuses on designing an out-of-core graph processing system optimized
for SSDs. We introduce CAVE, the first out-of-core graph processing engine for
traversal operations that maximally exploits SSD parallelism by carefully selecting
graph 1/Os for concurrent execution. By leveraging this parallelism, CAVE traverses
multiple paths and processes nodes and edges simultaneously, achieving fine-grained
parallelization for improved performance. We build within CAVE parallelized ver-
sions of five popular graph algorithms (Breadth-First Search, Depth-First Search,

Weakly Connected Components, PageRank, Random Walk) exploiting SSD’s read
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concurrency. We observe that CAVE achieves up to one order of magnitude speedup
compared to the popular out-of-core systems Mosaic and GridGraph, and up to three
orders of magnitude speedup in runtime compared to GraphChi.

Chapter 6 presents ReStore, a reinforcement learning-based approach for data mi-
gration in multi-tiered storage systems. ReStore adapts to workload patterns such
as access frequency, recency and device-specific characteristics like SSD read/write
asymmetry, and parallelism. Each storage tier is managed by an RL agent that
dynamically updates its parameters using temporal difference learning, allowing it
to respond to evolving workloads and system states. Experimental evaluations us-
ing industry-grade benchmarks and diverse synthetic workloads demonstrate that
ReStore achieves up to 2.2x lower runtime and 10x fewer migrations compared to
baseline approaches.

Finally, Chapter 7 concludes the thesis with a summary of findings and directions

for future research in SSD-aware data management.



Chapter 2

SSD Internals and Properties

Storage devices have evolved to offer increasingly faster read/write access, through
flash-based and other solid-state storage technologies. When compared to classical
rotating hard disk drives (HDDs), modern solid-state drives (SSDs) have two key dif-
ferences: (i) the absence of mechanical parts, and (ii) an inherent difference between
the process of reading and writing. The former removes a key performance bottle-
neck, enabling internal device parallelism, whereas the latter manifests as a read/write
performance asymmetry. In this chapter, we explore SSD internals, focusing on their
parallelism and read/write asymmetry, along with the implications of these proper-
ties. We first explain the origins of these characteristics, followed by an analytical
approximation of the expected parallelism in multi-channel SSDs. We then present
our benchmarking procedure [130] to quantify these properties across multiple SSD

devices, analyzing the impact of file systems and access granularity.

2.1 Modern Storage Devices

The majority of today’s secondary storage devices are solid-state drives (SSDs) while
hard disk drives (HDDs) are increasingly used as “archival” storage [164]. NAND
flash-based SSDs eliminate the mechanical overhead of HDDs, thus, providing low
energy consumption, high chip density, and high random read performance [6, 82,
96, 140]. These benefits can be attributed to the internal parallelism of SSDs, which

can be exploited to optimize performance [27, 129]. In other words, an SSD needs

12
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Figure 2-1: (A) Asymmetry (a) and Concurrency (k) in recent SSDs;
most devices show high e and k. (B) Gain increases as more concurrent
I/Os are used, and a dictates the gain.

to receive multiple concurrent I/Os (which can be distributed to different compo-
nents by the flash controller) to saturate its bandwidth. However, due to the physics
of NAND flash, writes are generally slower than reads which leads to read/write
asymmetry [36]. With these two properties, i.e., concurrency (quantified by k) and
read/write asymmetry (quantified by «), SSD behavior departs from the one of tra-
ditional HDDs. Figure 2-1A shows that most recent SSDs have an asymmetry of
more than two (a > 2) and concurrency of more than 8 (k > 8). Typically, off-the-
shelf SSDs use the traditional SATA interface, while, various high-end latest devices
use the PCle interface offering a new improved protocol called Non-Volatile Mem-
ory Express (NVMe). NVMe SSDs offer low latency, almost as fast as DRAM while
persisting data. There are multiple alternatives in terms of underlying storage tech-
nology [25, 33, 63, 150, 158, 176], commonly known as the emerging Non-Volatile
Memory (NVM) class. Most NVMs have similar properties (high asymmetry, concur-
rency, chip density, and low energy consumption) like SSDs [16, 115]. The vision for
NVM is to offer a byte-addressable durable memory medium with performance close

to main memory’s. The most mature technology to date was 3D XPoint [63, 148],
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which was commercialized via Intel’s Optane series [68] and later discontinued. Op-
tane SSDs generally exhibit lower read /write asymmetry and concurrency than flash-
based SSDs [201], which is further corroborated by our experiments in Section 2.5. To
summarize, even though there are several variations in terms of different technologies,
modern storage devices (SATA /PCle/Optane SSDs and NVMs) share a few key prop-
erties: fast access, high chip density, low energy consumption, and most importantly,
read/write asymmetry and access concurrency.

It is essential to know the concurrency (k) and read/write asymmetry («) of a
device to fully utilize and comprehend its benefit. Figure 2-1B shows the significance
of k and . We consider an application that can exploit the device’s write concurrency
by batching writes. We simulate the speedup of such an application on devices with
different « values (more details in Section 3.2). The figure shows that as we increase
the number of concurrent I/Os, the gain of exploiting parallelism increases. However,
the gain closely depends on the device asymmetry — the higher the asymmetry, the
higher the gain. Without capturing these properties of modern storage devices, we
cannot attain their full potential, nor we can tailor the algorithms to the device-at-

hand, resulting in subpar performance and suboptimal device utilization.

2.2 Internal Parallelism of SSDs

SSDs exhibit a high degree of internal parallelism in their architecture [26, 27, 113].
Figure 2-2 presents the internal architecture of an SSD showing that multiple channels
are connected to the flash controller, and each channel consists of a shared bus with
multiple chips. Each chip contains multiple dies, each die comprises multiple planes,
and finally, each plane constitutes multiple blocks where the pages reside [6]. Hence,
to fully utilize the bandwidth of an SSD, we need to submit multiple concurrent

[/Os. Ideally, these 1/Os will target different parts of the device, and they will be
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Figure 2-2: Internal architecture of an SSD.

parallelized by the controller [113, 141, 165]. To quantify the supported concurrency,
we refer again to Figure 2-1A that shows on the x-axis the number of channels of each
device. We use this as a proxy to the supported concurrency which, in most cases,
is more than 8. The exact level of concurrency (k) needed to saturate the device
depends on the request type (read or write) and on the specifics of the device. Hence,
each device has two types of concurrency: (i) read concurrency (k,) — number of read
I/Os the device can perform in parallel, and (ii) write concurrency (k,,) — number of

write I/Os the device can perform in parallel.

2.3 Writes in SSDs

Page updates in NAND-based SSDs follow the erase-before-write approach. Logical
page updates (at the file system level) are always performed as out-of-place updates.
In order to physically update the contents of a flash page, the containing block has
to be erased first, which means once a page is written, it cannot be overwritten
until that whole block is erased [6]. Figure 2-3 highlights three cases for writing a

flash page. When a new write request comes in a free location, it can be performed
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Figure 2-:3: (A) Not all writes are costly; six pages (A-F) are written
in a block. (B) Updates cause invalidation of pages which cannot be
overwritten unless the whole block is erased. (C) Periodic garbage
collection reclaims the invalidated pages.

directly which is shown in Figure 2-3A for pages A-F. However, once a page is written,
it cannot be overwritten until that whole block is erased. So, when a page update
arrives, the controller has to invalidate the old page and write the updated page
in a new location, as shown in Figure 2-3B for pages A’-C’. As a result, after a
number of writes, the SSD may contain several invalidated pages. To reclaim the
invalidated space, the flash controller periodically triggers garbage collection, which
copies the valid pages of a block, writes them in a new block and then erases the
previous block, as shown in Figure 2-3C. Note that flash cells generally wear out
after a certain number of program/erase cycles, which is a measure of the device’s
endurance [6, 122]. Techniques like wear-leveling, overprovisioning, and bad block
skipping are commonly used to mitigate the wear-out effect and expand the SSD
lifetime [74, 83, 121]. While the read/write granularity is a flash page (typically
with size 512B-32KB), the erasure granularity is an erase block (4MB-64MB). The

overhead of maintaining periodic garbage collection along with the extra writes results
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in higher amortized write cost [22, 36, 52, 123]. The level of asymmetry depends on
the specific device and the type of access (sequential /random). Typically, writes can
be up to one order of magnitude slower than reads. For example, the advertised
random read and write performance of the Intel D5-P4320 SSD is 427K IOPS and
36K TOPS respectively, resulting in an asymmetry of 11.86x. We again refer back
to Figure 2-1A which shows the advertised asymmetry of several recent Intel SSDs.
The random read/write asymmetry is plotted along the y-axis, while the radius of the
circle shows the sequential read /write asymmetry. The light colored circles correspond
to devices that we used for benchmarking and experimentation. More details about
these devices are presented in Section 2.5. The highest advertised random (sequential)
asymmetry among those devices is 15.4x (4.86x). Although some devices advertise
low asymmetry (e.g., Optane SSDs), in practice, most devices have an asymmetry of
2x or more. In the rest of the thesis, we use the generic term read/write asymmetry

() or asymmetry to refer to both random and sequential read/write asymmetry.

2.4 Expected Parallelism in Multi-Channel Devices

We now present an analytical approximation of the expected parallelism of a multi-
channel SSD under uniform I/0 distribution. Even if multiple I/O requests are issued,
it is not guaranteed that all of the device’s channels will be used. It is possible that the
/0O requests target blocks are located in the same channel. It is also possible that the
scheduler of the I/O requests in the flash controller cannot always disperse the 1/Os
across different channels. Hence, here, we approximate how many of the channels will
be occupied in response to multiple concurrent random I/Os on average.

Consider a device that has n channels and a total of m I/O requests has been
issued in these channels. For the sake of generality, we assume a uniform distribution

of the I/O requests across the channels. We are interested in the total number of
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channels that will be occupied with the I/O requests. To calculate that, we first
calculate using recursion, the expected number of channels that will have no I/O

request to serve. We first define E,,.

E,, = expected number of empty channels after m 1/Os

By definition, after assigning the first (m — 1) I/Os to channels, there will be E,,_;

empty channels. Now, the m-th I/O must be assigned either to an empty channel or

m—1

a non-empty channel. The probability of assigning it to an empty channel is ET,
m—1

because there are F,, ; empty channels out of the n channels. In other words, ET

of the time, there will be (E,,_; — 1) empty channels, while the rest of the time

(1— E”:l‘l ), there will be E,,_; empty channels. We now express F,, recursively:

FEp— Ep—
En = ml'(Em1—1)+<1— ml)‘Emlz
n n

n—1

- Ep (2.1)

Since all channels are empty when we receive zero request (Ey = n), the recursion
becomes E,, = n - ((n—1)/n)™. So, the fraction of channels that will be empty is
En/n=((n—1)/n)™ = ((1=(1/n))")" which can be approximated by (1/e)" .

If we allow a device to concurrently serve as many 1/O requests as the number of
channels (m = n), then the fraction of idle channels is (1/e) = 37%. As we issue more
concurrent 1/Os, the fraction of idle channels reaches 0%. We consider an effective
concurrency of a device the number of 1/Os needed for E,, to approach zero, or

3 ~

-m/n _ e 3~

e~™/™ — 0. We numerically calculate that when m ~ 3n, then E,, = e
0.05. So, when the device controller allows the number of concurrent I/Os to be 3x
the number of channels, we utilize (1 — E,,,) = 95% of the device’s channels. We use
this analysis as a guide to the level of concurrency that can be efficiently supported
by modern storage devices, issuing concurrent I/Os between 1x and 3x the number

of the device’s internal parallelism.



19
2.5 Empirical Quantification of o and k

We now present a benchmarking methodology to quantify asymmetry («), read con-
currency (k,) and write concurrency (k,,) of modern storage devices [130]. We exper-
iment on several off-the-shelf and high-end devices. We also analyze the file system’s

impact on «, k, and k,, as well as on performance.

2.5.1 Benchmarking Setup

We use a machine with two Intel Xeon Gold 6230 2.1GHz processors each having
20 cores with virtualization enabled and with 27.5MB L3 cache, 384GB of RDIMM
main memory. Our experimental server has four storage devices: (i) a 375GB Optane
P4800X SSD, (ii) a 1TB PCle P4510 SSD, (iii) a 240GB SATA S4610 SSD and (iv)
a 2TB HDD. We refer to these devices as Optane SSD, PCle SSD, SATA SSD, and
HDD, respectively. We also experiment with a virtualized storage device from Amazon
AWS which is a 1.2TB Provisioned IOPS SSD allowing a maximum of 60000 IOPS. We
use both Fio [19] and our custom benchmarking tool to have fine-grained experimental
control. Our tool supports synchronous and asynchronous I/Os, and optionally, direct
[/O, multithreading, varying queue depth, and varying block size. Our device-level
benchmark uses a 29GB file on which we issue I/O requests that differ in request
type (read/write), access type (sequential/random), request granularity (4K/8K),
and number of threads. We enable direct 1/O and use a queue depth of 32. For each
experiment, we report the average IOPS, bandwidth, and latency per operation where
the numbers are averaged over 10 minutes of execution. For every experiment, the
standard deviation was less than 1%. The SSDs were pre-conditioned by writing 3
times prior to the experiments ensuring that the devices have stable performance [441].
Without loss of generality, in the rest of the thesis, we focus primarily on random

requests because (i) random accesses have lower performance with higher asymmetry
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than sequential, and (ii) in our experiments, we find that the overall trends and
observations for sequential accesses are similar to the ones for random accesses.

Computing a & k. We define concurrency as the number of concurrent 1/Os needed
to saturate the device bandwidth. Hence, in these experiments, we increase the num-
ber of threads issuing concurrent 1/Os for each device to identify the point when the
device reaches its maximum bandwidth. It is worth mentioning that for most cases,
the increase of the bandwidth is not linear. As a result, we handpick a point where
the device bandwidth is close to saturation or where the rate of bandwidth increase
drops significantly. In this way, we quantify the concurrency of a device empirically
rather than using the specifics of the internal device architecture. As mentioned ear-
lier, SSD devices has two types of concurrency depending on the access pattern: read
concurrency (k,) and write concurrency (k). As for read/write asymmetry (a), it
is calculated by taking the ratio of the maximum read vs. write IOPS (bandwidth)

obtained from these experiments.

2.5.2 Optane SSD

Figure 2-4A shows the read and write throughput of our Optane SSD, as we vary the
number of threads issuing concurrent I/Os on the x-axis. The dotted lines indicate
the point where the device bandwidth reaches (close to) the saturation point for
the corresponding access pattern. These figures highlight the significance of utilizing
device concurrency. For example, there is a 4x increase in the Optane SSD’s read
bandwidth when using full concurrency compared to no concurrency. We further
observe that the Optane SSD gets saturated quickly indicating that it has lower
concurrency (k = 6). Moreover, the Optane SSD exhibits a very small degree of
asymmetry (o ~ 1.1). Figure 2-4B shows the latency profile and the impact of
concurrency for the Optane SSD. As we increase the number of concurrent 1/Os,

initially there is almost no increase in latency while the bandwidth increases. When
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Figure 2-4: (A) The Optane SSD has lower k and a = 1. (B) Latency
does not increase until saturation.

the device bandwidth gets saturated, that latency increases quickly. The optimal
concurrency (k) of the device is the number of concurrent I/O issued when we have

this sudden latency increase.

2.5.3 PCle SSD

Figure 2-5A presents the read and write throughput of our PCle SSD, as we vary
the number of threads issuing concurrent I/Os on the x-axis. We notice that there
is a 40x increase in the PCle SSD’s read bandwidth when using full concurrency
compared to no concurrency. Compared to the Optane SSD, PCle SSD is 3x slower.
Figure 2-5A also shows that asymmetry and concurrency also depend on the access
granularity. For instance, when using 4KB blocks, a ~ 2.8, while for 8KB blocks,
a ~ 1.9. In addition, the supported concurrency depends on both the block size
and the request type (read/write). For instance, the PCle SSD gets saturated when
issuing 80 concurrent 4KB random read 1/Os (« =~ 2.8, k, ~ 80) whereas for 8KB

random writes the device exhibits lower asymmetry and concurrency values (o =
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Figure 2-5: k and o depends on the file system, access type, and
block size. (A) The PCle SSD shows high k with a up to 2.8. The
benefit of exploiting k can be as high as 40x. (B) The SATA SSD
shows lower k than the PCle SSD with a up to 1.5.

1.9, k, =~ 7). Finally, we observe that for a low number of concurrent 1/Os, writes are
actually faster than reads. This is attributed to caching benefits when the controller’s
memory is enough to capture all the concurrent writes and flush them as a batch.
As the number of concurrent I/O increases, garbage collection comes into action,

consequently exhibiting somewhat slower, steady-state write performance.

2.5.4 Regular SSD

Figure 2-5B presents the performance profile of our SATA SSD which closely follows
the trend of the PCle SSD. This device shows lower asymmetry and much lower
concurrency compared to the PCle SSD, but higher than that of the Optane SSD.
For example, for 4KB random read requests, o ~ 1.5 and k, ~ 25. The device gets
saturated quickly in the event of concurrent writing; for 8KB random write, we find

a=~13and k, ~ 5.
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Figure 2:6: (A) The Virtual SSD is software-controlled, exhibiting
a = 2 prior to saturation. (B) The extrapolated performance profile
of the Virtual SSD following the trends of other SSDs.

2.5.5 Virtual SSD

Figure 2-6A benchmarks the Virtual SSD. For 4K random read requests, there is a 16 x
throughput improvement when increasing the number of concurrent 1/0Os from 1 to
11, at which point the device gets saturated. Hence, for a small number of concurrent
[/Os, the device remains underutilized and the client does not receive the performance
they paid for, resulting in monetary loss. There are two more observations from this
graph: (i) since this is a virtual SSD, the device’s peak bandwidth is software-capped,
yet, by comparing the slope for the 4K read and write performance, we observe that
this device has a ~ 2, and (ii) the graph is more stable than the graphs of PCle SSD
and SATA SSD i.e., the increase in IOPS is a perfect straight line and there is very
little noise in the graph, which can be attributed to the device being virtual, and its
performance being managed by the software. Figure 2-6A shows that for 4KB access,

the read (write) bandwidth reaches its maximum for 11 (19) concurrent I/Os. Note
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Table 2.1: Performance comparison of the tested devices.

Device Latency (RR) Latency (RW)

Optane SSD 6.8 us 7.6 us
PCle SSD 12.4 us 19.6 us
SATA SSD 100 ps 130 ps

Virtual SSD 180 us 200 ps

HDD 7000 s 7300 ps

that these values are not the actual concurrency of the device, rather, at this point the
maximum allocated IOPS (60K) is achieved and the software layer caps the device
bandwidth. We speculate that the actual concurrency of the device is potentially
much higher. Figure 2-6B shows an extrapolated profile of the underlying physical
device of the Virtual SSD, assuming similar performance patterns to the other tested
devices and no software limit in the attainable IOPS.

Optane SSD is the Fastest. Our benchmarking shows that the Optane SSD is the
fastest, which is 1.8 x faster than the PCle SSD and the access latency can be as low
as 6.8us. We also find that the PCle SSD is 8 faster than the SATA SSD and the
SATA SSD is 70x faster than our HDD. Table 2.1 lists the access latency of all the
devices for 4KB random read/write requests.

HDD. Our experiments show that the HDD has o = 1 and k& = 1 which is expected.

We omit the performance graphs since our primary focus is SSDs.
2.5.6 Impact of File System

Bypassing the File System for PCIe SSD. In our previous experiments, we ob-
serve that the PCle SSD has a maximum read and write bandwidth of 1900 MB/s and
700 MB/s for 4KB block size, while the read latency can be as low as 12us. For such
a fast device, the software latency of the file system and the OS kernel can be signif-

icant. This device offers raw access to the storage medium by completely bypassing
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Figure 2-7: Bypassing the file system allows for 1.7Xx (1.4X) higher
read (write) throughput for PCle SSD, while the values of both o and
k are more stable across the experiments.

the file system through Intel’s Storage Performance Development Kit (SPDK) [175].
SPDK provides a set of libraries for writing high-performance, scalable, user-mode
applications. To run an SPDK application (i) the device must not have an active file
system, (ii) hugepages must be allocated to facilitate its driver (2GB by default), and
(iii) the device must be bound to a Virtual Function IO kernel driver rather than the
native kernel drivers to allow direct device access to userspace. Using SPDK and its
perf tool, we analyze how a and k£ change, and how performance is affected when we
perform raw access to this device. We issue random 1/O requests, varying the request
type (read/write), the request granularity (4K/8K) and the number of threads.
Figure 2-7A presents the performance profile of the PCle SSD with raw access.
The smoothness of the graph indicates that the device has stable performance. The
figure shows that the device has a = 3 for either access granularity. Similar to previ-
ous experiments, k depends on the request type and access granularity. For example,

for 4KB random requests a =~ 3, and k = 16 for reads. Although the concurrency
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value is lower, there is a considerable gain in both the maximum read bandwidth
(1.7x) and the maximum write bandwidth (1.4x) as compared to Figure 2-5A. Fig-
ure 2-7B shows the latency /bandwidth profile of the PCle SSD with and without the
file system, clearly supporting the thesis that for a high-performance device, the soft-
ware layer becomes a bottleneck. Traditionally, applications interact with storage via
the OS using an interrupt-based model. Although the interrupt model has an over-
head, historically this overhead was negligible compared to disk latency. However,
with the emergence of high-performance storage devices that use faster protocols like
NVMe [70, 204] and technologies like 3D XPoint [63, 148], the file system overhead
is not negligible any more [85, 203], rather, the storage bottleneck is shifting from

hardware to software, which is corroborated by our experiments.

2.5.7 Impact of Access Granularity

Our previous experiments hinted that k£ and « depend on the access granularity. In
this experiment, we further vary the access granularity between 1KB and 16KB to
see this dependency in more detail. Figure 2-8A and 2-8B shows how « and k vary
with respect to I/O size for three different devices. Figure 2-8A shows that for access
size smaller than the native page size (4KB), the asymmetry is very high for all the
devices. For example, for 1IKB I/0O size, the SATA SSD and PCle SSD (with FS)
show asymmetry of 13 and 14.4 while for 4KB these values drop down to 1.5 and 2.8.
This is because even for a small write (i.e., 1KB or 2KB), the write must be performed
at page level. This results in a lot of updates on the SSD block, which consequently
trigger excessive garbage collection that in turn significantly slows down the writes.
Hence, writes smaller than the native page size should be avoided. Figure 2-8B shows
that as I/O size increases, the device bandwidth reaches maximum with fewer I/Os.
This is because larger 1/O size causes higher data transfer which quickly saturates

the device bandwidth.
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Figure 2-8: (A) The asymmetry is high when 1/0O size is smaller than
native page size; as I/0O size increases a decreases. (B) The concurrency
decreases for larger 1/0O size.

2.5.8 Characterizing a Storage Device

To create a succinct representation of each device, we now put together the findings
from our experiments with three metrics: asymmetry («), read concurrency (k,),
and write concurrency (k,). Table 2.2 shows the values of these metrics for all
tested devices for 4KB and 8KB accesses. We note that while for some cases, there
is a positive correlation between « and k,./k,, the two quantities are not equal.
Specifically, we define asymmetry as a = BW,"** / BW " where BW %" and BW '
correspond to the maximum read and write bandwidth respectively. Further, we can
express BW™** and BW]* as a function of the number of threads that saturate
each operation as follows: BW** = f.(k,) and BW”* = f,(k,). Following our
definition for a, we get a = f,.(k,)/ fw(kw). The functions f,.(-) and f,(-) quantify the
attained bandwidth, however, f, () includes the amortized cost of garbage collection.

Hence, the two functions are neither identical nor linear, and in general o # k. /k,,.
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Table 2.2: Empirical Asymmetry and Concurrency.

4KB 8KB
Device a k. k, o k. ky,
Optane SSD .16 5 1.0 4 4
PCle SSD (with FS) 2.8 8 8 19 40 7
PCle SSD (w/o FS) 3.0 16 6 3.0 15 4
SATA SSD 1.5 25 9 13 21 5
Virtual SSD 20 11 19 19 6 10

2.6 Summary

We observe from Table 2.2 that all the NAND-based SSDs (PCle, SATA, and Virtual
SSD) exhibit asymmetry and concurrency. The value of « and k varies across de-
vices depending on the internal of the device, access granularity, access pattern and
filesystem. Bypassing the file system can unlock higher performance and stabilize
the observed asymmetry and concurrency (Table 2.2 and Figure 2-7A). Optane SSDs
generally exhibit low asymmetry and concurrency because of their 3D Xpoint tech-
nology [201] and our experiments corroborate this. We notice, however, that even
exploiting the low concurrency in Optane SSD leads to 4x higher throughput. While
the performance specifics vary significantly among different devices [19, 208], the vast
majority of modern storage devices exhibit a non-trivial degree of both asymme-
try and concurrency. Hence, storage-intensive applications can benefit from a more
faithful modeling to fully exploit the underlying device and to predict the expected

performance benefits.



Chapter 3

The Parametric I/0O Model

The performance of storage-resident applications is typically modeled by the num-
ber of disk accesses performed, inherently assuming symmetric read and write per-
formance and the ability to perform only one I/0 at a time, failing to accurately
capture the performance of SSDs. To address this mismatch, we propose a simple
yet expressive storage model, termed Parametric I/O Model (PIO)' [131] that
captures contemporary devices by parameterizing read/write asymmetry («) and ac-
cess concurrency (k). PIO enables device-specific decisions at algorithm design time,
rather than as an optimization during deployment and testing, thus ensuring op-
timal algorithm design by taking into account the properties of each device. Fur-
ther, we show that using carefully quantified values of o and k for each storage
device, we can fully exploit the performance it offers, and we lay the groundwork for
asymmetry/concurrency-aware storage-intensive algorithms. We also highlight that
the degree of the performance benefit due to concurrent reads or writes depends on
the asymmetry of the underlying device. Finally, we summarize our findings as a set
of guidelines for designing storage-intensive algorithms and discuss specific examples

for better algorithm and system designs as well as runtime tuning.

!The material of this chapter has been the basis for the DAMON 2021 paper “A Parametric 1/0
Model for Modern Storage Devices” [130] and the CIDR 2021 abstract “The Need for a New I/0
Model” [131].

29
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3.1 Introduction

External-Memory Model (EM Model). The performance of data-intensive ap-
plications is typically bounded by the time needed to transfer data through the storage
and memory hierarchy. Hence, when data resides on slow media, disk I/0 is the pri-
mary bottleneck. As a result, measuring and modeling disk I/0 access is often used
as a proxy to performance. The traditional I/O model (also termed EM model) [5]
consists of a two-level memory hierarchy with a fast internal memory of size M (which
we simply call memory) and a slow external memory (storage) of unbounded size;
both divided into fixed-size blocks. Any computation requires the corresponding data
blocks to be in memory, which is typically orders of magnitude faster than storage.
Therefore, the EM model measures cost using only the storage I/O cost (number of
storage accesses). As a result, the cost () of an algorithm in the EM model is defined
as the total number of read and write accesses to the storage. In other words, if an
algorithm performs @), read accesses and @),, write accesses to the external memory,
the cost @) of the algorithm can be defined as @ = @, + Q,,. Hence, they have very
different characteristics than HDD which the EM model does not comprehend. This
modeling is accurate when two key assumptions hold: (i) disk reads and writes have
similar cost, and (ii) applications can perform one I1/O at a time — none of which
1s true for modern storage devices. The mismatch between the EM model and con-
temporary devices stems from the fact that it was developed for HDDs, which have
symmetric read-write performance dominated by the disk’s mechanical movement.
Furthermore, the mechanical parts do not allow HDDs to serve multiple concurrent
requests; rather, disk accesses happen serially. In contrast, most flash-based SSDs

are composed of electronic components.

Storage Modeling. Without capturing asymmetry and concurrency of SSDs, we

cannot attain its full potential, nor we can tailor the algorithms to the characteristics
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of the device, resulting in subpar performance and suboptimal device utilization. This
raises the need for a new I/O model [131] that can incorporate these device properties.

Now, the question we set out to answer is:

How should the I/0 model be adapted in light of read/write asymmetry and

concurrency?

Parametric I/O Model. We propose a simple yet expressive storage model termed
Parametric I/O Model (PIO) [130] that considers asymmetry («) and concurrency
(k) as parameters. Using the device properties, this richer I/O model can accurately
capture modern SSDs. We benchmark different types of state-of-the-art SSD storage
devices to quantify their « and k. In addition, we perform an abstract modeling of
different types of applications based on our proposed PIO model, and we showcase
the impact of utilizing £ and modeling o. Our experiments and analysis reveal that

more informed storage modeling leads to better overall application performance.

Contributions. This chapter makes the following contributions.

e We introduce the Parametric I/O Model (PIO) which considers both « and k.
We show the benefits of adding these properties in our model with respect to device
utilization and performance.

e We discuss when and how to exploit which type of concurrency. We highlight that
asymmetry is key to quantifying performance.

e We outline five guidelines that should be considered during storage-intensive algo-

rithm design.

3.2 Parametric I/O Model

In this section, we present the Parametric I/O Model (PIO), a new, simple yet

expressive model that takes asymmetry and (read and write) concurrency as param-
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eters. PIO enables better algorithm design and helps to accurately reason about the

performance of storage-intensive algorithms and data structures.

PIO(M,k,,ky, ) assumes a fast main memory with capacity M, and
storage of unbounded capacity that has read/write asymmetry o, and

read (write) concurrency k. (k).

We consider that both memory and storage are divided into fixed-size blocks.
Since the model is device-specific, the values of k., k,, and « are either given by
the device manufacturer, or by a benchmarking process similar to the one used in
Section 2.5. PIO allows us to accurately describe a variety of devices, and reason
for their behavior at algorithm-design time. That way, we can make storage-aware
optimizations part of the design, as opposed to applying them as an additional ad hoc
tuning step during deployment. Next, we present how to use PIO to reason about

the performance benefits of several fundamental classes of applications.

3.2.1 Performance Analysis

To analyze the performance of a storage-intensive application, we focus on its inter-
action with the storage device, that is, on the read and write requests it issues. We

classify storage-intensive applications into four classes.

e Unbatchable Reads, Unbatchable Writes. An application that cannot batch reads
nor writes. We include this class only for completeness and to highlight the impact
of asymmetry.

e Unbatchable Reads, Batchable Writes. An application that batches writes and uti-
lizes the write concurrency of the device (example: concurrent eviction of dirty

pages from a bufferpool).
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e Batchable Reads, Unbatchable Writes. An application that batches reads and uti-
lizes the read concurrency (example: concurrent traversal of multiple paths in a
graph or in a tree index).

e Batchable Reads and Writes. An application that batches both reads and writes

and utilizes both read and write concurrency (example: LSM-tree compaction).

To maintain the generality of the approach, we quantify the performance gain using
the frequency of reads (f,.) and writes (f,), for which f. + f, = 1. We assume that
read requests have unit cost (1) and write requests have cost o, where o > 1. A device
with read concurrency of k, and write concurrency of k,, can concurrently perform £k,

reads and k,, writes.

Unbatchable Reads, Unbatchable Writes.

We first consider the class of applications
that cannot batch reads or writes and per-
forms them sequentially. While this class

seems to be of no interest as it cannot ex-

Normalized Cost
— [\ w 15N (@] (@)} ~J oo

ploit any concurrency, we include it for com-

pleteness and to highlight the importance

of asymmetry. Since reads have unit cost 1 0.8 06 04 0.2 0

) ) Read Ratio
and writes have a cost, the normalized cost

' . ~ Figure 3-1: Higher asymmetry leads
per operation for this type of application is ¢, higher cost since the more expensive

write cost is not amortized (through

fr + fuw - a. Figure 3-1 shows this cost as we )
concurrency or otherwise).

vary the read/write ratio in the workload.

For a device with higher asymmetry, the cost increases as more writes are introduced
in the workload. This figure highlights that when there is asymmetry, treating reads
and writes equally leads to performance degradation. Rather, the slower writes should

ideally be masked either algorithmically, or if possible, via batching.



34

8Fa=1-—=— a=4 ¢ 8ra=1-—-— a=4 1 % a=1—-— a=4 ]
TFh =2 —*%— =8 85— 7 7F a=2 —*— q=8 85— 7 7r a=2 —*— =8 —85— 7
6 1 e « 561 2
T 5F 1 85r ® D 5r pl
24 L Ee T Ee f
(/33, i U}B, i U)3, ,(
2t 4 2F 4 2F ]
1 | | | | | | S| 1 | | | | | | S| 1 I | | | | | S|
1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8 1 2 3 4 5 6 7 8
Conc. Write I/Os Conc. Write I/Os Conc. Write I/Os

(A) 1% reads (B) 10% reads
2 T T T T T 2 T T T

gl @=1—°— a=4 | gl @=1-° a=4 |
“la=2—* a=8-—-=, 4 _"°[ a=2—* a=8§ —=—

(C) 50% reads

E'16 1 816l 1
2= aei
$14 4 O14f .
(oW Q
D2 « P 12f .

18 ) lu/a———g?ﬁ = & =) =) £
T2 3 4 5 6 7 8 I 2 5 4 5 6 7 8
Conc. Write I/Os Conc. Write I/Os

(D) 90% reads (E) 99% reads

Figure 3-2: Speedup of an Unbatchable Reads, Batchable Writes ap-
plication. The speedup is highest for write-intensive workloads. Fur-
thermore, the speedup depends on the device asymmetry — the higher
the asymmetry, the higher the speedup.

Unbatchable Reads, Batchable Writes. This class of applications exploits the
write concurrency of the device to batch write requests. As an example, consider a
modified DBMS bufferpool manager that selects several dirty pages and writes them
concurrently during an eviction. In this scenario, the application at hand attempts
to fully exploit the device’s write concurrency via concurrent flushing during a page
eviction. To achieve this, it submits £, concurrent writes. Since the device has «
asymmetry, the cost of a write following the standard approach of evicting one page
at a time, as indicated by the EM model would be C{M = . On the other hand,
the amortized cost per write when we batch k,, writes following PIO is C{/9 = =
Since reads are not batchable in this application class, each read will have unit cost

in both the EM and PIO paradigm, hence, CEM = CE9 = 1. We can now calculate

the speedup Spro of this application based on PIO:
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Since a > 1 and k,, > 1, then Sp;o > 1 where the maximum value of Sp;o can be up
to k. Figure 3-2 shows the speedup when following PIO for different o and k,, values
as we change the read/write ratio. We observe that the speedup increases as more
concurrent 1/Os are employed, which is expected. Furthermore, we note that the
speedup depends on the asymmetry of the device. The gain is higher for a device
with higher asymmetry. For example, for f, = 0.5 and when fully exploiting the
concurrency of k,, = 8 by issuing 8 concurrent I1/Os; the speedup for a device with av =
8 is 4.5x whereas the speedup for a device with o = 1 is 1.78x (Figure 3-2C). Since
the application batches writes, the benefit from efficient writing is more pronounced
for a write-intensive workload (Figure 3-2A). For a workload that contains only reads
or writes, the speedup from the PIO paradigm is the same irrespective of a. The key
observation is that for batchable writes applications, a higher asymmetry between
expensive writes and cheap reads leads to a higher speedup.

Batchable Reads, Unbatchable Writes. The second class of applications models
scenarios where reads can be issued concurrently to exploit read concurrency, but
not writes. As an example, consider a graph store that traverses multiple paths con-
currently, thus can accelerate various algorithms including graph search and shortest
path. Essentially, the algorithm can visit multiple nodes in parallel instead of one
node at a time, and offer faster search time with the same worst-case guarantees. An-
other example is concurrent traversal of tree indexes [153]. The application performs
k, reads concurrently, thus, CEM =1 and CE° = i The cost of a write request is
CEM = CFTO = o for both paradigms since the writes are not batched. The speedup

of this second class of applications is:



Conc. Read I/Os Conc. Read I/Os Conc. Read I/Os
(A) 1% reads (B) 10% reads (C) 50% reads
8 8
7 7
0 2o
"§ 5 "8 5
0.44 &4
@3 w3
2 2
1 1
Conc. Read I/Os Conc. Read I/Os
(D) 90% reads (E) 99% reads

Figure 3-3: Speedup of a Batchable Reads, Unbatchable Writes appli-
cation. The speedup is highest for read-intensive workloads. Speedup
depends on the device asymmetry, however, the trend is reversed — the
lower the asymmetry, the higher the speedup.
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Since aw > 1 and k, > 1, then Sp;n > 1, and also Sp;, < k,. Figure 3-3 presents the
speedup of such an application based on PIO. Like before, the speedup increases as
more concurrent 1/Os are used. However, this time the gain is higher for a device
with lower asymmetry. For instance, with f. = 0.5 and k, = 8, the speedup for a
device with a = 1 is 1.78x and it drops to 1.11x for aw = 8 (Figure 3-3C). Note that,
the overall speedup is lower than the previous application class because, while writes
are still more expensive than reads (for o > 1), this class of applications can only
utilize read concurrency. The speedup is maximized when the workload is read-heavy

(Figure 3-3A), showing the benefit of batching reads.

Batchable Reads and Writes. The third class of applications can batch both
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Figure 3-4: Speedup of a Batchable Reads and Writes application.
(A, B) For fewer reads, speedup increases with more conc. write [/Os
irrespective of conc. read I/Os. (C, D, E) Read concurrency comes into
action as more reads are introduced in the workload.

read and write requests. A notable example of such an application that can concur-
rently issue many concurrent read and write requests without any interdependency
are LSM-trees, and specifically their compaction routine. During a compaction, mul-
tiple read/write streams are involved since files from the selected levels are read, sort
merged and written to the next level. Since the whole process invokes numerous
reads and writes, the compaction scheduler can use PIO to decide the degree of con-
currency. Specifically, it can start as many concurrent compactions as needed to fully
exploit the read concurrency and the write concurrency. The cost of a classical read
is CEM =1, and of a classical write is CFM = . Since this class of applications can
batch both reads and writes, the amortized PIO costs are C5/¢ = % and CH1O = =

The speedup of the third class of applications is:
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The maximum value of S%;, can be up to k, or k,, depending on the workload. For
fewer reads (Figures 3-4A, 3-4B), the speedup increases as more concurrent write I/Os
are issued irrespective of the number of concurrent read I/Os. For workloads with
more reads (Figures 3-4C, 3-4D, 3-4E), the impact of concurrent read 1/Os becomes
more prominent. Similarly to the previous class of applications, the speedup depends
on the device asymmetry. Overall, we observe that the impact of utilizing write
concurrency is higher than utilizing read concurrency because of the asymmetry.
Impact of Asymmetry (a). The above analysis reveals that the speedup from
exploiting concurrency depends on the asymmetry of the device. For an Unbatchable
Reads, Batchable Writes application, the speedup is higher for a device with higher
asymmetry because the higher cost of writes is amortized through batching. On the
other hand, for a Batchable Reads, Unbatchable Writes application, the speedup is
higher for devices with lower asymmetry, because batching actually further reduces
the amortized cost of reads. In other words, batching reads exacerbates the impact
of read/write asymmetry. To summarize, the degree of the performance gain/loss
depends on the asymmetry and the application type, whereas the gain is achieved
through exploiting concurrency.

Importance of using the Optimal k. The speedup of an application depends on
carefully exploiting the actual device concurrency. To demonstrate this, we implement
a sample application with unbatchable reads and batchable writes (a bufferpool that
batches writes of dirty pages and flushes them concurrently during eviction). We run
this concurrency-aware application on our PCle SSD that exhibits k,, = 8, and we
vary the number of concurrently issued write-backs during eviction. Figure 3-5 shows

the speedup when comparing with an application that always evicts a single page, for
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a workload with f, = 0.5. As we increase the number of concurrent evictions towards

the device’s k,, = 8, the speedup in-

\ \ l \ \
creases as expected, however, after L6 - Batched Writes —5— 7
this point, the speedup drops. This

is because (i) the device’s supported -5 13
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concurrent 1/Os, the software over- Concurrent I/Os

head of thread management also in- Figure 3-5: Speedup increases as more concur-
rent I/Os are used until the device is saturated.

creases. Hence, the speedup drops af-

ter reaching this threshold, indicating that we should refrain from increasing the

concurrent requests (especially writes) further than the supported concurrency.

3.3 Algorithm Design Guidelines

We now distill five guidelines from our previous discussion that should drive the

development of new storage-intensive algorithms.

Guideline 1. Know Thy Dewvice

When a new device is used, we frequently focus on the raw performance (throughput
and latency), however, modern storage devices are complex software-hardware sys-
tems that also exhibit read/write asymmetry, as well as read and write concurrency.
In Sections 2.5 and 3.2, we see that we need to know and appropriately use both these
properties to get the best out of our devices. Hence, before deploying a device it is
crucial to benchmark it to quantify its PIO parameters: asymmetry («), and read

(k) and write (k,,) concurrency.
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Guideline 2. Fxploit Device Concurrency

When a storage-intensive application has readily available information for multiple
read and/or write operations, it should exploit the available parallelism of the device.
The modeled concurrency is only an approximation of the actual capabilities of the
device (which depend both on the internals of the device and the data access pat-
terns). However, operating at a rate close to the benchmarked concurrency will yield
the best device throughput. In addition, algorithms that have been designed with
the “one I/O at a time” or “one stream of I/Os at a time” approach should be re-
designed. For example, a bufferpool can concurrently write-back multiple dirty pages
and concurrently prefetch multiple pages, a graph search can visit multiple nodes in
different paths concurrently and cover the graph faster, and an LSM-tree can tune

its compaction according to how many concurrent streams can be supported.

Guideline 3. Use Device Concurrency With Care

In the effort to fully exploit the bandwidth of a device we might end up pushing the
device beyond its limits. In a simple benchmark, read bandwidth simple plateaus for
a high number of concurrent 1/Os, however, this is not the case for write-intensive or
more complex applications. For such scenarios, using the appropriate k, i.e., exactly
what the device supports, is key to achieve the optimal (advertised) performance,
while pushing for higher concurrency might have adverse effects (Figure 3-5). Further,
real-life applications may have other bottlenecks (locking, synchronization, logging,

etc.) that can further diminish the benefits of concurrent accesses.

Guideline 4. [t is suboptimal to treat equally a page read and a

page write for a device with asymmetry

While it may seem natural to consider both a page read and a page write equally

in terms of performance because of how main memory and hard disk behave, this
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is not the case for modern storage devices. A page read and a page write follow
a very different execution path, and building algorithms and data structures that
treat them equally in terms of performance leads to suboptimal designs. To address
this, when operating on modern storage devices, page writes should either be delayed
(hoping that some will be avoided) or they should be amortized through concurrent
writing. Overall, performing one write to facilitate one read or vice versa (e.g., when

a bufferpool is saturated) is a suboptimal design in the presence of asymmetry.

Guideline 5. Read/Write Asymmetry Controls Performance

For applications that have read and write requests, the device asymmetry controls
the magnitude of the performance benefits due to utilizing concurrency (Figures 3-2,
3-3, and 3-4). Consider the class of applications with batchable writes. Devices
with higher asymmetry benefit more from writing in parallel. On the other hand,
for applications with batchable reads, devices with higher asymmetry see smaller
benefits, because the asymmetrically high cost of writes cannot be amortized. For
example, a bufferpool that is saturated and has to evict a dirty page will exchange a
write for a read. If the device exhibits asymmetry, this approach is not fair, because
one write is more expensive than one read. Hence storage-intensive algorithm design

should be both concurrency and asymmetry aware.

3.4 Discussion

3.4.1 Redesigning Algorithms & Operators

The Parametric I/O model captures the behavior of modern storage devices, and can
be used to guide algorithm design for external storage. In this thesis we focus on a set
of abstract workloads that represent different types of applications, which can benefit

from capturing asymmetry and concurrency. Following the same spirit, this premise
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can be applied to various components of data systems. As PIO ensures better storage
utilization by considering the specific device properties, we envision better algorithm
design for almost any component of a system that interacts with storage.
Bufferpool. A component of a database system that can benefit from PIO is the
bufferpool. In fact, several bufferpool implementations (e.g., InnoDB, DB2) already
exploit write concurrency by batching multiple writes and exploiting background
flushing [43, 67]. Using PIO, we can carefully design a concurrency eviction pol-
icy that accounts both for the device write concurrency and the device asymme-
try to guarantee a balanced workload execution. We will present our proposed
asymmetry /concurrency-aware bufferpool in Chapter 4.

Tree and Graph Traversal. In light of PIO, tree and graph traversal algorithms
can be redesigned to access multiple nodes concurrently, thus, having a wider search
space at the same time. Consider a variation of the depth-first search (DFS) algorithm
that can offer DFS guarantees, while at the same time covering a wider search-space
by loading concurrently sibling nodes to the degree the underlying concurrency can
support it. Conversely, one can construct an algorithm with breadth-first-search
(BFS) guarantees that follows a few promising paths as deep as they might get. We
will present our concurrency-aware graph manager in Chapter 5.

Query Optimizer Cost Models. Consider a query optimizer that determines which
join algorithm to employ using cost models [62]. While state-of-the-art optimizers
differentiate between sequential random accesses [62], typically, they do not differen-
tiate between reads and writes. For modern storage devices, however, this misses the
opportunity to account for the read/write asymmetry. By including asymmetry in
the cost-model, we can make more accurate query optimizing decisions. Moreover,
the join algorithms themselves can be designed to leverage device concurrency when

reading/writing data blocks from/to storage.
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LSM-trees Compactions. Finally, a data structure that can also benefit from PIO
is the Log-structure merge (LSM) tree’s compaction process. LSM-trees are widely
used as the storage layer of many NoSQL key-value and other data stores [17, 42, 127,
159, 160]. LSM-trees write on disk immutable sorted runs and once a level reaches its
threshold, a compaction is performed in order to reorganize the data between the sat-
urated level and the next level. An LSM-tree typically initiates multiple compactions
at the same time, and each compaction merges a number of sequential streams to a
single output. Hence, using PIO, the compaction scheduler can decide how many and
which compactions to initiate to better exploit the underlying device.

Overall, incorporating read/write asymmetry («) and concurrency (k) in algo-

rithm design allows for customizability for different devices which leads to more

faithful storage modeling and, ultimately, to better device utilization.

3.4.2 Automatic Devices Tuning Using PIO

Further, the benchmarking presented in Section 2.5 shows that the characteristics
of the devices are more accurately captured through careful experimentation, rather
than using the advertised performance. Hence, we propose to use our benchmarking
methodology to characterize a storage device with respect to their asymmetry («)
and concurrency (k, and k). This is a one-step analysis that allows to carefully tune

PIO-aware algorithms or data structures.

3.5 Related Work

Existing Models. External storage has been traditionally modeled as a simple
collection of blocks following the simplicity of the design of a hard disk (EM Model
[5]). Blelloch et al. [21, 22] proposed the Asymmetric RAM (ARAM) model to

analyze algorithms for asymmetric read and write costs, targeting asymmetric non-
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volatile main memory devices. There are two primary differences between ARAM
and PIO. First, ARAM targets main memory that has smaller access granularity.
Second, it does not take into account the parallelism of modern storage devices which
is central to PIO. The main goal of ARAM is to develop write-efficient main memory
algorithms. On the contrary, the goal of PIO is to capture the inherent asymmetry
and concurrency of storage devices, and study how we can use these in the design
process of storage-intensive algorithms.

Addressing Read/Write Asymmetry and Concurrency. The read/write asym-
metry on storage has been identified as an optimization goal for indexing [15, 30,
31,99, 102, 192], flash-aware storage engines [124], and other data management op-
erations [60, 137]. In the context of exploiting device parallelism, recent research
builds new 1/O schedulers for SSDs [113, 141, 165], and designs new data struc-
tures [26, 81, 153, 162]. Our work bridges these efforts on addressing asymmetry
and concurrency under a unified approach, making both « and £ first-class citizens
of storage device modeling. PIO lays the groundwork for considering o and k at

algorithm-design time, rather than as an optimization during deployment.

3.6 Conclusions

The classical I/O model which was developed considering traditional HDDs, cannot
accurately model modern storage devices. Contemporary storage devices are char-
acterized by a read-write asymmetry and an access concurrency, both of which are
essential to fully utilize the device. We propose a simple yet expressive paramet-
ric I/O model, termed PIO, that considers the asymmetry (a) between reads and
writes, and concurrency (k) that different devices may support to enable better al-
gorithm design. By capturing o and k, device-specific decisions can be tuned at

both algorithm design time and during deployment and testing. We illustrate the im-



45

pact of PIO on different classes of workloads and outline five guidelines that should
drive storage-intensive algorithm design. We envision better algorithm design for any
component of a system that interacts with the storage. Specifically, we envision an
asymmetry/concurrency-aware bufferpool manager that prefetches reads concurrently
and batches dirty evictions to exploit the device parallelism. Further, we envision that
algorithms for tree and graph traversal can be redesigned to access multiple nodes
concurrently, thus avoiding the classical paradigm of accessing one node at a time,

ensuring better device utilization.



Chapter 4

Aymmetry/Concurrency-Aware (ACE)
Bufferpool Manager

Modern SSD devices exhibit read/write asymmetry and concurrency. These char-
acteristics have two key implications: (i) proper use of concurrency enables better
device utilization, and (ii) treating page reads and writes equally in an asymmetric
environment is suboptimal [130, 131]. However, many data-intensive systems have
not been thoroughly redesigned to account for these characteristics resulting in de-
vice underutilization, which is typically addressed opportunistically by device-specific
tuning during deployment. The bufferpool management of a Database Management
System (DBMS) is tightly connected to the underlying storage device. State-of-the-
art approaches treat reads and writes equally, and do not expressly exploit the SSD
concurrency, leading to subpar performance.

In this chapter, we propose a new Asymmetry € Concurrency-aware bufferpool
management (ACE)! [132, 133] that batches writes based on device concurrency and
performs them in parallel to amortize the asymmetric write cost. In addition, ACE
performs parallel prefetching to exploit the device’s read concurrency. ACE does not
modify the existing bufferpool replacement policy, rather, it is a wrapper that can

be integrated with any replacement policy. We implement ACE in PostgreSQL and

'The material of this chapter has been the basis for the ICDE 2023 paper “ACEing the Bufferpool
Management Paradigm for Modern Storage Devices” [132], the SIGMOD 2025 demonstration paper
“ACE-in-Action: A Smart DBMS Bufferpool for SSDs” [133] and the ICDE 2024 PhD Symposium
“Enhancing Data Systems Performance by Exploiting SSD Concurrency & Asymmetry” [129].

46
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evaluate its benefits using a synthetic benchmark and TPC-C for several popular
eviction policies (Clock Sweep, LRU, CFLRU, LRU-WSR). The ACE counterparts of
all four policies lead to significant performance improvements, exhibiting up to 32.1%
lower runtime for mixed workloads (33.8% for write-intensive TPC-C transactions)
with a negligible increase in total disk writes and buffer misses, which shows that
incorporating asymmetry and concurrency in algorithm design leads to more faithful

storage modeling and, ultimately, to better device utilization.

4.1 Introduction

Bufferpool Manager. The part of a database management system (DBMS) that
interacts directly with storage devices is the bufferpool which works as the interface
between memory and the underlying storage device. The bufferpool keeps in memory
a set of pages to minimize the number of (slow) disk accesses. If a requested page is
already in the bufferpool, it can be served immediately without accessing the disk.
In contrast, if the requested page is not available, it has to be fetched from the disk
and placed in the bufferpool. If the bufferpool is already full, another page is first
written back to disk (if dirty) and evicted, based on a page replacement policy [149)].
In this chapter, we show that a bufferpool manager which is carefully tailored to the
underlying storage device can significantly improve the system’s performance.

The Challenge. In this chapter, we attempt to address two challenges of state-of-
the-art bufferpool managers. (A) First, existing bufferpool managers often assume
that the underlying devices have no concurrency (k = 1). When writing dirty pages
to disk, state-of-the-art bufferpool managers write (evict) one page at a time, hence
missing the opportunity to exploit the device concurrency. Although durability mech-
anisms like logging and checkpointing attempt to ameliorate the effect of random 1/Os

by converting them to sequential 1/Os, the physical page writes from the bufferpool
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Figure 4-1: ACE addresses asymmetry by exploiting concurrency and
amortizing writes.

are performed one I/O at a time, which is our primary focus. Furthermore, some sys-
tems employ data prefetching [120, 190], however, they primarily rely on sequential
I/0O instead of concurrent reading. (B) Second, page replacement policies generally
do not consider the device asymmetry (o), instead, they treat read and write requests
equally (i.e., they consider v = 1). Hence, the to-be-evicted page’s status (dirty or
clean) does not depend on whether the requested page is a read or a write. As a
result, it is entirely possible that the bufferpool evicts a dirty page (writes to disk)
when the incoming page request is a read, essentially exchanging a read for a
write irrespective of the device asymmetry, leading to suboptimal performance [130].

Figure 4-1 shows that popular page replacement policies are designed for devices
with no asymmetry and concurrency (bottom left, blue). Recently proposed flash-
friendly policies like CFLRU [139], LRU-WSR [80], and others [100, 207] try to min-
imize the number of writes by evicting clean pages first, indirectly addressing the
asymmetry (bottom middle, yellow). However, these policies also exchange reads and

writes interchangeably. There have been some efforts to utilize the device concurrency
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via modifying the SSD internals [88, 162, 163] (top left, green). However, these solu-
tions lack general applicability because they require redesigning of the SSD controller
and they do not target the DBMS bufferpool. Hence, to the best of our knowledge,
no bufferpool manager appropriately considers both asymmetry and concurrency.

A New Bufferpool Design Space. Traditionally, the design space of bufferpool
management includes primarily a page replacement policy and optionally a read-ahead
policy. The page replacement policy decides the order that pages are evicted and
written back. If the evicted page is dirty, a write-back is issued for that page. Since
traditional systems have a single policy for both eviction and write-back, they essen-
tially make one decision for two separate questions: which page to evict? and which
page to write-back? We separate these two questions by introducing a new write-back
policy, thus, decoupling write-backs from eviction. We maintain one overall virtual
page ordering of eviction (which is typically outsourced to the existing replacement
algorithm), however, we have a different virtual order for writing-back pages, which
depends on (a) the replacement algorithm, (b) whether the page is dirty, and (c) the

support write concurrency of the storage device.

A bufferpool management approach can be described by four design decisions: (i)
replacement algorithm, (ii) write-back policy, (iii) eviction policy, and (iv)

read-ahead policy.

In this augmented design space, the replacement algorithm inform both the write-back
and the eviction policies, however, in a different manner. The write-back policy uses
the virtual order of pages dictated by the replacement algorithm and the degree of
write concurrency of the device to write-back only dirty pages. The eviction policy
uses the virtual order of pages dictated by the replacement algorithm to evict only
clean pages (which may have been just written back or were already clean). The

decision of how many pages to evict is decided from the application as a decision
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between prioritizing locality (evict only one page) vs. prefetching (evict multiple
pages, but use the read-ahead policy to populate the free spots).
Design Goals. With this refactored bufferpool design space, we set the following

design goals :
e Exploit concurrency to ensure proper utilization of the device parallelism.

e Bridge asymmetry via write-amortization to ensure that there is no imbalance

when the bufferpool is saturated.

e Ease of adoption, so that systems can quickly benefit from our design without

extensive engineering effort.

Asymmetry & Concurrency-Aware Bufferpool Manager (ACE). To fulfill
these goals, we propose ACE [132], a new bufferpool manager that utilizes the under-
lying device concurrency to bridge the device asymmetry (top right of Fig. 4-1 — col-
ored red). Our approach uses asymmetry/concurrency-aware write-back and eviction
policies. The write-back policy always writes multiple pages concurrently (utilizing

the device’s write concurrency), hence

amortizing the write cost. The eviction 3 L #Concurrent I/Os = 2 —— -
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Figure 4-2: ACE outperforms state-of-
that it can be integrated with any exist- the-art due to better device utilization.
ing page replacement policy with low en-

gineering effort, while, any prefetching technique can also be integrated, essentially al-
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lowing any existing bufferpool manager to be augmented by our approach. Figure 4-2
shows the ideal speedup of such an asymmetry/concurrency-aware bufferpool manager
where the baseline system uses LRU. The benefit of ACE is higher for devices with
higher asymmetry (up to 2.5X) showing that the asymmetry gap is increasingly im-
portant to bridge. We integrate ACE with four page replacement policies and imple-
ment them in PostgreSQL to evaluate ACE’s efficacy. Our asymmetry/concurrency-
aware bufferpool manager (i) batches write-back requests (from bufferpool to the disk)
in a storage-aware manner and (ii) prefetches pages in parallel leading to substantial

performance gains with a negligible increase in buffer miss and total writes.

Contributions. This chapter makes the following contributions.

o We refactor the bufferpool design space by including a write-back policy that con-

sider device-specific properties.

e We propose ACE, an asymmetry € concurrency-aware bufferpool manager that
utilizes the device’s concurrency. ACE is flexible enough to be combined with any

existing page replacement policy and prefetching technique.

e We implement ACE with PostgreSQL’s default replacement algorithm (Clock Sweep)
and we add three more replacement algorithms (LRU, CFLRU, LRU-WSR) and
their ACE counterparts in PostgreSQL.

e We evaluate the efficacy of ACE against these four algorithms in PostgreSQL. ACE
achieves up to 32.1% lower runtime for a mixed workload with negligible increase
in total writes and buffer misses. For the TPC-C mix, ACE reduces runtime by up

to 24.2% while attaining 33.8% lower runtime for the write-heavy transaction.
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4.2 An Augmented Bufferpool Design Space

Traditional bufferpool designs have one main component: the page replacement pol-
icy (that may lead to a write-back if a dirty page is evicted), which is driven by
the replacement algorithm and one optional component: a prefetching module. We
depart from this paradigm and separate the write-back decision from the replacement
policy. We propose a new bufferpool design paradigm that makes four decisions: (i) a
replacement algorithm that decides the to-be-evicted page order and influences the
to-be-written page order, (ii) a write-back policy that decides when, how many, and
which pages to write back, (iii) an eviction policy that decides how many and which
pages to evict, and (iv) a read-ahead policy that decides when, how many, which
pages, and how to prefetch. Figure 4-3 presents the proposed augmented bufferpool

design space along with the various options for each design decision.
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dirty page eviction.

4.2.1 Background on Page Replacement Algorithm

At the core of every bufferpool design is the page replacement algorithm which decides
which page needs to be replaced when the bufferpool runs out of space. Note that
this decision essentially creates a virtual order of the pages to be evicted. The most
popular page replacement algorithm is Least Recently Used (LRU) [126] which tries

to keep the most recently accessed pages in the bufferpool. Some other popular

algorithms are Clock [87], NFU [182], 2Q [77], NRU [47], FIFO [182], ARC [116], and
Second Chance [86]. PostgreSQL adopts the Clock Sweep algorithm [146], a variant of
NFU. The algorithm maintains the bufferpool pages as a circular list with each page’s
usage count, while the candidate pointer rotates clockwise. If the candidate unpinned
page’s usage count is 0, the page is selected for eviction. Otherwise, its usage count is
reduced by 1, and the pointer moves ahead clockwise (Figure 4-4a). This algorithm
and all the aforementioned algorithms do not differentiate between reads and writes.

In recent literature, when optimizing for SSDs, flash-friendly policies reduce device

wear by absorbing more writes in memory before evicting a dirty page.
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Flash-friendly Policies. Clean-First LRU (CFLRU) maintains the LRU order of
the pages and divides the LRU list into two regions: working region and clean-first
region [139]. The working region contains the recently accessed pages, while the clean-
first region contains the candidate pages for eviction (Figure 4-4b). To minimize the
number of writes, CFLRU evicts clean pages from the clean-first region and when
there are no clean pages left in this region, CFLRU evicts dirty pages following LRU.
The size of the clean-first region is decided by the window size parameter. Although
the optimal window size depends on the workload, a rule of thumb is that if IV is the
size of the bufferpool, ¥ is a good window size [139].

Another flash-friendly algorithm is LRU with Write Sequence Reordering or LRU-
WSR [80]. LRU-WSR delays evicting cold dirty pages to reduce the number of writes.
Each page in LRU-WSR has a cold flag which is cleared every time the page is
referenced. If the candidate page for eviction is dirty, it is evicted only if its cold flag
is set; otherwise the page is moved to the most recently used position while setting
the cold flag and another candidate page is selected based on the LRU order. If
the candidate page is clean, it is evicted irrespectively of its cold flag. Figure 4-4c
shows two examples of LRU-WSR. Both CFLRU and LRU-WSR outperform LRU for
flash devices, because they prioritize evicting clean pages over dirty pages, indirectly
addressing the underlying device asymmetry. Other flash-aware policies [100, 207]
adopt similar strategies while considering the access frequency and wear-leveling. All
these policies prioritize reads over writes to mitigate device wear caused by writes.
While they indirectly address asymmetry up to a point, they do not explicitly consider

the specific device asymmetry and concurrency.

4.2.2 Write-back Policy

Once a dirty page is selected for replacement, the bufferpool has to write the page

back to disk. In practice, state-of-the-art systems like PostgreSQL have a separate
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dirty page buffer to which dirty pages for replacement are first moved, and flushed in
the background. Further, page updates are also written in the write-ahead log (WAL)
sequentially to make the database crash-resilient, and dirty pages are written-back
during checkpointing as well. However, all these write-backs are performed one page at
a time following the underlying assumption that storage devices can perform one I/O
at a time, and rely on the operating system to re-order or batch disk writes. In this
way, the read request of a new (not buffered) page is countered by one write-back when
the page for replacement is dirty, exchanging one write for one read. Since writes are
more expensive than reads in modern storage devices, this is an unfair decision that
leads to performance degradation, which we also observe experimentally. To address
this, we augment the write-back policy to write multiple dirty pages at
once following the virtual order provided by the page replacement algorithm. Note
that we can write-back multiple pages concurrently without a penalty due to the
underlying write concurrency of the device (k). In order to bridge the asymmetry
(), we parallelize at least « writes to amortize their cost for the single read that

caused this write-back, or more if the device concurrency permits (if k,, > «).

4.2.3 Eviction Policy

Following the write-back phase, the eviction policy now decides which and how many
pages to evict. Traditionally, systems evict always one page which leads to the one
read for one write approach. Since following the new write-back policy we have
already written back more than one page, the eviction policy may opt to evict more
(now clean) pages to make room for additional pages to be prefetched, assuming the
prefetcher has high confidence for its predictions. Hence, we include one additional
design choice: the number of pages to be evicted. The exact pages to be evicted
still follow the virtual order imposed by the replacement algorithm. By splitting

the page replacement policy into a write-back and an eviction phase, we exploit the
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underlying concurrency of the storage device to bridge the asymmetry between reads
and writes, using the replacement algorithm as the core decision throughout both

phases. This is why our approach benefits any bufferpool page replacement policy.

4.2.4 Read-ahead Policy

The goal of prefetching is to make data available in memory before it is requested,
consequently improving the bufferpool hit rate. The prefetching policy determines
when to prefetch, how many and which pages to prefetch. The most common prefetch-
ing approach is sequential prefetching like One Page Lookahead (OPL) and N-Page
Lookahead (NPL), where either a single page (OPL) or multiple pages (NPL) beyond
the requested page is prefetched [39, 120, 174]. History-based prefetching uses previ-
ous access patterns to predict the next pages to be accessed [59, 79, 98]. This type
of prefetching improves performance when accesses are localized. Most commercial
systems use simple prefetching policies like sequential prefetching [66, 147], especially
when the bufferpool has empty slots. However, systems generally prefetch one page
at a time instead of issuing multiple parallel I/Os, hence missing the opportunity to
exploit the device’s read concurrency. Since prefetching is not as effective without

good workload knowledge, it is often treated as an optional choice.

4.3 ACE Bufferpool Manager

We now present in detail the proposed asymmetry € concurrency-aware bufferpool
manager (ACE) [132] that addresses the read /write asymmetry via write-amortization.
As depicted in Figure 4-5, ACE is comprised of three components: (i) the Evictor,
(ii) the Writer, and (iii) the Reader. The evictor determines which page(s) to evict,

the writer writes-back concurrently dirty pages and the reader prefetches pages.
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Figure 4-5: Abstract overview of ACE components

4.3.1 Overview of ACE Bufferpool Management

When a request for reading or writing a page P is received, we first search through
the bufferpool. If P is not found and the bufferpool is full, then (at least) one page
has to be evicted. The page replacement algorithm determines the page to be evicted
(termed top page). If the top page is clean, it is evicted and page P is fetched.
Up until this part, ACE is identical to any state-of-the-art bufferpool management.

However, if the top page is dirty, ACE proceeds as follows:

e ACE without prefetching: concurrently write n,, dirty pages and evict a single

page.

e ACE with prefetching: concurrently write n,, dirty pages, evict n pages, and

concurrently prefetch n, — 1 pages.

The values n,, and n. depend on the underlying device concurrency and the potential
benefits of prefetching. When prefetching is enabled, ACE evicts n. pages in order

to prefetch n. — 1 pages exploiting the read concurrency of the device. While we
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Figure 4-6: ACE page selection policies for n,, = 3 and n. = 3. (a)
ACE writes three dirty pages (p6, p4, p2) following the LRU order; if
prefetching is enabled three pages (p6, pb, p4) are evicted, otherwise
one page (p6) is evicted. (b) For LRU-WSR, ACE finds a dirty page
with cold flag not set (p3). This page is moved to the front setting its
cold flag. The dirty pages with set cold flag (p6, p4, pl) are selected
for concurrent writing.

anticipate that the prefetching will allow us to have pages that will be accessed by
the immediate next requests, the eviction somewhat reduces the locality, so n. has to
carefully balance the read concurrency and the accuracy of the prefetching. We tune
ACE to use n,, equal to the optimal write concurrency of the device (k). We experi-
mentally tested values for n., between 1 and k,., and we empirically set n. to be also &,
because evicting k, pages was hurting locality. Note that for most devices, the read
concurrency is significantly higher than the write concurrency (k. >> k). Regarding
the pages that are selected for write-back and for eviction, both decisions are influ-
enced by the page replacement algorithm. As such, ACE can be combined with any

replacement algorithm. In our experiments, we use four popular approaches (LRU,
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Clock Sweep, CFLRU, and LRU-WSR) that all benefit from the ACE paradigm. Fig-
ure 4-6 shows the effect of incorporating ACE with LRU (Fig. 4-6A) and LRU-WSR
(Fig. 4-6B). Note that ACE always writes n,, dirty pages concurrently irrespectively
of prefetching. The full ACE algorithm is listed in Algorithm 1.

4.3.2 Writer

The Writer is responsible for concurrently writing-back n,, pages. State-of-the-art
systems often write-back pages using a background process, however, these writes are
issued one at a time, hence missing out on the opportunity to exploit the parallelism
of the underlying storage device. Instead, ACE Writer writes concurrently n,, dirty
pages. By making sure that n,, = k,,, the concurrent writes take place at the same
latency as a single write, thus amortizing the cost of k,, writes and fully bridging the
read /write asymmetry if a < k,. The pages that are selected for write-back are the
next n,, dirty pages that the underlying page replacement algorithm would eventually
evict. As a result, these carefully batched writes make the subsequent page evictions

free (since, with high probability, the following evictions will target clean pages).

4.3.3 Evictor

Following the completion of the write-back process, the Evictor will evict either one
or m. pages. Since at this point, the top page is by definition clean (because the
Writer has already written it), it will be evicted to read the requested page P. If
prefetching is enabled, the Evictor evicts n,. pages in total to allow for an equal number
of pages to be prefetched. Note that after the write-back process, there will be at
least n,, contiguous clean pages following the order dictated by the page replacement
algorithm. Hence, the Evictor can now evict n. clean pages to create space for the
incoming pages. Earlier, we mentioned that we empirically set n, = n,,, however,

even if we allow n, to be greater than n,,, the Evictor will always be able to evict
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ne pages as long as in total the bufferpool has at least n. clean pages. Essentially,
the Writer writes back the n,, first dirty pages according to the page replacement
algorithm order, and the Evictor evicts the n, first clean pages (after the writing has
been performed) according to the page replacement algorithm order. For example,
Figure 4-6a shows that ACE with prefetching will write three dirty pages following
the LRU order (p6, p4, p2) and evict the last three (now clean) pages (p6, p5, p4)
following the LRU order.

4.3.4 Reader

The reader is an optional component whose job is to prefetch pages from disk in
case of a buffer miss. Note that for many workloads prefetching does not attain
much benefit, hence, commercial systems either do not use any prefetcher, or they
use very simple prefetching techniques. The strength of ACE is that any prefetching
technique can be employed by the Reader. In fact, we use two prefetchers in our
design: a sequential prefetcher and a history-based prefetcher.

Sequential Prefetcher. We use a sequential prefetcher named TaP [98] that uses a
table to detect sequential access patterns. The prefetcher uses a sequential detection
module to determine whether a page miss is part of a sequential stream. Only after
detecting a sequential stream, ACE uses the sequential prefetcher, otherwise, ACE
uses the history-based prefetcher. When a page miss occurs, the sequential detection
module searches the page address in the TaP table. If it is not found in the table,
then the address of the next page is inserted in the table, expecting that the current
page miss is part of a new sequential stream. In case of a sequential stream, the
newly inserted page in the TaP table will be found in the workload soon. Then,
the TaP prefetcher starts sequential prefetching, however, ACE does not immediately
start prefetching. Instead, if at least 4 sequential page requests are found, then ACE

triggers the prefetcher and concurrently reads the next n. — 1 pages along with the
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page that caused the buffer miss (P). Old page addresses that are not part of any
sequential stream are evicted in a FIFO manner.

History-based Prefetcher. This prefetcher also uses a large table-based structure
to store the page access history and predicts the next most probable access [59]. The
organization of the table is shown in Figure 4-7. Row ¢ of the table contains the
next probable page addresses and their likelihood (in form of a weight) after page 7 is

accessed. For example, given a reference for
Index NextPages Weights

page 1, the best candidate for prefetching is page

0 (2,5, 7} {10, 4, 2}
3 since page 3 has a higher weight (9). ACE 1 {10, 3, 18} 3,9, 1}

prefetches only if the weight is more than a cer- 2 {6, 9} 8, 0}

tain fetch threshold. The table generation is

straightforward: given the current and previous __.

Figure 4-7: Table structure of
page references, we go to the row in the table the history-based prefetcher
indexed by the page number of the previous ac-
cess. If the NextPages vector contains the current page, we increase its corresponding
weight in the Weights vector. Otherwise, if the NextPages vector does not point to
the current page and its weight is zero, we place a pointer to the current page in
the vector with weight 1. If the weight field is nonzero, we decrease the weight. To

prevent growing the NextPages vector perpetually, ACE keeps track of the next 3

most probable pages. This table structure takes 0.6% space of the database size.

4.3.5 Putting Everything Together

Traditional bufferpool strategies “exchange” one read for one write when evicting a
dirty page from a saturated bufferpool. This approach is not optimal when a write
is ax more expensive than a read. However, it is not possible to exchange « reads
for one write, since (i) this would grow the bufferpool perpetually, and (ii) unless we

batch — thus delay reads, a system receives one request at a time. Hence, ACE tries
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Algorithm 1: ACE
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Input: P, ny, ne is-pf_enabled
// P is the accessed page
// M. is the maximum effective write concurrency (n, = k)
// mc is the number of concurrent reads during prefetching
// is_pf_enabled determines if prefetching is enabled or not
if P in buferpool then

‘ return P
else
// miss! need to bring P from disk
if buferpool not full then
if is_pf_enabled == true then

// reads P and prefetches up to n. — 1 pages from disk (depending on available slots)
- prefetch_pages (P, n. — 1)

else

| - read P from disk
end if
else
top_page = replacement_policy.get_one_page_to_evict()
if top_page is clean then
// follow classical approach if page is clean
- drop top-page from bufferpool
- read P from disk
else
// top_page is dirty. concurrently write n,, dirty pages
// Pyp is a vector containing the candidate dirty pages
- Py, = populate_pages_to_writeback()
- issue ||length(Pyy)|| concurrent writes, Vp € Py,
- mark ||length(P,s)|| pages as clean, Vp € Py
if is_pf_enabled == true then
// evict n. pages
// pages written and to be evicted can be different
// Pe, is a vector containing the pages to evict
P., = replacement_policy.get_n_pages_to_evict()
- drop [|length(Pe,)]|| pages from bufferpool, Vp € P,
// Now, prefetch
- prefetch_pages (P, n. — 1)
- empty Pey,
else
// evict 1 page
- drop top_page from bufferpool
- read P from disk
end if
- empty Py
end if
end if
end if

Procedure populate_pages_to_writeback()

// follow the underlying page replacement policy to generate P,

- select next n,, dirty pages based on the underlying page replacement policy
- return this vector

Procedure prefetch_pages(page P, int x)
if P in Sequential_Table then
// start of a sequential stream!
// read P and the next x pages concurrently
- prefetch_sequential (P)
else
// use the history based prefetcher
// read P and x pages (selected by prefetcher) concurrently
- prefetch_history (P)
end if
/* note that P should be placed in the most recently used position in the bufferpool whereas other
pages should be placed in the least recently used positions
- place these « 4+ 1 pages into bufferpool

*/
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to amortize the cost of writes by concurrently issuing n,, writes, where n,, = k,,. The
complete ACE bufferpool manager’s policy is presented in Algorithm 1. If the page
to evict is clean, ACE follows the classical approach of simply dropping it from the
bufferpool (Line 20). Otherwise, the ACE Writer identifies the pages to be cleaned
and writes them concurrently (Lines 25-27). Depending on whether prefetching is
enabled, ACE Evictor either evicts multiple (Lines 32-33) or one page (Line 39).
The referenced page is placed in the most recently used position while the prefetched
pages are placed in the least recently used positions (following the page replacement
policy) so that even if the prefetcher’s prediction is wrong, the prefetched page can

be simply dropped from the bufferpool.

4.4 Implementation & Integration

We now discuss the implementation effort and the integration with a full-blown re-
lational system, PostgreSQL 11.5. We first discuss the bufferpool manager structure
and its operation. We then discuss the implementation effort to make PostgreSQL
bufferpool asymmetry and concurrency aware.

PostgreSQL Buffer Manager. The PostgreSQL buffer manager consists of a buffer
table, buffer descriptors, and a bufferpool. The buffer table and the buffer descrip-
tors hold page metadata and the mapping information between the data pages and
bufferpool frames. The bufferpool layer keeps track of file pages (i.e., data, indexes).
The bufferpool is organized as an array, where each slot stores one page of a data
file, and is referenced by a buffer_id. In PostgreSQL, each page is assigned a unique
tag (buffer_tag), which contains the file mapping and block location and is used
when the buffer manager receives a request. During an eviction, the buffer manager
uses the Clock Sweep page replacement algorithm. Dirty pages are flushed to stor-

age by two background processes: the background writer and the checkpointer.
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Both processes flush dirty pages, however, they have different roles and behaviors.
Checkpointer writes a checkpoint record to the WAL file and flushes all the buffered
dirty pages during checkpointing. The background writer continues to flush dirty
pages in the background to offload the burden of the checkpointer. PostgreSQL uses
light-weight locks (of type content_lock, spin_lock and io_in_progress_lock) to protect
shared resources and data consistency.

Implementation. To ensure an apples-to-apples comparison we integrate LRU,
CFLRU, LRU-WSR, and their ACE counterparts (including the default Clock Sweep)
in PostgreSQL. Since all three algorithms are LRU variants, we first implement LRU
using an LRU freelist queue and then build on it for CFLRU and LRU-WSR. The
window size for CFLRU is set to 1/3 of the bufferpool size as suggested by its au-
thors [139]. For LRU-WSR, we added a cold bit with each page descriptor which
is checked during eviction. The buffer_tag of the pages were used to get metadata
information of the corresponding page. We follow the default Clock Sweep implemen-
tation’s locking mechanism to ensure data consistency.

ACE is implemented as a wrapper on top of the underlying page replacement
policy. If the candidate page for eviction is dirty, ACE first identifies which n,,
pages to write following the replacement policy. We implement a method named
FlushNBuffer () in bufmgr.c which takes the candidate pages as input and flush
them out to kernel. Further, we modify the background writer and checkpointer’s
writing mechanism (which is separate from the bufferpool code) to ensure that they
always perform n,, writes concurrently. To do this, we augment several PostgreSQL’s
low-level writing methods (i.e., pg_pwrite()) and their corresponding wrapper func-
tions. After the pages are flushed, the eviction (of one or multiple pages depending on
prefetching) is performed as described in Section 4.3.3. Each of the two prefetchers

employed by ACE uses a hash table: the sequential prefetcher to implement the TaP
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table structure and the history-based one to keep track of the accesses following each
page. Throughout the bufferpool implementation, the buffer_id and the buffer_tag
are frequently used to identify each page, the frame it is stored, and which relation

is associated with.

4.5 FEvaluation

We now show the benefits of the ACE paradigm when applied on four state-of-the-art
page replacement policies (LRU, CFLRU, LRU-WSR, and Clock Sweep) using both
a synthetic benchmark and the standard TPC-C benchmark.

Experimental Setup. We use a machine with two Intel Xeon Gold 6230 2.1GHz
processors each having 20 cores with virtualization enabled and with 384GB of main
memory. Our experiments involve three storage devices: (i) a 375GB Optane P4800X
SSD, (ii) a 1TB PCle P4510 SSD, and (iii) a 240GB SATA S4610 SSD. We refer to
these devices as Optane SSD, PCle SSD and SATA SSD respectively. In addition,
we use a virtualized device from Amazon AWS that has 1.2TB SSD capacity and
60000 provisioned IOPS (high-performance SSD). We refer to this device as Virtual
SSD, and we attach it to a machine from the t2.micro family having 2GB main
memory with one virtual CPU. For all four devices, we quantify the asymmetry and
concurrency through careful benchmarking [130] (summarized in Table 4.1). Unless
otherwise mentioned, we use n,, = k,, of the device in use. In most of our experiments,
we employ the PCle SSD, hence we use n,, = 8. Before running the experiments, all
devices were pre-conditioned by sequentially writing on the entire device three times
to ensure that they have stable performance [14].

Workload. We use four synthetic workloads inspired by prior work [100, 207]. We
refer to them as MS (Mixed Skewed), WIS (Write-Intensive Skewed), RIS (Read-

Intensive Skewed) and MU (Mixed Uniform). The properties of the workloads are
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Table 4.1: Empirical a and k of our SSDs.

Device a k., k,

Optane SSD 1.1 6 5
PCIe SSD 2.8 80
SATA SSD 1.5 25

Virtual SSD 2.0 11 19

described in Table 4.2. A read/write ratio of 90/10 indicates read (write) operations
are 90% (10%) of the total number of operations. A locality 90/10 means that 90%
of all the operations are performed on 10% of the pages. We use pgbench for our
synthetic workloads which is loosely based on TPC-B. We use a scaling factor of 1000
which results in a database size of approximately 15GB. We also show the benefits of
our approach with the TPC-C benchmark [186].

Table 4.2: Properties of the synthetic workloads

Workload Database Size R/W Ratio Locality
Mixed Skewed (MS) 15GB 50/50 90/10
ol .
Write-Intensive 15GB 10/90 90/10
Skewed (WIS)
I i
Read-Intensive 15GB 90/10 90/10
Skewed (RIS)
Mixed Uniform (MU) 15GB 50/50 50/50

Experimental Methodology. We run every workload for the default PostgreSQL
implementation (Clock Sweep as replacement policy) for 10 minutes and then run the
same workload for the other replacement policies and their ACE counterparts. For
every experiment, we measure (i) workload latency, (ii) transactions per second, (iii)
buffer misses/hits, and (iv) total writes. The experiment results are averaged over
5 iterations and the standard deviation was less than 5%. We generally configure

PostgreSQL shared_buffers (bufferpool) as 1GB (~6% of the data size). WAL is
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Figure 4-8: ACE reduces total workload latency for all Clock Sweep,
LRU, CFLRU, and LRU-WSR in the PCle SSD.

enabled and the WAL file is written in a separate device following common practice.

4.5.1 Experimental Analysis with Synthetic Data

ACE Improves Runtime. Our first experiment shows that ACE bufferpool man-
agement (either with or without prefetching) reduces the total workload latency by
up to 32.1%. For this set of experiments we use the PCIe SSD that has k, = 8 and
a = 2.8. Figures 4-8A-D show the workload execution time for the baseline Clock
Sweep, LRU, CFLRU, and LRU-WSR along with their ACE counterparts with and

without prefetching for the 4 synthetic workloads in PostgreSQL. The runtime of the
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ACE policies both with and without prefetching is consistently faster than the base-
line. Since ACE policies utilize the device’s write parallelism, it writes back pages
more aggressively (but hidden due to the device concurrency), resulting in better per-
formance. ACE with prefetching reduces latency by 22.6%, 21.8%, 22.5% and 26.1%
for baseline Clock Sweep, LRU, CFLRU and LRU-WSR respectively when running
workload MS (Figure 4-8A), while ACE without prefetching reduces latency by 20.6%,
19.7%, 22.0%, and 23.5% respectively. Since the workload is skewed, the prefetching
helps avoid some disk access, resulting in slightly better performance. ACE’s gain is
higher for the write-intensive workload WIS. ACE with prefetching achieves 28.8%,
29.3%, 30.1% and 32.1% lower runtime than baseline Clock Sweep, LRU, CFLRU
and LRU-WSR respectively (Figure 4-8B). This is expected, because for a write-
intensive workload, the bufferpool needs to write more pages back to the disk, hence
the benefits that come from efficient writing are pronounced. In contrast, for the
read-intensive skewed workload RIS, ACE has smaller benefit since ACE does not
have enough writes to optimize. However, the gain is still significant (Figure 4-8C);
ACE achieves 8.1% to 13.9% lower runtime. Now, the benefit of prefetching alone is
substantial (up to 5%). Finally, the mixed workload MU causes a small increase in
total writes (< 0.1%), however, this does not affect the overall trends of performance
gains, which range from 14.5% to 15.7% (Figure 4-8D). Since the workload is uniform,
the impact of prefetching is insignificant, however, because the prefetched pages are
placed last in the virtual order, prefetching does not hurt performance either. In the
remainder of our experiments, unless otherwise mentioned, prefetching is enabled.

Performance Gains Do Not Come at a Cost. We highlight that the overall
workload latency improvement observed in these experiments (up to 32.1%) does not
come at a hidden cost. Table 4.3 compares the buffer misses, application writes and

total physical writes for ACE with prefetching enabled for different workloads. The
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Table 4.3: Comparison of buffer miss and logical /physical writes

ACE - Clock ACE - LRU ACE - CFLRU ACE - LRU-WSR

Amiss  Al-writes Ap-writes Amiss  Al-writes Ap-writes Amiss  Al-writes Ap-writes Amiss  Al-writes Ap-writes

MS  -0.001%  0.07% 0.10%  -0.001%  0.06% 0.09%  -0.001%  0.08% 0.12%  -0.001%  0.09% 0.14%
WIS -0.001%  0.08% 0.12%  -0.001%  0.08% 0.14%  -0.001%  0.08% 0.14%  -0.001%  0.11% 0.17%
RIS -0.008%  0.06% 0.09%  -0.008%  0.06% 0.09%  -0.008%  0.07% 0.11%  -0.009%  0.12% 0.16%
MU 0.002%  0.09% 0.14%  0.003%  0.10% 0.15%  0.002%  0.09% 0.14%  0.002%  0.10% 0.17%

table shows the percentage difference in buffer miss, logical writes and physical writes
between ACE? and the baseline values. The maximum increase in buffer misses is
0.003% for ACE-LRU on workload MU, and the maximum increase in total writes
is 0.12% for LRU-WSR on workload RIS, thus being negligible. Since ACE writes
multiple pages at once, it is possible that after writing a page (but not evicting),
another write comes in for the same page, consequently, increasing the total number
of logical writes slightly. The table also shows that for skewed workloads, ACE
with prefetching attains lower buffer misses (up to 0.009%) compared to the baseline
algorithms. In contrast, the number of buffer misses increases slightly for the uniform
workload because prefetching can not help much in that case.

Impact on SSD Wear Out. We now analyze the impact of ACE on SSD wear out.

Since every cell in a NAND flash can sustain a

: SOA-LW
certain number of erases, the total number of 220} ACELW o R
. . . . o SOA-PW [T : -
writes primarily contributes to an SSD’s wear = (5| ACEEW
2 15)
out. We again refer to Table 4.3 where we list &
w 10
L I
the percentage difference of both logical and E of
5t o
physical writes for different workloads with jz H
. :

different page replacement policies. We cap-
o ~ Figure 4-9: ACE causes very small
ture the SMART (Self-Monitoring, Analysis j,crease in total number of writes

and Reporting Technology) [173] attributes to

2We report the numbers for ACE policies with prefetching enabled as they cause a higher number
of writes.
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Figure 4-10: ACE improves runtime for devices with low asymmetry.

collect the number of physical writes on the SSD. The table shows that the maximum
increase in physical writes is 0.17% while the maximum increase in logical writes
is 0.14%. Figure 4-9 shows the logical and physical writes (LW and PW) on our
PClIe SSD as we run our synthetic workloads in PostgreSQL for an extended period
(30 mins) with LRU-WSR and ACE-LRU-WSR. Note that, the physical writes are
approximately 5-6x higher than logical writes due to flash’s garbage collection and
wear-leveling [73]. While the total number of writes (logical and physical) for ACE
and its baseline replacement policy remains almost the same, the speedup for ACE
can be as high as 1.35x, with a negligible increase in physical writes (0.17%). For
a read-heavy workload, ACE’s performance benefit is small but still comparable to
the negligible increase in physical writes. At any rate, the ACE paradigm is always
beneficial regarding the overall workload latency, even with a very small fraction of
writes. On the other hand, for a purely read-only workload, there will be no perfor-
mance benefit (but also no increased write amplification or SSD wear out since there
will be no writes).

Better Performance Even in Low Asymmetry Devices. To analyze the impact

of ACE for devices with low asymmetry, we run our synthesized workloads on the
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Figure 4-11: Higher writes lead to greater benefits.

SATA SSD (a = 1.5) and the Virtual SSD (o = 2.0). Figures 4-10A and 4-10B
show the speedup of ACE (with prefetching) when integrated with the four page
replacement algorithms, on the SATA SSD and Virtual SSD, respectively. Both
devices are significantly slower than the PCle SSD, however, the trend of overall
performance gain remains. For the regular SSD, the speedup of ACE is 1.12 — 1.28x
and for the virtual SSD, it is 1.14 — 1.34x. In contrast, the speedup for the PCle SSD
is 1.19 — 1.46x (Figure 4-8). We observe that for a device with higher asymmetry,
the benefit of amortizing the high write cost is more than that of a device with
lower asymmetry. This supports our thesis that the benefits are larger for higher
asymmetry, however, even when there is low/no asymmetry, better utilization of the
device’s internal parallelism still leads to significant gains.

Write-Intensive Workloads Have Higher Gains. A common observation from
the above experiments is that a write-intensive workload benefits more from the ACE
bufferpool (Figure 4-8B). To verify this, we run an experiment varying the read /write
ratio from 0/100 (write-intensive) to 100/0 (read-intensive) where the locality is
90/10. Figures 4-11A and 4-11B illustrate that the performance of ACE improves

drastically as we shift to more write-intensive workloads. For example, as we move
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Figure 4-12: ACE is beneficial across a wide range of bufferpool size.

away from the most write-intensive workload (0/100) to a balanced workload (50/50),
the speedup for ACE (with Clock Sweep) drops from 1.57x to 1.34x. As we further
move to more read-intensive workloads (towards 100/0), the speedup eventually di-
minishes. This is because the benefit of ACE stems from efficient concurrent writing,
and in a workload with no (fewer) writes, there will be no (less) gain. However, the
benefit never fall behind the classical approach since for a read-only workload, ACE
behaves exactly the same as a state-of-the-art bufferpool. Figures 4-8B, 4-11A and
4-11B also show that LRU-WSR performs much better than both LRU and CFLRU
for a write-intensive workload with high locality. This is because LRU-WSR gives
the dirty pages a second chance with the cold flag, thus saving a lot of unnecessary
disk writes. Figures 4-11A and 4-11B also show that CFLRU performs well in a
read-intensive setting because it evicts clean pages first.

Higher Benefits Under Memory Pressure. ACE achieves higher speedup for
smaller bufferpool size because a smaller bufferpool causes more evictions, hence more
writes. Figures 4-12A and 4-12B show the impact of ACE under memory pressure
for a mixed skewed workload like MS in the PCle SSD. Figure 4-12A shows the

actual runtime while Figure 4-12B shows the speedup of the four ACE policies over
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the baseline counterparts, as we vary the bufferpool size with respect to the data
size. We observe that as the bufferpool size grows beyond 6%, the speedup decreases
because larger bufferpool causes fewer evictions (and fewer writes). For a bufferpool
size of more than 10%, the latency (and speedup) of all approaches drop drastically
because the bufferpool is large enough to hold the working set, resulting in very few
disk accesses. On the other side of the spectrum, the speedup for smaller bufferpool
sizes (2%, 4%) is slightly less (than that of 6%) because if the bufferpool size is too
small, there are too many read I/Os to the disk. Nonetheless, even for a smaller
bufferpool, the gain is substantial. For example, for 2% bufferpool size, the speedup
for ACE-CFLRU is 1.29x, while for 10%, the speedup is 1.25x. Figure 4-12A also
shows that CFLRU performs better than both LRU and LRU-WSR for smaller buffer
size. As the buffer size increases, the benefit of CFLRU drops because of its lower
hit ratio. On the other hand, LRU-WSR always performs better than LRU and
Clock Sweep because of its write-optimization policy. In all cases, the ACE policies
outperform their baseline counterparts.

Device Concurrency Plays A Crucial Role. We run the mixed-skewed

workload MS in the PCle SSD while

% ACE-Clock =ACE-LRU
varying n,, to capture the impact of the 1.4 - ACE-CFLRU ~ ACE-LRUW
write-back concurrency vs. the device L3
concurrency as shown in Figure 4-13. —g

1.2 1
Each line shows the speedup of ACE 4
over the corresponding baseline algo- M
rithm. As concurrency increases, the 1 .
speedup increases in all cases, which is My

Figure 4-13: Speedup increases as #I/0s
are increased until device gets saturated.
(ny, = 8), the speedup starts decreasing.

expected. However, after a certain point
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There are several factors contributing to this: (i) as the number of concurrent 1/0O
increases, the overhead of thread management increases, (ii) the ideal device write
concurrency is k,, = 8 in this experiment, and (iii) going over the ideal concurrency
does not yield any benefit since the bandwidth gets saturated and attempting to sub-
mit more concurrent 1/Os does not further increase write throughput. As a result,
the overall speedup starts reducing after reaching this threshold. We highlight that
even with a small degree of concurrency (n,, =4 or n,, = 6), the speed is substantial
(1.2x — 1.3x).

Performance Gain Increases with Asymmetry. Our last experiment highlights
that asymmetry impacts the attained gains of the ACE policies. We implement
a bufferpool manager with LRU and ACE-LRU without prefetching, and we test
them on an emulated device that has ideal asymmetry varied between o = 1 (no
asymmetry) and « = 8, while the device concurrency is k,, = 8. We run the mixed-
skewed workload MS and normalize the emulated latency of ACE-LRU with respect
to that of the baseline LRU for the respective emulated device. Figure 4-14A shows

the ideal speedup of ACE for different values of a and n,,. The continuum of («, n,,)
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shows that as we move towards higher asymmetry, the gain increases and it is highest
when both asymmetry and concurrency value are maximized. We run an experiment
to show this empirically where we vary the read/write ratio with ACE on top of
LRU-WSR in all four of our devices (PCle SSD, SATA SSD, Virtual SSD, Optane
SSD). The n,, values were set according to the device k,. Figure 4-14B shows that
when everything else is the same, the performance gain is higher for devices with
higher asymmetry. This is because the benefit of amortizing the asymmetric write
cost is higher for a device with a higher write cost. The speedup for the PCle SSD
(v = 2.8) is up to 1.63x (write-only workload) while the speedup is limited to 1.48x,
1.41x and 1.33x for the Virtual SSD (a = 2.0), SATA SSD (a = 1.5), Optane SSD

(v = 1.1), respectively.
4.5.2 TPC-C Benchmark

We further use the TPC-C benchmark [186] to demonstrate ACE’s efficacy. A TPC-C
database consists of nine tables (Warehouse, Stock, Item, District, Customer, History,
Order, New-Order, and Order-Line), and the data size depends on the number of

Warehouses. The benchmark consists of five transactions at different frequencies:

e NewOrder (45%): This transaction involves both reads and writes (RW) with 1%

failure rate due to invalid inputs.
e Payment (43%): This transaction has both reads and writes.
e OrderStatus (4%): This is a read-only transaction.
e StockLevel (4%): This is a read-only transaction.

e Delivery (4%): This is a write-heavy transaction

ACE Accelerates TPC-C by 24%. For the first experiment, we run the standard

TPC-C benchmark in PostgreSQL for the four page replacement policies and their
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Figure 4-15: ACE achieves high speedup for TPC-C mixed transac-
tion, while benefiting the write-intensive transaction the most.

ACE counterparts. Each baseline run is 10 minutes long and is configured with 500
warehouses, and 20 users and the resulting database size is approximately 50GB. Post-
greSQL shared_buffers parameter is configured to be 3GB (6%). Figure 4-15 shows
the performance gain of ACE for the TPC-C mix, and for five workloads each con-
sisting of one of the TPC-C transactions. ACE achieves significant performance gain
when integrated with any page replacement policy. For example, the speedup of ACE
for the mixed transaction (combination of all five) is 1.29%, 1.27x, 1.30x and 1.32x
when implemented on top of Clock Sweep, LRU, CFLRU, LRU-WSR, respectively.
The highest speedup, 1.51x, is obtained when running the Delivery transaction which
is an update-heavy transaction. As expected, there is no performance gain for the
two read-only transactions: OrderStatus and StockLevel. We observe that the perfor-
mance results for the TPC-C benchmark corroborate our findings for the synthetic
benchmark: (i) ACE offers significant performance benefits when the workload con-
tains even a small fraction of writes, (ii) write-heavy workloads have higher gain, (iii)
flash-friendly policies like CFLRU and LRU-WSR outperform other policies. Querall,
ACE reduces the TPC-C miz transaction runtime on modern storage devices by 24 %

without any significant penalty or other tradeoff.
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ACE Scales with Data Size. Our last experiment shows that the benefits of
ACE scale with data size. We again run the TPC-C mix and we increase the
number of warehouses, varying the database size from 15GB to 84GB. The buffer-

pool size is always configured to be 6% of the database size. Figure 4-16 presents

the transactions per minute

OO Ry E=T ACE-LRU mmmm
count (tpmC) of this experiment 2 4,
when running with LRU and ;4000
ACE-LRU (similar trends were EZZZZ
observed for the other policies). iéwoo d ﬂ
The figure shows that ACE’s ° 125 250 500 1000

Number of Warehouses
benefits remain as we increase

Figure 4-16: Gain of ACE scales with data size.
the database size. Specifically,

the performance gain of ACE for 125 warehouses is 1.33x while for 1000 warehouses
it is 1.24x compared to LRU’s tpmC. This small decrease is attributed to the over-
head of managing a high volume of data. Overall, this experiment shows that ACE

policies scale which makes them ideal for large-scale deployments.

4.6 Related Work

Bufferpool Management. There have been several efforts that focus on developing
efficient page replacement policies [47, 77, 86, 87, 116, 126, 182]. However, they are
primarily designed for traditional HDDs, hence, they do not address asymmetry or
concurrency. Recent work on bufferpool on top of flash devices prioritizes the eviction
of clean pages and reduces page writes to minimize device wear-off [80, 100, 139, 207].
Other flash-friendly policies, like FOR and FOR+ [108] use an operation-aware page
weight determination for buffer replacement. All these techniques indirectly address

asymmetry, however, they do not exploit the device concurrency. Recent works also
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exploit the device parallelism by redesigning the SSD controller [88, 162, 163]. In con-
trast to these approaches, our goal is to develop a bufferpool that expressly utilizes the
device concurrency and consequently addresses asymmetry via write-amortization.

Prefetching. The most popular prefetching technique is sequential prefetching [39,
98, 183] which is adopted by many commercial systems. Stride-based prefetching is
also widely studied primarily for processor caches [51, 95]. History-based prefetching
techniques attempt to predict future access patterns based on past access patterns

by using history-based table [59], Markov predictor [79], and data compression tech-

niques [37, 193]. Any of these prefetching technique(s) can be integrated with ACE.

4.7 Conclusions

Modern solid-state drives are characterized by a read-write asymmetry and an access
concurrency, both of which are essential to fully utilize the device. However, buffer
management for DBMS does not explicitly focus on these two properties. In this
chapter, we first refactor the bufferpool design space by separating the eviction policy
from the write-back policy. We propose ACE, a novel asymmetry/concurrency-aware
bufferpool manager paradigm that batches writes based on device concurrency to
amortize the asymmetric write cost. Incorporating concurrency into the write-back
policy allows us to custom-tailor any bufferpool manager to the device-at-hand, thus
utilizing the device’s full potential. ACE can be integrated with any existing page
replacement and prefetching policy with low engineering effort. We implement ACE
in PostgreSQL and measure its benefit when integrated with four state-of-the-art
page replacement algorithms. ACE improvements performance by up to 32.1% for
synthetic workloads and up to 24.2% for the standard TPC-C mixed transaction

(33.8% for write-heavy transactions) without any penalty.



Chapter 5

CAVE: concurrency-aware graph

processing on SSDs

Large-scale graph analytics has become increasingly common in areas like social
networks, physical sciences, transportation networks, and recommendation systems.
Since many such practical graphs do not fit in main memory, graph analytics perfor-
mance depends on efficiently utilizing underlying storage devices. These out-of-core
graph processing systems employ sharding and sub-graph partitioning to optimize for
storage while relying on efficient sequential access of traditional hard disks. However,
today’s storage is increasingly based on SSDs that exhibit high internal parallelism
and effictent random accesses. Yet, state-of-the-art graph processing systems do not
explicitly exploit those properties, resulting in subpar performance.

In this chapter, we present CAVE! [134], the first graph processing engine that
optimally exploits underlying SSD-based storage by harnessing the available storage
device parallelism via carefully selecting graph 1/Os that can be issued concurrently.
Thus, CAVE traverses multiple paths and processes multiple nodes and edges con-
currently, achieving parallelization at a granular level. We identify two key ways to
parallelize graph traversal algorithms based on the graph structure and algorithm:
intra and inter-subgraph parallelization. The first identifies subgraphs that contain

vertices that can be accessed in parallel, while the latter identifies subgraphs that

!The material of this chapter has been the basis for the SIGMOD 2024 paper “CAVE:
concurrency-aware graph processing on SSDs” [134] and the ICDE 2024 PhD Symposium “En-
hancing Data Systems Performance by Exploiting SSD Concuwrrency & Asymmetry” [129].

79



30

can be processed in their entirety in parallel. To showcase the benefit of our ap-
proach, we build within CAVE parallelized versions of five popular graph algorithms
(Breadth-First Search, Depth-First Search, Weakly Connected Components, PageR-
ank, Random Walk) that exploit the full bandwidth of the underlying device. CAVE
uses a blocked file format based on adjacency lists and employs a concurrent cache
pool that is essential to the parallelization of graph algorithms. By experimenting
with different types of graphs on three SSD devices, we demonstrate that CAVE uti-
lizes the available parallelism, and scales to diverse real-world graph datasets. CAVE
achieves up to one order of magnitude speedup compared to the popular out-of-core
systems Mosaic and GridGraph, and up to three orders of magnitude speedup in

runtime compared to GraphChi.

5.1 Introduction

The Rise of Large Graphs. Graphs are natural encoders of interconnected relations
that can be leveraged to analyze many real-world applications. With the unprece-
dented growth of such interconnected data stemming from various applications like
machine learning [105], recommendation systems [196], physical sciences [200], and
social networks [217], analytics over large graphs is becoming increasingly popular in
both academia and industry [4, 76, 103, 112, 142]. Real-world graphs often exhibit a
vast scale, frequently encompassing millions, or even billions, of nodes interconnected
by several billion edges. The sheer size of these graphs often exceeds the capacity of
main memory, posing a significant challenge for efficient processing. Consequently,
specialized techniques have emerged to address the need for scalable solutions to
handle these massive graphs.

State-of-the-art Graph Management Systems. Many scalable systems have

been recently proposed that handle large graphs by distributed processing [541, 84,
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105, 112, 155, 220], which come with unique challenges such as partitioning, load
balancing, cluster management, network overhead, and fault tolerance. On the other
hand, single-node systems process large graphs in-memory [169, 177, 202, 216] and
achieve scalability through increasing memory size and adding more CPUs. This work
is orthogonal to the aforementioned approaches, however, it can benefit any system
that spills data into storage. For example, our techniques can be applied at the local
shard level in distributed graph management systems to enhance performance. Single-
node out-of-core systems (which we focus on) primarily rely on (i) optimizing data
partitioning techniques, (ii) improving memory and disk locality, and (iii) reducing
random I/0O to utilize fast sequential I/Os [64, 92, 109, 156, 221]. These techniques
mainly address slow random disk access, which is particularly relevant for traditional
hard disk drives (HDDs). However, the storage layer of data-intensive systems today
employs solid-state disks (SSDs) and non-volatile memory (NVM) devices that have
quite different characteristics than HDDs, which require a careful system redesign
to be effectively exploited [129, 130, 131]. As discussed in previous chapters, SSD
internals follows a hierarchical structure that creates high internal parallelism, which
can be leveraged to enhance performance [26, 27, 113, 130, 132, 165].

SSD Parallelism for Graph Processing. Graph traversal operations can utilize
SSD concurrency by parallelizing node and edge accesses, effectively distributing the
workload across SSD’s parallel architecture [16]. This idea takes advantage of the
availability of multiple paths that can be explored during graph traversal. However,
most out-of-core graph processing systems simply attempt to better utilize underlying
storage devices by reducing random (in favor of sequential) I/O. They do not aim
to aggressively exploit opportunities for concurrent accesses, thus failing to use the

full potential of SSDs. Our goal is to parallelize graph traversal algorithms without

changing their core properties in order to fully utilize the underlying SSD concurrency.
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We identify two approaches to achieve this goal, each tailored to specific scenarios.

e Intra-Subgraph Parallelization: This approach focuses on parallelizing op-
erations within a single subgraph. This approach is effective when the nodes of
a subgraph can be processed independently. For example, a parallel version of
Breadth-First Search (BFS) can follow this approach since multiple nodes of the
same level can be processed independently. The core integrity of the algorithm can
be maintained via communication among the processing units, result aggregation
and synchronization. This approach harnesses the inherent parallelism present in
subgraphs and utilizes modern storage concurrency for faster and more efficient

graph traversal.

e Inter-Subgraph Parallelization: In contrast to the previous approach, inter-
subgraph parallelization involves processing multiple subgraphs concurrently. This
method is particularly useful when we can identify that multiple subgraphs can
be processed independently. For example, in the pseudo Depth-First Search algo-
rithm [3], the stack used for traversal can be split into smaller stacks and processed
in parallel by different threads. Multiple threads can then work on different parts

of the graph concurrently, thus traversing multiple branches simultaneously.

In both approaches, the key objective is to maximize the utilization of SSD concur-
rency, ensuring that multiple operations can be performed in parallel. We integrate
both approaches into a prototype graph processing system as discussed next.

Our Approach. We build an SSD-aware graph processing system, named CAVE? [134]
that is able to harness the concurrency of the underlying storage devices via intra/inter-
subgraph parallelization. Specifically, CAVE provides the necessary infrastructure
to parallelize graph traversal algorithms when several independent vertex accesses

can be performed in parallel. A prime example is our Parallel Breadth-First Search

2CAVE: Concurrency-Aware Graph (V, E) system
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Figure 5-1: (A) Parallellized version of BFS in CAVE takes fewer
iterations to converge. (B) CAVE is upto three orders of magnitude
faster than GraphChi and up to one order of magnitude faster than
GridGraph and Mosaic.

(PBFS) implementation that uses intra-subgraph parallelization, which is outlined in
Figure 5-1A. The algorithm accesses the next wave of nodes (as we move on a level-
by-level fashion) in parallel since we have already identified the nodes of the next
wave while processing the current one. Figure 5-1A is a high-level overview where
we consider a device with read concurrency 2. Hence, while vertex D, E, F and G
are at the same level, only two of them can be processed in parallel. This leads to a
faster response time of the BF'S search simply by carefully exploiting the underlying
storage concurrency, resulting in faster convergence within fewer iterations. CAVE
uses a block-based file format based on adjacency lists, ensuring that graph metadata,
vertex information, and edge information are stored in aligned blocks while enabling
efficient support for graph traversal and analytical operations by ensuring optimized
data retrieval. Furthermore, CAVE employs a concurrent cache pool mechanism that
enhances locality and ensures thread safety. Overall, CAVE identifies storage accesses

that are independent (thus can be parallelized) based on the task at hand and per-
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forms them concurrently based on the device’s optimal concurrency [130], i.e., the
number of I/O requests the device can handle without compromising latency.

To our best knowledge, CAVE is the first graph processing system that is capa-
ble of fully exploiting the available parallelism of the underlying flash-based storage
leading to significant performance improvements. State-of-the-art graph processing
systems focus on the design of graph processing/traversal algorithms and the distri-
bution of the work (e.g., partitioning), but not on the specific characteristics of the
underlying hardware and especially storage devices. By building a better understand-
ing of how to efficiently use SSDs, we build a faster graph processing system. Further,
one of the key benefits of this approach is that it is applicable in any graph system that
spills data on disk, so it can benefit a wide variety of systems. CAVE’s architecture is
designed to pave the way for developing new parallel graph algorithms that leverage
the inherent concurrency of SSDs for both intra/inter-subgraph parallelization. As
our first step, we develop in CAVE the parallelized versions of five popular graph
algorithms. In addition to Breadth-First Search (BFS), CAVE offers parallelized,
SSD-aware versions of Depth-First Search (DFS), Weakly Connected Components
(WCC), PageRank (PR), and Random Walk (RW). We compare the performance
of CAVE with three popular out-of-core processing systems, GraphChi [92], Grid-
Graph [221] and Mosaic [109], as they are widely recognized for their efficiency in
handling large-scale graphs in a single machine. Figure 5-1B shows the speedup of
CAVE’s PBFS compared to these systems for four datasets (Friendster, Twitter,
YouTube, and RoadNet) running on top of our PCle SSD (details in Section 5.6).
We observe that CAVE can be up to three orders of magnitude faster than GraphChi

and up to one order of magnitude faster than GridGraph and Mosaic.

Contributions. This chapter makes the following contributions.

e We identify the importance of SSD concurrency with respect to graph processing.
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e We identify two fundamental ways to parallelize graph traversal operations: intra-

subgraph and inter-subgraph parallelization.

e We propose CAVE, the first SSD-aware graph engine that fully exploits the par-
allelism of the underlying SSD storage via concurrent 1/0, its novel file structure,

and a concurrent cache pool.

e We develop on CAVE the parallelized version of five popular graph algorithms
(BFS, DFS, WCC, PageRank, Random Walk) to showcase that CAVE is flexible

enough to implement diverse graph traversal algorithms.

e We evaluate CAVE against GraphChi, GridGraph and Mosaic where CAVE achieves
up to 984x speedup vs. GraphChi, up to 22x speedup vs. GridGraph and up to

15x speedup vs. Mosaic.

5.2 Background

We now introduce the necessary background for the graph traversal algorithms we
use and discuss the opportunities for parallelization.
Breadth-First Search (BFS). BFS is a graph traversal algorithm that starts from
a designated starting vertex and then explores all neighboring vertices in a level-by-
level manner [35]. It begins by visiting all the immediate neighbors of the starting
vertex and then moves on to their neighbors in subsequent levels. By traversing
the graph in a level-wise manner, BF'S uncovers the shortest paths and analyzes the
structural properties of the graph.

Since BFS processes nodes in a level-by-level manner, nodes of the same level can
be processed independently (hence concurrently), thus providing an opportunity for
parallelizing and, in turn, harnessing the SSD’s concurrency.

Depth-First Search (DFS). DFS is a widely-used graph traversal algorithm that
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starts from a specified vertex and systematically explores as deep as possible along
each branch before backtracking [46]. This approach involves visiting a vertex and
then recursively visiting its unvisited neighbors until there are no more unvisited
vertices. DFS is particularly useful for identifying cycles, determining connected
components, and finding paths between vertices.

While the classical DFS is tricky to parallelize, the pseudo-DF'S [3] algorithm offers
the opportunity to parallelize by running multiple parallel mini-DFSs. A parallel
version of pseudo-DFS can dynamically split and distribute the vertex stack among
multiple threads, allowing concurrent exploration of different branches of the graph.
Weakly Connected Components (WCC). In an undirected graph, a connected
component refers to a subgraph where every vertex is connected to every other vertex
through pathways within the graph. WCC aims to identify and group nodes that are
weakly connected [90], meaning they can be reached from each other by traversing
the edges regardless of their direction. This algorithm typically involves traversing
the graph using techniques like BF'S or DFS to identify the connected components.

The previous approaches used to exploit SSD concurrency can be used to par-
allelize WCC. For example, while using BFS to discover WCCs, each subgraph’s
connected components can be computed concurrently, and the results from different
subgraphs can be merged to determine the weakly connected components.
PageRank (PR). PR is a well-known algorithm to estimate the importance of ver-
tices in graphs, used by Google to rank webpages on the Internet [23]. It works by
evaluating the importance of a web page based on the number and quality of links
pointing to it. The algorithm assigns a numerical value, known as PR score, to each
web page on the Internet and measures the importance of a web page based on its
backlinks and the quality of those links. PR employs an iterative process. Initially,

all pages are assigned an equal PR score. In each iteration, the scores are updated
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based on the scores of linking pages. This process continues until PR scores converge
or after a certain number of iterations.

Due to this iterative traversal nature, this algorithm can be parallelized, similar

to BFS. Within each subgraph, PR calculations can be performed concurrently by
assigning individual nodes to threads. They can independently compute PR values for
nodes within their respective subgraphs, leading to efficient parallel execution while
preserving the algorithm’s core structure. Finally, each subgraph’s results should be
combined to obtain the overall PR scores.
Random Walk (RW). RW is a probabilistic algorithm in which a walker moves
through a network (graph), taking steps based on random choices [104]. It is used
to analyze the network structure and understand properties such as connectivity
and reachability. RW can be viewed as a Markov Chain, where the probability of
transitioning to the next state depends only on the current state.

To accelerate RW, we can divide the graph into manageable subgraphs and simul-
taneously explore multiple nodes within these subgraphs. This approach accelerates
the exploration and allows for parallelization of transition probability calculations,
making it suitable for estimating node importance through RWs on vast networks.
Further, different subgraphs can be processed in parallel while accounting for crossing

into a different subgraph.

5.3 Parallelizing Graph Traversal

Our main objective is to efficiently parallelize graph traversal operations with out-of-
core systems while maintaining the core properties of the graph algorithms. In this
section, we discuss how to achieve this with intra-subgraph and inter-subgraph
parallelization. We present these two techniques with examples and discuss how they

can be seamlessly integrated and leveraged alongside SSD parallelization.
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(BFS-Style) (pseudo DFS-Style)

Figure 5-2: Example of Intra/Inter-Subgraph Parallelization. (A) {
B, D, E, F } are at the same level of BF'S and are processed concurrently
by 4 threads. (B) As pseudo-DF'S progresses, the stack is split into two
subgraphs ({ D, E } and { B, F }), which are processed in parallel by
2 threads.

5.3.1 Intra-Subgraph Parallelization

For this approach, we identify subgraphs, the nodes of which can be processed in-
dependently so that we can access them in parallel. This means that the processing
of one node does not depend on the result or state of other nodes outside the sub-
graph. Thus, multiple nodes within the subgraph can be processed concurrently by
different computing units (threads), allowing for concurrent 1/Os, leading to better
device utilization. After processing their respective nodes, the results obtained by
each thread are aggregated to produce the final result of the algorithm. This ensures
efficient exploitation of the underlying device which can speed up the execution of
graph traversal operations by processing multiple graph blocks (vertex and edge) in
parallel, resulting in faster convergence.

Example. A prime example of this type of parallelization is a parallel BFS. BFS ex-
plores the graph level by level, where each level represents a set of equidistant vertices

from the source vertex. Since vertices of the same level can be accessed independently
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of each other, all vertices within the same level can be processed concurrently, and
thus accessed in parallel using multiple threads. A queue maintains the nodes to be
visited next, which are ordered on a per-level basis. Each thread dequeues nodes from
the shared queue and processes them independently. The edges of each node are ac-
cessed from the underlying SSD concurrently. Figure 5-2A illustrates the application
of this technique for parallelizing the BFS algorithm. Once nodes A and C have been
traversed, nodes B, D, E, and F are all at the same level (a subgraph where nodes
are independent), enabling them to be processed concurrently. Other BFS-based al-
gorithms (e.g., PageRank, WCC) can also be parallelized with this approach as a
building block.

5.3.2 Inter-Subgraph Parallelization

The subtle difference between Inter-Subgraph and Intra-Subgraph Parallelization is
that it identifies subgraphs that can be independently accessed (like two different
branches of DFS) and processes them in parallel. That way, multiple subgraphs
(or paths) can be traversed concurrently, thus covering the entire graph faster and
allowing for faster convergence. The algorithmic correctness and other properties (like
the order of accessing nodes) can be ensured by communication and synchronization
between the threads processing independent subgraphs. This approach is particularly
useful for large-scale graphs that cannot fit entirely in memory or when distributing
the computation across multiple threads.

Example. We now use the pseudo-DFS [3] as an example. In the classical DFS
algorithm, a stack keeps track of the nodes to be explored and maintains the visiting
order. In the pseudo-DFS algorithm, a stack can be split into smaller stacks when its
size exceeds a predefined threshold, and the smaller stacks are processed in parallel.
This allows for multiple threads to work on different subgraphs (paths) concurrently.

Figure 5-2B shows an example of this approach. In this example, after traversing
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nodes A and C, the stack size grows to four and (assuming this is the threshold)
is split in two. The first stack contains nodes D and E, while the second contains
B and F. These smaller stacks are processed in parallel, leading to two independent
graph traversals with the additional need for communication to avoid crossing from
one subgraph (path) to another. Inter-subgraph parallelization also benefits finding
Strongly Connected Components (SCCs) or groups of nodes within a graph where

each node is accessible from every other node in the same group.

5.3.3 Discussion

Which approach, which data structure? The selection between intra-subgraph
and inter-subgraph parallelization, as well as the choice of data structure depends on
the algorithm being parallelized. For example, in cases where the algorithm involves
BFS-like exploration, intra-subgraph parallelization is the best fit. On the other hand,
for algorithms resembling pseudo-DFS or those focused on connectivity exploration,
inter-subgraph parallelization can be more effective since it allows different subgraphs
to be processed concurrently, facilitating quicker convergence. In both cases, graph
traversal is accelerated by overlapping the standard accesses of the original algorithm
with several other accesses that would normally be scheduled for later. Thus, a larger
subgraph is traversed than the original algorithm without altering its key properties.
Parallelizing Essentials. When parallelizing graph traversal algorithms, we need
to guarantee the correctness and the efficiency of the parallel execution. To achieve
this, we use result aggregation, synchronization, and communication mechanisms. In
algorithms like PageRank, where the goal is to calculate rankings, the individual re-
sults obtained from different subgraphs or processing units must be aggregated to
calculate the final rankings. Algorithms like DF'S require synchronization to prevent
race conditions and maintain the same vertex visiting order and, thus, the core guar-

antees of the algorithm. Further, many algorithms need some form of communication
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between the threads working on subgraphs (signaling or message passing) to indicate
convergence. Minimizing such communication and synchronization overhead is a key

challenge to avoid bottlenecks.

5.4 Concurrent Graph Algorithms

The core idea of our approach is to implement parallel graph algorithms that take
advantage of concurrency at the storage level. Our system, CAVE, identifies and
parallelizes independent 1/Os, similar to how out-of-order processors parallelize load
and store commands that are not dependent on each other. This enables parallel
graph data processing, allowing multiple nodes to be accessed simultaneously, thus
significantly reducing the number of iterations required. We carefully tune CAVE to
employ the optimal concurrency [130] for the underlying storage devices to guarantee
maximum benefit. To do this, we issue in parallel as many independent I/0 operations
as the storage device supports without hurting latency. As a result, graph algorithms
in CAVE have faster convergence and more efficient data accesses. Overall, the work
presented in this chapter contributes to the system-level understanding of how to build
efficient graph processing systems that maximize the utilization of the underlying
SSD. To demonstrate the benefits of our approach, we parallelize five of the most
common graph traversal algorithms: BFS, WCC, PageRank, Random Walk, and
DFS. In this section, we first provide a quick overview of the physical data layout

CAVE and then discuss the details of the parallel versions of these algorithms.

5.4.1 CAVE Physical Data Layout

CAVE uses a memory-mapped binary file format, with three main parts: the metadata
block, the vertex block, and the edge block — right part of Figure 5-3. They are stored
using 4KB aligned blocks to support direct reading and writing from/to the SSDs.

All blocks are cached in memory by a cache pool described in detail in Section 5.5.
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Figure 5-3: Architecture of CAVE comprises block-based file structure
(right) and a concurrent cache pool (left)

Metadata Block. The metadata block serves as a repository for essential graph
information such as the number of vertices, the total number of blocks, edge blocks,
and vertex blocks, each of which is stored as a 32-bit integer. The remaining space
is reserved for future utilization, allowing for additional usage-specific information to
be incorporated when necessary.

Vertex Block. Each vertex block, sized at 4KB, stores information about up to 512
vertices. Within each vertex, 8 bytes are allocated, encompassing two 32-bit unsigned
integers: degree, eb_addr (edge block index and offset). The low 10-bit of eb_addr
represents the offset eb_of fset inside of an edge block, which just fits its capacity of
1024. The high 22-bit states the index of the edge block eb_idx. The reading process
can start by calculating the appropriate address ((eb_idz - 4KB) + eb_of fset).

Edge Block. To optimize storage and retrieval, we utilize a compact representation
of edges. Each edge is represented by a 4-byte integer denoting the index of the ending
vertex. Hence, each edge block can store up to 1024 edges (adding up to 4KB). The
edges of vertices with a degree less than 1024 are contained within a single edge block
(note that in many datasets, most nodes have indeed a degree of less than 1024).

This ensures efficient single read 1/O access, while the starting index inside the block
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(eb_of fset) can vary. However, vertices with a degree over 1024 will occupy multiple
edge blocks. In this case, the first block always has an eb_of fset = 0 to simplify the
packing and subsequent reading process. The number of edge blocks per vertex is
given by its degree divided by 1024.

Bin-Packing Edges. Previous practices often stored all edges in a single extensive
list, resulting in inefficient 1/O operations when accessing edges of small vertices span-
ning multiple blocks. To mitigate this issue and optimize 1/O and cache utilization,
we approached it as a bin-packing problem. Edges of small vertices are stored within
a single container (block), while larger vertices span multiple consecutive blocks. We
employ an offline first-fit strategy, determining the appropriate block to insert new
vertex neighbors and ensuring efficient packing and retrieval of edge data.
Handling Updates. While CAVE currently does not support graph updates, we
consider this as part of our future work. Currently, we have a very compact repre-
sentation of vertex and edges. To handle updates on vertex/edge values (e.g., edge
weights, vertex payloads), we need to modify our file architecture to accommodate
these values. For instance, for each edge, we store a vertex ID using 4 bytes, which
would need to be increased to account for additional edge information like weights.
To exploit the write concurrency of the underlying device, updates can be batched in
a memory buffer and applied to the corresponding blocks concurrently (using the ap-
propriate degree of concurrency when writing). Further, this style of updating (and
deleting) can use storage-resident update components similar to the log-structured
merge (LSM) design [127, 159]. In this case, updates (and deletes) will be buffered
in memory and later organized on disk before being eventually merged with the base
data [17]. That way, the update mechanism can exploit both the good sequential

performance and, when merging with the based data, the device concurrency.
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5.4.2 Building Blocks for Parallelizing

ProcessQueue function. In the context of BFS, WCC, PR, and RW algorithms,
the parallelization process is structured as an iterative procedure. Each iteration
involves processing a list of vertices (known as the frontier), accessing the neighbors
of each vertex, updating vertex values, and determining which vertices should be
visited in the next iteration, which are stored in the next queue. This iterative
process can be naturally parallelized by having multiple threads working on individual
vertices of the frontier (intra-subgraph parallelization). We achieve this using a
ProcessQueue function, which takes the frontier, a user-defined process function
and the device’s read concurrency k, as parameters. The process function specifies
the actions the algorithm should perform for each vertex and its neighbors. The
ProcessQueue function parallelizes at the vertex level based on the k, value where
each thread is responsible for processing a vertex and executes a get Edge operation
to retrieve the edge block from the cache pool. Since each edge block stores neighbors
of multiple vertices, it is possible that an edge block swapped out from the cache will
need to be read again from the disk, especially when the cache size is limited.

ProcessQueueBlock function. To avoid multiple accesses of the same edge blocks,
we provide a new variation that processes data at the granularity of edge blocks to
benefit from caching. Initially, all edge blocks associated with vertices in the frontier
are found. Next, each thread is assigned to work on one of the edge blocks. That
block, in turn, may contain (i) the edges of a single vertex where the execution will
be the same as before, or (ii) the edges of multiple vertices where the processing of
those vertices will now be completed with a single /0. By simultaneously processing
all vertices connected to a specific block, the approach ensures that each edge block
is only read once in each iteration. While this strategy involves some overhead in

terms of preprocessing the



95

Algorithm 2: Parallelization Building Blocks

1: function PROCESSQUEUE( frontier, Func Process, k)
2. next < ()

3: /] Process vertices in parallel with maz k, threads
4: for vy in frontier do

5: // Read neighbors from the cache pool

6: neighbors < GETEDGES(v;)

7: // Process vy with its neighbors, get next, queue
8: next, < PROCESS(vq, neighbors)

9: /] Merge next, to next

10: mtx.LOCK()

11: next.INSERT(next,)

12: mtx. UNLOCK()

13: end for

14: return next

15: end function

16:

17: function PROCESSQUEUEBLOCK( frontier, Func Process, k)
18: block_set < HASHSET()

19: for vy in frontier do

20: block_idx < GETBLOCKIDX (v, )

21: block _set. INSERT (block _idzx)

22: block[block -idz].INSERT (1)

23: end for

24: // next queue of whole frontier

25: next < ()

26: // Process blocks in parallel with maz k, threads
27 for block_idx in block_set do

28: // next queue of this block

29: nexty < 0

30: block_data < GETBLOCK (block_idx)

31: /] For each vy associated with this edge block
32: for vy in block[block_idx] do

33: // Get vy neighbors from this block locally
34: neighbors <— READFROMBLOCK (block _data, vy)
35: next, < PROCESS(vy, neighbors)

36: /] Merge next, in next,

37: nexty,. INSERT (next,)

38: end for

39: mtx.LOCK()

40: next.INSERT (nexty)

41: mtx.UNLOCK()

42: end for

43: return next

44: end function
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frontier, it offers the advantage of being minimally impacted by the size of the cache.
Further, the edge block retrieval is performed concurrently, which contributes to its

superior runtime. The two building-block algorithms are outlined in Algorithm 2.

Algorithm 3: Parallel Breadth-first Search

1: function BFSPROCESS(vy, neighbors)
2: next, +

3: for vy in neighbors do

4: if visited|vy].CAS(False, True) then

5: /] Add vy to the next queue of vy

6: next, .INSERT(vs)

7: end if

8: end for

9: return next,

10: end function

11:

12: function PBFS(vs, k)

13: frontier < {vs}

14: vertices_count < 0

15: while frontier.size > 0 do

16: next + PROCESSQUEUE( frontier, BF Sprocess, k)
17: // Or call ProcessQueueBlock()

18: vertices_count <— vertices_count + frontier.SI1ZE
19: frontier < next
20: end while
21: return vertices_count

22: end function

5.4.3 Parallel Breadth-First Search

We develop a parallel BES (PBF'S for short) algorithm using two queues: the frontier
queue, which contains the indices of vertices in the current level, and the next queue,
which stores the indices of the neighbors of vertices in the frontier queue, which
correspond to the vertices in the next level. To leverage parallelism, each vertex in the
frontier queue is assigned to a separate thread so that multiple I/Os can be issued in
parallel as shown in Figure 5-1A. The complete algorithm is listed in Algorithm 3. For

each vertex in frontier, as BF Sprocess defines, ProcessQueue will assign threads
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to vertices. Each thread accesses the assigned vertex, retrieves the indices of its
neighbors, checks and flags the index of every neighbor as wvisited, inserts it to next,
queue of this vertex, and merges next, of all vertices to the final next protected by
a global lock mtx to prevent data races and ensure thread safety. The PBFS level
of concurrency is controlled by the number of threads, which we tune according to
the optimal concurrency of the SSD. Once all the vertices in the frontier queue have
been processed, the contents of the next queue are copied back to the frontier queue,
and the next queue is cleared. This process is repeated until the frontier queue
becomes empty, signifying the completion of the BF'S traversal. We also developed a
blocked variant of the frontier processing that uses the ProcessQueueBlock function.
As discussed in Section 5.4.2; this approach discovers the edge blocks of the frontier
vertices and allocates threads to edge blocks, parallelizing at the edge block level while
ensuring that each edge block is read only once during an iteration. This results in
two benefits: (i) overall runtime improvement since edge blocks are not read multiple

times, and (ii) performance does not depend on cache pool size.

5.4.4 Parallel Weakly Connected Components

Computing WCC entails repeatedly searching from each vertex in the graph. Since we
utilize the adjacency list format, the most efficient approach to compute WCC involves
repeatedly applying the search algorithm starting from each vertex. During the search
process, a visited vertex is marked as true and subsequently avoided in subsequent
iterations. We parallelize WCC by performing multiple concurrent searches using
PBFS due to its low overhead and well-established efficiency. Algorithm 4 lists the
algorithm for PWCC.
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Algorithm 4: Parallel Weakly Connected Component
1: function PWCC(k,)
2: wee_count <— 0
fori < 0to N—1do
// If not flagged
if visited|i] = False then
// Call BFS to flag all vertices in this WCC
PBFS(i, k)
wee_count — wee_count + 1
end if
10: end for
11: return wecc_count
12: end function

5.4.5 Parallel PageRank

We consider the topology approach for PR, which involves updating the PR values
(pr) of all vertices based on the values of their neighbors from the previous iteration
(Algorithm 5). Since all vertices need to be processed in each iteration, the frontier
queue always contains the entire list of vertices, and there is no need for a next queue.
Initially, the frontier queue includes all vertices, from vertex 0 to vertex N — 1. In
every iteration, the ProcessQueue is called with the desired concurrency to parallelize
each step of the algorithm. For the blocked implementation, the ProcessQueueBlock
function is called. The initial PageRank values, pr[i] and pr,..[i], are assigned as
the inverses of the degrees of their respective vertices v;. It is worth noting that in

the original PageRank algorithm, the initial PageRank value for each vertex is set to

pri]
degli]*

1, and its neighbors are assigned values of To optimize the computation, we
perform this division in advance so it does not need to be repeatedly calculated by

the neighbors in each iteration.
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Algorithm 5: Parallel PageRank

1: function PRPROCESS(vy, neighbors)

2:

10:
11:
: function PARALLELPAGERANK (iterations, k,)
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:

12

3
4
5
6:
7
8
9

PTrnext [Ul] < 0

for v, in neighbors do
// Sum up last pr value of neighbors
PTnext [Ul] — PTnext [Ul] + pr [UQ]

end for

/] Add damping factor and divide by its degree
(1—d)+d-pryext[vi]
PTyext [Ul] = GETDE(?REE(;l)l

return

end function

frontier + {0,1,...,N — 1}
fori < 0to N —1do
prlil < Geremem
Prcatli] < pri]
end for
while iterations ; 0 do
PROCESSQUEUE( frontier, P Rprocess, k)
Pr < PTnext
iterations < iterations — 1
end while
// Prepare return value
fort < 0to N —1do
prli] < pr[i] - GETDEGREE(?)
end for
return pr

28: end function
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5.4.6 Parallel Random Walk

A single random walk is inherently a serial process and does not significantly benefit
from data concurrency. However, an effective strategy is to run multiple random walks
concurrently, which not only improves the precision of the results but also reduces
the overall running time. Initially, k& vertices are randomly chosen from the whole
vertex set and put in the frontier queue. In each iteration, the RW process function
randomly selects one of the neighbors for each vertex in frontier as the successor in

the next iteration. Algorithm 6 outlines the complete algorithm.

Algorithm 6: Parallel Random Walk
1: function RWPROCESS(vy, neighbors)
2: // Randomly selects a neighbor

3: V9 <— RANDOMSELECT (neighbors)

4: return {v,}

5: end function

6:

7. function PARALLELRANDOMWALK (K, iterations, k)
8: frontier <+ 0

9: vistted_count < 0

10: for i< 0to K —1do

11: // Initialize starting vertices randomly

12: frontier[i] + RANDOM(0, N — 1)

13: end for

14: while iterations ; 0 do

15: next < PROCESSQUEUE( frontier, RW process, k)
16: frontier < next

17: visited_count <— visited_count + K

18: iterations < iterations — 1

19: end while
20: return visited_count

21: end function

5.4.7 Parallel Pseudo Depth-First Search

While DFS is inherently a serialized algorithm, it is possible to enhance its per-

formance by introducing parallelism through a technique known as unordered or
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Algorithm 7: Parallel Pseudo Depth-first Search

1

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

: function DFSTASK(stack, k)
max_stack_count < k,
while stack.s1ze() > 0 do
/] Get and pop vertex at the stack top
v1 < stack.TOP()
stack.POP()
visited_count <— wvisited_count + 1
neighbors <— GETEDGES(v; )
// Push all unvisited neighbors on stack
for v, in neighbors do
if visited[vy].CAS(False, True) then
stack.PUSH(vy)
end if
end for

while stack.s1ZE() > max_stack_size do
stack_count < stack_count + 1
new_stack, stack < stack.SPLIT()

end if
end while
end while
stack_count < stack_count — 1
end function

27:

28

29:
30:
31:
32:
33:
34:
35:
36:
37:

38

: function PARALLELPSEUDODFS(vs, k)
init_stack < {vs}

visited|vs) < True

stack_count < 1

visited_count <— 0

// Push the initial task in the thread pool
ThreadPool PUSH(DF Stask(init_stack, k,.))
/] Wait for all tasks to be finished
ThreadPool WAITALL()

return visited_count

: end function

/] Check if the stack size is larger than threshold
if stack_count < maz_stack_count then

// Split the stack and generate new task

ThreadPool PUSH(DF Stask, new_stack)
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Figure 5-4: Example of the Parallel Pseudo DFS algorithm, demon-
strating the progression of the stack over time.

pseudo-DFS [3]. We take inspiration from this idea, and we incorporate a mech-
anism to monitor the size of the vertex stack for each thread in our implementation
(Algorithm 7). In the beginning, only one stack is active with the starting vertex
vs. We create a new DF'Stask with this stack in the thread pool. The DF Stask
continuously pops the stack, reads its neighbors, and pushes them into the stack as a
normal DFS does. After visiting the neighbors of a vertex, we check if the size of the
stack exceeds a predefined threshold. If it does, the stack is evenly divided into two
smaller stacks, and one of these stacks is assigned to a new thread for further explo-
ration. Figure 5-4 illustrates the algorithm, with the right side of the figure depicting
the timeline status of the stack and its splitting. The graph is a snapshot after time
4, where three threads are working in parallel to process the nodes. This approach
allows each thread to independently perform DFS on its allocated stack and split
it when necessary. By dynamically splitting the stacks in this manner, we achieve

increased concurrency during the DFS traversal. The choice of the threshold value
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determines the trade-off between concurrency and thread creation overhead. Setting
a smaller threshold allows for higher concurrency but may result in a larger number of
threads created. On the other hand, a larger threshold reduces the number of thread
creations but may limit the degree of parallelism. The selection of an appropriate

threshold is crucial to strike a balance between concurrency and overhead.

5.5 Implementation

In this section, we present implementation details of CAVE.

Concurrent Cache Pool. To prevent redundant disk reads, CAVE has a cache pool
that stores recently used edge blocks in main memory and employs a clock eviction
policy. This caching mechanism becomes crucial because an edge block can contain
information for multiple small vertices. It is designed to support concurrent access
from multiple threads and enables concurrent 1/O operations. As shown in the left-
hand-side of Figure 5-3, it comprises three key components: a global lock, a list of
slots to store cached blocks, and a cached block map that tracks the mapping of
cached block IDs to their positions in the list. Each cached slot within the pool has
its lock and a reference counter, while the global lock ensures that only one thread
can manipulate the clock hand and modify the map of cached blocks at a given time,
preventing potential conflicts.

When a thread requires a specific block, it first checks the cached block map to
determine if it is already cached. If the block is found, the thread attempts to acquire
the associated lock. Upon successful acquisition, the thread retrieves the content
from the block, releases both the global lock and the block lock, and proceeds with
the required operations. However, when the desired block is not found in the cache,
the thread searches for an available or evicted cached block by moving the clock hand

and decrementing the reference counter. Once a suitable cached block is identified,
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the thread acquires the lock associated with the cache block, releases the global lock
to allow other threads to enter the cache pool, and initiates the process of loading the
data block from the SSD. With the global lock released, multiple threads can access
the cache pool concurrently and initiate their own I/O operations. After reading
the block into the cache slot, the lock is released, making the block available for
subsequent use by other threads.

Note that the global lock is kept for a small duration: either until the cached page
is accessed in memory, or until a block for eviction/loading is identified and locked.

After this, the global lock is released and

N
o

more threads can enter the cache pool. Our
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global lock when running parallel BFS in the mains low as we increase the number
Friendster dataset (details in §6). The total of concurrent 1/Os.
lock waiting time remains low even with a high number of concurrent 1/Os (e.g.,
around 1.3% of running time for 64 concurrent I/Os), which shows that the global
lock does not create a bottleneck. With its concurrent access support and efficient
management of cached blocks, this caching mechanism significantly improves overall
performance by minimizing unnecessary storage accesses.

Codebase. We develop CAVE using C++17, and we leverage its native support for
concurrent execution through the std::thread functionality. We incorporate the
lightweight BS: :thread pool library [168] that enhances portability and minimizes

overhead. We also use the library parallel hashmap [145] for the cache pool and ensure

high accuracy in our runtime measurements with chrono:: high resolution _clock.
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I/O Interface. To have full control over the device, we perform direct I/O using
the 0_DIRECT flag so that data is transferred directly from the storage device to main
memory, bypassing the system cache. Our blocked file structure ensures that each
access is aligned. This alignment is further guaranteed by using the aligned alloc()
function whenever new blocks are allocated. For concurrent 1/0O, we use pread and
pwrite in conjunction with the BS: : thread_pool library, and we are compatible with
both Linux and Windows (leveraging Overlapped 1/0 for the latter).

Data Files. We developed a custom parser to convert common graph data into our
binary file structure. It accepts standard adjacent list and edge list files in plain text

format as input, parses them, and converts them to our binary file structure.

5.6 Evaluation

We now present the experimental evaluation of CAVE for the five algorithms and
compare it with three storage-optimized graph processing systems GraphChi [92],
Mosaic [109] and GridGraph [221] for multiple datasets and devices.

Experimental Setup. Our experimental server includes two Intel Xeon Gold 6230
CPUs, each with 20 cores with virtualization, and with 384GB of main memory. We
experiment with three storage devices: (i) an Optane SSD (375GB P4800X), (ii) an
PCIe SSD (1TB PCle P4510), and (iii) a SATA SSD (240GB SATA S4610). For all
three devices, we quantify the read concurrency (k,) through careful benchmarking
(6 for Optane SSD, 60 for PCle SSD, and 25 for SATA SSD). Unless otherwise
mentioned, we match the number of concurrent 1/Os to k, of the corresponding device
for optimal device utilization [130]. All devices were pre-conditioned by sequentially
writing on the entire device three times before running the experiments to ensure
stable performance [14]. All experimental results are averaged over three iterations,

and the standard deviation was less than 1%.
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Dataset. We use five datasets of different sizes and types from the Stanford Large
Network Dataset Collection [97] and LDBC Graph Analytics Benchmark [69]: Friend-
ster Social Network (FS), Twitter Social Network (TW), RoadNet Network of PA
(RN), LiveJournal Social Network (LJ) and YouTube Social Network (YT). FS is
the largest dataset among these, with 66M nodes and 32GB size. We also experi-
ment with a synthetic dataset (SD) which is generated following the Barabasi—Albert
model [8]. We configured the graph with 50 million vertices, each connected to 25
neighbors, resulting in a total of 1.25 billion edges. Note that the RN graph is very
sparse while the SD graph is extremely dense. The key properties of the datasets are

presented in Table 5.1.
Table 5.1: Dataset Description

Dataset Description #Nodes #Edges Diameter Size
FS Friendster Social Network 65M 1.8B 32 32 GB
™ Twitter Social Network 53M 2B 18 28 GB
RN RoadNet Network of PA 1M 1.5M 786 47 MB
LJ LiveJournal Social Network 5M 69M 16 1 GB
YT YouTube Social Network 1.1M 3M 20 39 MB
SD Synthetic data 50M 1.25B 6 20 GB

Preprocessing time and space requirement. Table 5.2 presents the preprocess-
ing time and space requirement of all systems for the FS and TW dataset. CAVE
exhibits the lowest preprocessing time and a reduced space requirement compared
to GridGraph and Mosaic. For example, Mosaic’s preprocessing time and space re-
quirement is 9x and 2x that of CAVE for the FS dataset, respectively. While Grid-
Graph has a similar preprocessing time to CAVE, its space requirement is 6x that
of CAVE. This efficiency stems from CAVE’s compact file architecture and simple
design, contrasting with the more demanding preprocessing requirements of systems

like GridGraph and Mosaic.
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Table 5.2: Preprocessing Time and Space Comparison
Preprocessing Time (s) Data File Size (GB)

System
Dataset: FS Dataset: TW Dataset: FS Dataset: TW
GraphChi 819 s 784 s 8.3 GB 8.4 GB
GridGraph 55 s 86 s 84 GB 75 GB
Mosaic 469 s 370 s 27 GB 17 GB
CAVE 52 s 49 s 14 GB 13 GB

5.6.1 Parallel BFS

CAVE Outperforms all baselines. In our first set of experiments, we evaluate the
performance of CAVE, GraphChi, GridGraph and Mosaic as we vary the cache size for
all six datasets. Figures 5-6(A) - (F) show the performance of the four systems for BF'S
when the underlying device is the PCle SSD. We compare using both the blocked and
non-blocked variants of the frontier processing to see their effect on different graphs.
Since the datasets have different sizes, the cache value is set accordingly. The results
show that CAVE (both blocked and non-blocked) significantly outperforms GraphChi
for any cache ratio and any dataset. Notably, when the cache ratio is low, CAVE
outperforms GraphChi with a significantly higher speedup due to its better utilization
of SSD concurrency.

For example, Figure 5:6(A) presents a performance comparison of the four sys-
tems for the Friendster dataset (65M nodes, 32GB size). The figure shows that the
non-blocked implementation benefits from a higher cache size while the blocked imple-
mentation remains unaffected by the cache size. This is due to the design techniques of
the blocked implementation, which ensure that all edge blocks are read only once dur-
ing an iteration. We observe that GridGraph and Mosaic are faster than GraphChi,
but both CAVE implementations outperform them. Specifically, the blocked version
provides up to 3.4x and 5.6x speedup across various cache sizes against GridGraph

and Mosaic, respectively. The non-blocked variant delivers comparable performance
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Figure 5-6: (A) - (F) Performance graph for BFS on our PCle SSD.
In general, CAVE outperforms the baselines GraphChi, GridGraph and
Mosaic for all six datasets. Mosaic performs well for the sparse RN
dataset.

to GridGraph for smaller cache sizes and up to 5.1x speedup for larger cache sizes
while always outperforming Mosaic by a higher margin. CAVE’s blocked implemen-
tation outperforms the other three systems for the TW, LLJ and YT datasets as shown
in Figures 5-6(B), (D) and (E).

CAVE is Well-suited for Sparse Graphs. In Figure 5-6(C), we see that in a
sparse graph with an unusually high diameter (RN dataset), CAVE performs better
than both GraphChi and GridGraph, but falls short of Mosaic. The non-blocked im-
plementation of CAVE works well for this graph because, in sparse graphs with lower
average degrees where edge blocks can be associated with multiple vertices, all re-
quired edge blocks for an iteration can fit in the cache pool without swapping. With a

sufficiently large cache, the non-blocked variant benefits from multiple threads work-
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ing on cache data. The figure shows that the blocked implementation (black dashed
line) outperforms both GraphChi and GridGraph while the non-blocked implemen-
tation (black solid line) can be up to 3.8x faster than the blocked one. While CAVE
consistently outperforms Mosaic for other datasets, Mosaic outperforms CAVE for
this dataset. This is because Mosaic uses Hilbert-ordered tiles as its graph represen-
tation, which allows to skip lots of empty/unneeded tiles for sparse graphs.

CAVE Provides Good Performance for Dense Graphs. Our synthetic SD
dataset is an unusually dense graph (the diameter is only 6 with 50M nodes and
1.25B edges). In Figure 5-6(F), we observe that CAVE outperforms GraphChi and
Mosaic. However, CAVE-blocked provides marginal benefit compared to GridGraph
for the SD dataset. The reason behind this is that GridGraph is designed for dense
graphs because its data structures and algorithms are optimized to efficiently handle
the high connectivity and dense nature of such graphs. GridGraph achieves this by
utilizing a grid structure to partition and manage the graph’s data. This approach
allows it to optimize memory usage and reduce access times for dense graph structures.
However, CAVE still provides up to 25.4% faster runtime compared to GridGraph
for dense graphs.

Similar Performance Benefit Across All Devices. We now compare CAVE
against Mosaic and GridGraph in the Optane SSD and SATA SSD as we vary the
cache size for BFS on the FS dataset. Figures 5-7(A) and (B) show that the per-
formance trend of these systems remains similar to the PCle SSD (Figure 5-6(A)).
CAVE consistently outperforms both GridGraph and Mosaic. We also observe that
all systems running on the Optane SSD have an overall lower runtime than the PCle
SSD because of Optane SSD’s faster read performance. In contrast, all systems run-
ning on the SATA SSD have a higher runtime than the PCle SSD due to the slowness
of the SATA SSD.
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Figure 5-7: (A, B) Performance of PBFS on Optane SSD and SATA
SSD for the FS dataset. CAVE outperforms the baselines.

CAVE Utilizes Concurrent I/0s. To analyze how the concurrent I/O affects the

performance when using various devices and datasets for the algorithms, we now vary

the number of concurrent I/Os in the blocked PBFS implementation. Since GraphChi,

GridGraph or Mosaic do not have the support of varying concurrent I/Os, we do not

include them in this experiment. Figure 5-8 shows CAVE’s performance graph for

the FS dataset for all three of our devices. The figure shows that as we increase

the number of concurrent 1/0Os, PBFS’s
runtime decreases until the device be-
comes saturated. For example, the
SATA SSD gets saturated when using
16-32 concurrent I/Os (red line), which
is consistent with the device’s optimal
concurrency value (25). However, if we
issue more concurrent I/Os, performance

starts to degrade because of the thread

1000
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Figure 5-8: As we increase the number
of concurrent 1/Os, the benefit of PBFS
increases until the device gets saturated.

management overhead while the device is already saturated. The PCle SSD curve is

moved towards higher concurrency, as expected, and Optane SSD has a flatter curve,

which is consistent with prior work [130,

132).
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Figure 59: (A) CAVE performs well across all datasets for PBFS.
Only Mosaic has a better performance for the sparse RN dataset. (B)
CPU usage of CAVE remains low showing that its benefit comes from
better SSD utilization — CAVE is I/O-bound, not CPU-bound.

CAVE Excels Across Different Datasets. Figure 5-9(A) shows CAVE’s speedup
vs. GraphChi, GridGraph, and Mosaic for all five datasets with cache size 3% of
the dataset when running on the PCle SSD. The speedup of CAVE compared to
GraphChi, GridGraph, and Mosaic ranges from 7 —984x, 1.1 —22x, and 0.1 — 5.2,
respectively. The unusually high speedup compared to GraphChi for the RN dataset
is attributed to the high diameter of the graph, where GraphChi needs an very large
number of iterations to converge. GridGraph also takes a high number of iterations to
converge which shows that CAVE can handle graphs with high diameters better than
both GraphChi and GridGraph. Although Mosaic performs the best for this sparse
dataset, CAVE outperforms Mosaic for the other datasets. For dense graphs like SD,
GridGraph performs well because of its grid structure to partition and manage dense
graphs, however, CAVE still outperforms GridGraph.

CAVE’s Benefits Come From Better Storage Utilization. Our profiling shows
that CAVE is I/O-bound (rather than CPU-bound), thus, the performance benefits
come from better utilization of the underlying storage devices. We capture a snapshot

of the CPU load and disk bandwidth for PBFS on the FS dataset in Figure 5-9(B).



112

—&— GraphChi —=— GridGraph —+— Mosaic —=— CAVE - CAVE_blocked

103; i
» ] w
- - ——
w w
£ £10%
-+ -+t
C C
> >
& &
] O A CEE R (G
] @ b = 1 1 — 1
: . |t =t = = = ﬂ\{%
013025 05 1 2 4 8 16 100013055 o5 1 3 4 & 16
Cache size (GB) Cache size (GB)
(A) Dataset: FS (B) Dataset: SD

Figure 5-10: (A) Blocked CAVE implementation outperforms other
systems for WCC. (B) For dense graphs, GridGraph works well for
finding WCC.

The figure shows that CAVE consistently maintains low CPU utilization, generally
below 5%, while the disk bandwidth remains around 100%. To calculate bandwidth
utilization, we divide the observed bandwidth by the maximum device bandwidth

achieved when using the same number of concurrent threads to issue I1/Os.

5.6.2 Parallel WCC, PR & RW

Parallel Weakly Connected Components

Figures 5-10(A) and (B) present the performance graph of two CAVE implementa-
tions, GraphChi, GridGraph, and Mosaic, for weekly connected components as we
vary cache size running on the PCle SSD device for FS and SD datasets. Similarly
to the PBFS experiments, the runtime of the blocked implementation does not de-
pend on the cache size. Figure 5-10(A) shows that CAVE’s blocked implementation
achieves up to 44x, 2.2x, and 8.6 x speedup compared to GraphChi, GridGraph and
Mosaic for the FS dataset. However, for the SD dataset in Figure 5-10(B), GridGraph

achieves 1.6x better runtime than CAVE. As mentioned earlier, this is because the



113

3] 850 q
10 E GraphChi 1034 B

EZEA GraphChi
GraphX

GridGraph

Mosaic

GridGraph
Mosaic

Runtime (s)
=
<

(A) CAVE’s speedup for PWCC (B) Experiment with GraphX

Figure 5-11: (A) CAVE performs well across all datasets for PWCC.
(B) CAVE outperforms single-node GraphX deployment.

SD dataset is seriously dense which works in favor of GridGraph. For both datasets,
the non-blocked implementation has a higher runtime when the cache size is small.
However, the performance improves as the cache size increases, providing up to 2.5x
and 1.2x speedup compared to GridGraph for the FS and SD datasets for higher
cache sizes. Figure 5-11(A) presents a summary result of WCC for all five datasets
on the PCIe SSD (3% cache size for each dataset) which shows CAVE can achieve
22 —850x, 0.6 —22x and 2.5 — 15x speedup compared to GraphChi, GridGraph and
Mosaic respectively.

Comparison against GraphX. For completeness, we experiment with GraphX [55]
that implements graph-parallel computation by distributing the computation in mul-
tiple compute nodes using a different abstraction while requiring all data in mem-
ory. Since CAVE is a single-node out-of-core system, a direct comparison against
a distributed system should be taken with a grain of salt. We experiment with a
single-node deployment of GraphX on our server. Figure 5-11(B) presents the run-
time of GraphChi, GraphX, GridGraph, Mosaic, and CAVE for three datasets when
running WCC. We observe that CAVE can be up to two orders of magnitude faster
than GraphX. Specifically, CAVE achieves 350x, 19x and 59x speedup compared to
GraphX for RN, LLJ and YT datasets. It is worth highlighting that CAVE achieves
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Figure 5-12: CAVE achieves lower runtime for PageRank, outper-
forming GraphChi and GridGraph.

this superior performance despite GraphX having all data in memory whereas CAVE
only uses 3% memory of the dataset size. We recognize that GraphX is designed for
distributed environments, however, the potential costs associated with distributed
computing, both monetary expenses and the overheads of managing a distributed

computing infrastructure can be significant.

Parallel PageRank

Figures 5-12(A) - (C) illustrates the performance graph for YT, RN and LJ datasets
in the PCIe SSD. The blocked implementation of CAVE achieves lower runtime than
both GraphChi and GridGraph while achieving comparable performance to Mosaic.
The figure shows that CAVE achieves up to 98x and 3.3x speedup compared to
GraphChi and GridGraph, respectively, for the YT dataset. For the RN dataset
shown in Figure 5-12(B), CAVE’s speedup is up to 170x (3.0x), while for the LJ
dataset shown in Figure 5-12(C), CAVE achieves 8.2x (1.6x) speedup compared to
GraphChi (GridGraph). Similarly to our previous experiments, the performance of

the non-blocked implementation of CAVE improves as the cache size increases.
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Figure 5-13: (A) Concurrent I/Os improve performance for CAVE’s
Random Walk till the device is saturated. (B) CAVE’s PDFS can
attain the maximum benefit of the device by exploiting its optimal
concurrency.

Parallel Random Walk

Figure 5-13(A) shows the representative performance graph of CAVE as we vary the
number of concurrent I/O for the LJ dataset across our three SSDs. The figure shows
that as we increase the number of concurrent I/Os the runtime decreases across all
devices. As expected, we also observe that the Optane SSD is faster than the PCle
SSD and the PCle SSD is faster than the SATA SSD. As the number of concurrent
[/Os reaches the optimal concurrency of each device, its runtime is minimized. How-
ever, beyond this point, the runtime starts to increase as the device is saturated, and

additional parallelism increases the thread management overhead.

5.6.3 Parallel pseudo DFS

We now focus on the impact of I/O concurrency on the PDFS algorithm. We generate
a list of target keys at random and run the algorithm to search each key multiple times
in a depth-first manner. Note that GraphChi, GridGraph, Mosaic, and most graph

processing systems do not support DFS.
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CAVE’s PDFS Exploits Device Concurrency. Figure 5-13(B) shows the perfor-
mance of CAVE’s PDF'S as we vary the number of concurrent I/Os for the FS dataset
across three devices. We observe that for all devices, as we increase the number of
concurrent I/Os; we have improved runtime until the device performance plateaus.
The figure shows that CAVE’s PDFS achieves 7.7x, 12.6x, 7.6x speedup on the
Optane SSD, SATA SSD, and PCIe SSD. We can also reason about each device’s
concurrency values from the graph as the runtime flattens when the device band-
width is saturated. The figures also show that the fastest device (Optane SSD) has a
much lower runtime than the slowest device (SATA SSD). We observe a similar trend
for other datasets. Overall, these experiments show that CAVE can perform parallel

pseudo-DFS while leveraging the underlying SSD concurrency.

5.7 Related Work

Many scalable graph processing systems like PowerLyra [29], GraphX [55], GBase [84],
TurboGraph++ [91], PowerGraph [54], Chaos [155], GraphLab [105], Pregel [112],
Gemini [220], VC-Tune [222] can process large graphs in a distributed manner which
requires finding optimal partitioning, load-balancing, fault tolerance, and managing
the communication overhead. There are some single-node shared-memory systems
like Ligra [169], GraphMat [177], GRACE [202], Polymer [211], CGraph [216] that
process graphs in memory, and as expected, these systems are highly CPU bound.
There are several popular out-of-core processing systems including GraphChi [92],
TurboGraph [64], Graphene [101], Mosaic [109], X-Stream [156], GridGraph [221],
Graspan [194], RStream [195], and FlashGraph [218]. These systems attempt to
minimize random disk access while relying on sequential 1/O, extensive preprocessing,
and optimal data placement. GraphSSD [114] is a graph-aware SSD framework where

the SSD controller is made aware of the graph data structures stored on the SSD. In
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contrast to these approaches, our goal is to develop a general approach for parallelizing
graph traversal algorithms and develop the necessary infrastructure to exploit the

underlying SSD concurrency.

5.8 Conclusions

Modern SSDs are characterized by their access concurrency, which needs to be care-
fully harnessed to attain maximum benefit from the device. Graph processing systems
are a natural candidate for exploiting this property, yet, most systems do not consider
it, resulting in device underutilization. We propose CAVE, a concurrency-aware graph
processing system designed to leverage the underlying SSD concurrency. CAVE par-
allelizes independent 1/Os through its concurrent cache pool design, supported by its
file structure, enabling the implementation of storage-aware parallel graph algorithms.
We develop the parallelized versions of five popular graph algorithms in CAVE and
compare their performance with three out-of-core systems, GraphChi, GridGraph,
and Mosaic, for multiple datasets and devices. Our evaluation reveals that CAVE
achieves up to three orders of magnitude higher speedup than GraphChi and up to

one order of magnitude higher speedup than GridGraph and Mosaic.



Chapter 6

Restore: RL-Based Data Migration for
Multi-Tiered Storage Systems

With the development of storage technologies, a wide variety of storage devices with
differing performance characteristics and cost profiles have emerged. As a result, data
systems are increasingly adopting multi-tiered storage solutions, where fast (small)
devices are placed in higher tiers, while lower tiers consist of slow (large) devices. A
primary challenge in multi-tiered storage systems is data placement, as data must
be dynamically stored and migrated across different storage tiers to optimize overall
performance. Effective data migration policies should be able to adapt to workload
variations while also considering the unique characteristics of underlying devices (such
as PCle/SATA SSD, or HDD), notably their read/write asymmetry and parallelism.

In this chapter, we introduce ReStore! [215], a reinforcement learning (RL) ap-
proach for data migration in multi-tiered storage systems. ReStore leverages RL to
capture both workload patterns and device-specific characteristics, including access
frequency and recency, as well as device read /write asymmetry and parallelism. Each
storage tier uses a different device and is associated with an RL agent that dynam-
ically updates its parameter using temporal difference learning, ensuring continuous
adaptability to changing workloads and system states. We experimentally show that

ReStore achieves up to 2.2x lower runtime and up to 10x fewer migrations using

!The material of this chapter has been the basis for a paper under preparation entitled “Restore:
A Reinforcement Learning Approach For Data Migration In Multi-Tiered Storage” [215].
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industry-grade benchmarks, like TPC-C/E and YCSB, real-life traces, like Google

Thesios, and a wide variety of synthetic workloads.

6.1 Introduction

Rise of Big Data. Data generation is growing at an unprecedented rate due to
sources like social media, digital transactions, sensors, and the expanding network
of Internet of Things (IoT) devices [28, 185]. As a result, a key challenge relates to
data storage, retrieval, and maintenance, leading to the need for new scalable storage
architectures that balance performance with cost.

Tiered Storage Architecture for Big Data Management. To address these
needs, cost-effective storage solutions have been developed that scale (i) horizontally,
resulting in distributed storage (file) systems (DFS) such as GFS [53], Cassandra [94],
HDEFS [170], Ceph [198]; and (ii) vertically, resulting in the development of tiered stor-
age systems like HP AutoRAID [200], IBM Storage Tank [34, 118]. Data-intensive
applications are increasingly employing tiered-storage systems that offer a unified
interface to a collection of devices organized in tiers, each with varying levels of per-
formance, capacity, and cost similar to the classical memory hierarchy [10]. Generally,
the top tier’s devices are faster and smaller, where the lower tier devices are slower and
larger. However, unlike the classical memory hierarchy, applications can read from
any tier directly without always having to push to a higher level [65]. An effective
tiered storage management strategy is essential to maximize the resource utilization
and performance while balancing the infrastructure costs [212]. It achieves this by
dynamically prioritizing important data for placement on faster, more expensive stor-
age devices while relegating less critical data to slower, low-cost devices. We now ask
the question: how do modern storage device properties affect the performance of a

tiered storage system?
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Storage Devices and Their Properties. Since SSDs are now the fastest and
dominant storage device, multiple (or all) tiers of a tiered storage system typically
employ SSDs, hence, we focus on how to better exploit these devices. SSDs exhibit
a high degree of internal parallelism (concurrency) that can be harnessed to increase
performance [130, 134]. On the other hand, for flash-based SSDs, the cost of reading
is generally lower than the (amortized) cost of writing, leading to an SSD read/write
asymmetry [36]. These two properties of SSDs are crucial: (i) proper use of SSD
concurrency enables better device utilization, and (ii) special care of expensive writes
can optimize overall workload execution [131, 132]. Hence, proper performance mod-
eling of SSDs that captures (and exploits) device properties can help tiered storage
systems improve resource utilization and performance.

Challenges of Tiered Storage Management. The management of large datasets
in a multi-tiered environment is a complex, dynamic problem that requires flexible
solutions. The best strategy depends on data type, access patterns, storage device,
and long- and short-term availability of the data. A recurring challenge is the financial
cost associated with the data stores. Data access patterns typically evolve over time,
and keeping the data on the fastest storage devices is economically challenging as
faster tiers are generally expensive and small. On the contrary, pushing all the data
on the slow tiers (slow SSD, HDD, or even an object store) degrades the overall
performance of the applications. Therefore, it is essential to have an effective data
migration policy in multi-tiered storage that governs when and how data is moved
between tiers. Most common migration policies are recency-based, frequency-based,
or a hybrid of these two approaches, and all face three major challenges.

Challenge 1: Optimal Data Placement. The data placement strategy or mi-
gration strategy (across tiers) is the most crucial design decision for any multi-tiered

storage system. Ideally, we want the hot data in the faster tiers while the cold data
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should be in the slower tiers. In case of dynamic workloads, this is not straight-
forward as data hotness can vary drastically over time. Systems that rely on simple
rule-based strategies (e.g., LRU-style or LFU-style policies) for data placement cannot
adapt to workload drift, leading to suboptimal performance. Further, these rule-based
strategies along with classical caching policies (e.g., clock, FIFO, LRU) are designed
primarily for a simpler problem setting (e.g., two tiers) and they do not consider
storage device characteristics.

Challenge 2: Capturing Storage Device Properties. SSD concurrency and
asymmetry have not been exploited in tiered storage systems. For example, there is a
40x increase in the read bandwidth of the 1TB PCle Intel P4510 SSD when using full
concurrency compared to no concurrency and 4KB writes are 3x slower than 4KB
reads [130]. Without capturing these storage properties accurately, the devices can
remain vastly underutilized.

Challenge 3: Finer Migration Granularity. Existing data migration policies
for tiered storage are designed for data files/objects. However, many applications
(i.e., DBMS, KV-store) running on tiered storage operate on pages, creating the
need for new page migration policies for tiered storage systems. To work on such
finer granularity, data migration policies must be lightweight while capturing both
workload and device properties.

Overall, existing tiered storage systems rely on predefined rules (e.g., recency-
based, frequency-based) for data files/object placement and migration, which do not
work well for page-level migration and do not adapt well to changing workload pat-
terns and access frequencies. Further, rule-based approaches do not interact with the
system and, thus, do not take into account device properties, rather, rely on basic
heuristics that lead to suboptimal data placement.

Reinforcement Learning to the Rescue. Reinforcement Learning (RL) uses in-



122

telligent agents to make decisions by interacting with the environment and receiving
feedback in the form of rewards or penalties aiming to maximize a cumulative reward.
The RL formulation typically represents the state of the modeled system, and, thus,
is well-suited for learning how to migrate data in tiered storage systems, as it can
adapt to changing workloads and an evolving device state to optimize data place-
ment. Further, an RL-based data migration approach can incorporate new storage
technologies as they emerge, providing a future-proof solution.

Design Goals. In developing an RL-based page migration policy for multi-tiered

storage devices, we set the following design goals:

e Model Heterogeneous Tier Properties: Use a multi-agent approach to address
diverse tier properties such as capacity, read/write asymmetry, and concurrency.

By associating one agent per tier, we can capture these system characteristics.

e Dynamic Tier Adaptability: Support seamless addition or removal of tiers with

one RL agent per tier for modularity.

e Lightweight Agent Design: Ensure lightweight RL processes to handle frequent,
fine-grained data (page) placement decisions with minimal overhead. By having

minimal parameters per agent, we can ensure scalability and real-time operation.

e Approximate Value Function: Prioritize relative value estimates over accurate
complex calculations. Many RL approaches accurately calculate the value function
at the expense of computational cost. Since in this use case, relative values are

sufficient to make a decision, we can use simpler approximations.

ReStore: An RL-Based Tiered Storage Migration Policy. To address the
above challenges, we propose ReStore, an RL-based multi-tiered storage migration
policy, which can be integrated into any multi-tiered storage system that allows for

page-level accesses. As part of the RL formulation, we define state variables that
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Table 6.1: Our proposed approach captures workload features and
device properties and quickly adapts to workload drift.

features EXD LRFU tLRU tLFU Our Approach
access frequency v’ v X v v
access recency Vv’ v’ Vv’ X v’
dynamic allocation v v v v v’
workload drift ~ ~ X X v
device properties X X X X v

capture the workload features (recency and frequency) and device properties (concur-
rency and asymmetry), and use a reward function tied to system runtime. The policy
is then optimized by maximizing the accumulated rewards through value functions
that quantify the quality of the current system state, which in turn minimizes work-
load execution cost. To ensure adaptability, we employ Temporal Difference learning
to update the value functions dynamically. A prime benefit of ReStore is that its RL-
based data migration gets feedback from the system through interaction and adapts
accordingly. Table 6.1 contrasts current migration policies for multi-tiered storage.
State-of-the-art policies like EXD [50] and LRFU [119] that rely on a utility function
to capture workload features, ignore device properties, and struggle with workload
drift. tLRU and tLFU that adapt the LRU and LFU caching policies for migration
capture access statistics, but are slow to adapt to drift and do not consider device
properties. Compared to state-of-the-art approaches, ReStore is the only policy that
considers device properties and responds well to dynamic workloads.

We compare ReStore with different rule-based policies, highlighting that ReStore
causes significantly fewer data migrations and maximizes resource utilization and
runtime performance. This is because ReStore takes into account storage device

properties like concurrency and asymmetry to ensure optimal device utilization, while
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Figure 6-1: From the three different workloads, A is more skewed,
and YCSB has more drift. More details can be found in Section 6.6.1.
Our approach always outperforms the state of the art by up to 2.2x.

being computationally lightweight. Figure 6-1 compares ReStore with other baseline
migration policies in case of workload drift (all details for the experimental setup
and the workloads are in Section 6.6.1). The figure shows that ReStore achieves
up to 2.2x speedup compared to other baselines for changing workloads, showcasing

ReStore’s flexibility to adapt to dynamic workloads.

Contributions. This chapter makes the following contributions.

e We identify the key challenges of multi-tiered storage management: optimal data
placement, page-level migration, dynamic access pattern and capturing storage

device properties.

e We propose ReStore [215], a multi-tiered storage management approach that uses
reinforcement learning for page-level migration. By interacting with its environment
and underlying storage, ReStore accurately captures the system state to make mi-
gration decisions based on data access patterns. ReStore models the system based
on (i) the temperature of each page, which captures the recency and frequency of

page accesses, and (ii) SSD properties (concurrency and asymmetry).

e We build a multi-tiered storage emulation framework that accurately simulates

various storage devices while capturing the operating principles of tiered storage.
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We deploy ReStore in the framework to experiment with a variety of configurations.

o We extensively evaluate the efficacy of ReStore against state-of-the-art approaches,
and show that it can speed up execution by up to 2.2x while having up to 10x

fewer page migrations.

6.2 Background & Related Work

Multi-Tiered Storage Systems. Data migration has long been integral to storage
systems [1, 2], especially in multi-tiered architectures, to optimize system perfor-
mance, scalability, and reliability while balancing resource utilization. For example,
AutoRAID [199] automatically migrates frequently accessed data to faster tiers and
demotes less accessed data to slower tiers. Many policies have been proposed for data
migration in tiered storage at coarser granularity.

Data Migration at File/Object Level. The process of moving data objects or files from

one storage layer to another is typically based on predefined policies. For instance,
LMsT [181] introduces multiple constraints and rules to support applications with
dynamic workloads and varying service level agreements. EDT-DTM (Extent-Based
Dynamic Tiering Management) [61] leverages a resource consumption model to enable
cost-effective tiering. Data migration cost models have been used as constraints [161],
resulting in algorithms including ABD, OPTPeunded 'SPACE, TIME, and LMIN. Sim-
ilarly, the bandwidth-to-space ratio can be utilized to manage migration based on
storage and access costs [178]. Hotness or temperature-based migration criteria are
also widely used. MTM [151], for example, employs the exponential moving average
(EMA) of hotness indication to guide migration, while another work focuses on an
extended data temperature value using new metadata and user-defined variables [41].
ADLAM [210] also leverages extent temperature in their adaptive look ahead data

migration model. Siberia [15] is main-memory database engine that keeps cold data
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in storage devices. All these policies work at the file/object level and/or for two
tiers (memory and storage), while our objective is to perform page-level migration
in a storage multi-tiered setup. These policies cannot support such finer migration
granularity due to the high complexity nature of the problem setup. Since no such
policies for tiered storage exist formally in the literature, we take inspiration from
in-memory caching techniques which work on page-level granularity.

Page-level Caching and Eviction Policies. Caching is a well-studied problem relevant

to many areas of computer science [144]. Broadly, cache eviction policies can be
categorized into four classes: recency-based, frequency-based, hybrid, and function-
based approaches. (A) Recency-based policies prioritize data based on how recently
it has been accessed like the classical 5-minute rule [58] and their recent adapta-
tions [13, 56, 57]. The most well-known example is Least Recently Used (LRU) [125],
which evicts (migrates to bottom tier) the least recently accessed data to make room
for newer requests. Variations like 2Q [78], MQ [219], and CLOCK-Pro [71] either try
to improve the adaptability or reduce overhead. (B) Frequency-based policies focus on
the number of times data is accessed. Least Frequently Used (LFU) evicts data that
has been accessed the least. Variants like LFU with Dynamic Aging (LFUDA) [14]
tackle the issue of aging by penalizing older data, helping avoid the accumulation of
stale data. Both recency and frequency based approaches struggle when workload
patterns change. (C) Hybrid policies combine recency and frequency to capture both
short-term and long-term access trends. ARC (Adaptive Replacement Cache) [117],
LIRS (Low Inter-reference Recency Set) [72] are popular examples of this class that
dynamically adjust between LRU and LFU depending on the workload. (D) Function-
based policies use models, heuristics, or algorithms to decide when and where to move
data between tiers. For example, EXD (Exponential Decay) [50] determines data mi-

gration based on an exponential decay score that weighs recency and frequency; An-
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other example is LRFU [119], which controls replacements using a Combined Recency
and Frequency (CRF) value based on a parameterized exponential function.

ML-based Data Migration. In recent years, machine learning (ML) techniques like lo-

gistic regression, neural networks, genetic algorithms, and random forests have been
used for web caching [9, 24, 191]. In a tiered setup, the migration function is typ-
ically learned using supervised learning where the system train predictive models
on historical workload data to predict future access patterns and optimize data mi-
gration. Approaches such as Support Vector Machines (SVM) [166], decision trees
(CART) [32], XGBoost [65] and popular neural networks, including MLP, LSTM, and
CNNs [152, 167, 184], have been applied. Unsupervised learning methods, including
clustering [11, 128, 166] and evolutionary algorithms like Particle Swarm Optimiza-
tion (PSO) [7, 209], have also been explored to group similar access patterns together,
guiding migration decisions based on inferred workloads. Both approaches are capa-
ble of learning in dynamic environments, however, they come with heavy overhead.
Reinforcement learning (RL) and other control theory have also been used for data
migration [89, 106, 107, 172, 197]. These approaches employ deep RL which creates
a large overhead and can not applied for page-level data migration in a tiered setting.
Meanwhile, beyond CHROME [107] that take concurrency into consideration, none
of the above mentioned methods capture the storage device properties. In contrast
to these above-mentioned approaches, our proposed RL-based approach ReStore is
(i) lightweight, (ii) capable of page-level data migration, (iii) adaptive to varying
workloads, and (iv) aware of device-specific properties.

SSD Asymmetry and Concurrency. Table 6.2 lists the access latency, asymmetry
(a), read concurrency (k,) and write concurrency (k,,) of some representative devices
where we see that both a and k vary across devices, access granularity, and access

pattern, while all NAND-based SSDs exhibit both asymmetry and concurrency.
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Table 6.2: Empirical latency, asymmetry and concurrency of some
storage devices for 4KB block size.

Device Read Write a k. k,

Latency (us) Latency (us)
Intel Optane P4800X SSD 6.8 7.6 1.1 6 5
Intel PCIe P4510 SSD 12.4 19.6 28 80 8
Intel PCle DC-P4500 SSD 8.2 78.4 11.9 40 8
Intel SATA 54610 SSD 100 140 15 25 9
SATA ST2000NX0463 HDD 7000 7300 1.0 1 1

6.3 Challenges of Page-Level Multi-Tiered Storage

The goal of a multi-tiered storage architecture is to manage different storage devices in
a manner that provides optimal performance, application functionality, and service-
level guarantees. As discussed in Section 6.2, multi-tiered storage systems typically
manage data at the granularity of a file or an object. When considering using multi-
tiered storage systems for data systems that operate at the page granularity (e.g.,
relational database management systems, key-value value stores), they face a series
of challenges. On the other hand, buffer management and classical eviction policies
used to move data between memory and disk cannot capture the complex dynamics
of a tiered storage design, since now data are not only evicted from memory, but also
migrated between tiers, as shown in Figure 6-2. Overall, multi-tiered storage systems

face the following challenges when supporting applications with page-level accesses:

Optimal Page Placement and Migration. Tiered systems use metadata of data ob-

jects to decide in which tier to store them and when to migrate them. The algorithms
that are used to calculate optimal data placement for entire files are not applicable
to single pages. For example, unlike files, all pages have the same size. Crucially, the

number of pages is much higher than the number of files, making complex ML-based
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Figure 6-2: High-level overview of a page-level multi-tiered storage
system consisting only of SSDs.

algorithms hard to use. On the other hand, standard caching algorithms, like LRU
and LFU, can be adapted to perform data migration (page promotion and demo-
tion), however, they will only use simple heuristics for their decisions, and they will

typically struggle under workload drift.

Storage Device Properties. To the best of our knowledge, no prior data migration

policy takes fully into account the storage device properties. In addition to access
latency, capacity, and cost, modern storage devices (SSDs) typically exhibit a degree
of read /write asymmetry and access parallelism. The devices can remain significantly
underutilized without considering these properties, resulting in subpar performance.

Existing migration policies do not faithfully model or exploit SSD characteristics.

Lightweight Migration Decisions. Following the first two challenges, we now see page-

level migration policies for multi-tiered storage systems must strike a fine balance
between being, on the one hand, complex enough to be able to capture workload
access properties and drift as well as device properties, and, on the other hand,
lightweight enough to be able to make decision at the page granularity, and as a

result, at a much higher frequency.

Using Reinforcement Learning for Page Migration. While complex ML-based
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approaches often come with a heavy overhead, we are dealing with a problem that
can significantly benefit from learning based on the real-time execution and the state
of the underlying system. To this end, we propose the usage of reinforcement learning
(RL) to monitor the system’s state and learn which migrations optimize performance.
RL stands out as a better fit in this context because it can model the multi-tiered
storage system with enough details using state variables to capture both workload and
device characteristics. Furthermore, it can be designed to evaluate the reward of state
transitions using lightweight value functions, balancing complexity and efficiency. We
next discuss our RL-based design in detail starting with some introduction to RL and

the notations we will use.

6.4 ReStore: RL-based Page Migration

Reinforcement Learning is particularly suited for dynamic environments like multi-
tiered storage, where the optimal data migration strategy is often non-trivial due
to changing workloads and storage constraints. RL can adapt to these variations by
learning from the system’s feedback, which allows it to make more informed and effec-
tive migration decisions over time. Moreover, ReStore is designed to be lightweight by
using tailored value functions that minimize complexity while capturing key system
properties like access patterns and device characteristics, enabling efficient decision-

making with minimal overhead.

6.4.1 A quick primer on Reinforcement Learning

Reinforcement Learning is a widely used approach focused on decision-making through
statistical estimations and environmental variables [180]. Its primary goal is to de-
velop intelligent agents capable of learning from environmental interactions to make
optimal decisions, adapt to new circumstances, and efficiently achieve defined ob-

jectives. RL accomplishes these objectives by solving the Markov Decision Process
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(MDP), which is an environment formed by < S, A, P, R,y >. Here S is states, A
is actions, P is transition probabilities, R is rewards and - is the discount factor.
RL solves MDP by learning the best policy (7 : S — A) that prescribes the most
appropriate action based on the current state. This determination of the best action
derives from optimizing both the state-value function and action-value function un-
der the chosen policy and action. The executing entity involved in these processes is
commonly referred to as an agent. The agent continuously updates its value func-
tions, learning from the system transitions from one state to another, enabling it to
perform the best action based on the current state and its refined parameters.

RL for Tiered Storage. In the context of page management in multi-tiered storage
systems, RL can be effectively utilized by defining the MDP components as follows:
states (S) represent the current status of the storage tiers, actions (A) involve deci-
sions on migrating pages between different tiers, transition probabilities (P) capture
the likelihood of moving from one state to another based on the actions, and rewards
(R) are determined by the performance metrics such as reduced access latency or
improved 1/O efficiency. By applying RL to this MDP framework, the system dy-
namically optimizes page placement, ensuring important pages reside in faster tiers
while less important data is placed in slower, less costly storage, thus enhancing
overall performance and cost-efficiency.

Basics and Nomenclature. RL trains intelligent agents to take actions in the MDP
to achieve defined objectives. Formally, the MDP < S, A, P, R,y > is defined with
S as the set of states with the Markov property (i.e., P(S;11]S;) = P(S¢41]Sy, .-+, S1),
t signifies time), A as the set of all actions, P as the state transition probability
matrix with P%, = P(S;1 = §|S; = 5,4 = a), R is the reward function with
R? = E(Rt+1|S: = s, Ay = a), and 7 is the discount factor used in defining the return

Gy, which is the total discounted reward from time t: G; = Ryy1 + VR0 + ... =
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Table 6.3: Our notation for modeling tiered storage with RL.

Term Definition

t Timestep
S Set of states of an MDP
s State
Sy State at time ¢
A Set of actions of an MDP
Ay Action at time ¢
P State transition probability matrix of an MDP
¢ Transition probability from state s to s’ taking action a
R Set of rewards of an MDP
R, Reward at time ¢
R? Future reward from state s taking action a
G, Return from time ¢
y Discount factor of an MDP
T Policy, to determine action based on state
v(s)  State-value function
q(s,a) Action-value function
Ct Fuzzy categories of FRB function
pi¢,(7;)  Membership function of category Cj
a;,b;  Hyperparameters of membership function
P Trainable parameters of FRB function
A Trace decay parameter of TD(\)
al Learning rate of TD(\) updates
zn(s)  Eligibility trace

oY Rita+i- A policy m: S — Ais used to determine the next action based on the
current state. A policy m(als) = P(A; = a|S; = s) is a distribution over actions given
states, which defines the behavior of an agent. Therefore, the target of training an
agent is to learn the best policy so that the agent takes correct action at each timestep,
eventually attaining the objective. Table 6.3 shows in detail the nomenclature.

Value Functions. In RL, the objective is formulated as the return G;, thus the

training target of agent becomes to maximize the return at each timestep. To math-
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Figure 6-3: ReStore: A reinforcement learning based policy for data
migrations in multi-tiered storage systems.

ematically express this target, state-value function v,(s) and action-value function
¢r(s,a) are defined, where v,(s) = E.(G:|S; = s) represents the expected return
starting from state s then following policy 7, and ¢, (s, a) = E.(G¢|S; = s, Ay = a) is
the expected return starting from state s, taking action a, and then following policy 7.
The optimal value function implies the best possible performance in the MDP [171],
and an optimal policy can be found by maximizing over the optimal action-value

function ¢.(s,a), that is, m.(als) = 1 if a = argmaz,caq.(s,a).
6.4.2 RL-based Tiered Storage Management

We now formulate the multi-tiered storage data migration problem with an RL-based
framework. From a bird’s eye view, we create an agent for every tier which manages
data migration between neighboring tiers as shown in Figure 6-3. We configure the

MDP environment as follows:

e states: variables representing the current status of a tier;
e actions: decisions on which page transferred to where;

e rewards: cost signal defined as the negative of response time.
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These components allow us to define an MDP for multi-tiered storage and solve it to
find the best migration policy using RL.

States. Defining the states requires careful consideration to encompass all significant
properties and represent the status of a tier accordingly. As we earlier discussed,
the essential features related to the data migration process include the page access
information and the device status, which can be described by the access recency,
frequency and R/W asymmetry and concurrency respectively. Therefore, we define

the following state variables:

s1: the average temperature of all pages in the tier. It is calculated using the formula
s = \_Ilq > temp(K), where | K| is the total number of pages stored in the tier and
temp(K) is the temperature of page K given by the temperature model presented
in Section 6.4.2, representing a combined information about the access recency and
frequency. This variable indicates the percentage of hot/cold pages in the tier. A
higher value of s; indicates a larger probability of pages in the tier to be requested

and, at the same time, a larger expected number of accesses.

s9: the current accumulated latency level in the tier. It is calculated as:

s9 = number_of _queued_tasks-avg_process_time, where avg_process_time = ,i—r +

a-ly

.=, I is the latency of read, o is the read/write asymmetry, and k,(k,) is the

read (write) concurrency. A higher value of s, denotes a longer waiting time in

the tier, i.e., higher latency.

These state variables are used to represent the status of each tier at each timestep.
They include file temperature, file access frequencies, and concurrency potential,
which are metrics that have a strong impact in storage systems. Here, it is worth
mentioning that this is a scalable framework, which implies the state variables can

also be defined in other ways depending on use cases [213, 214].
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Actions. The actions model the page movements between tiers. Since each page
movement will change the distribution of pages in tiers, we define the actions upon
each page being requested. In more detail, for a request of page K residing in Tier
1, there are two possible actions: A; = 0 means no movement of the page, A, = 1
stands for upgrading the page to a faster tier j. In this definition, A, € {0,1} and
A ={K,A;} where K is the page number.

Rewards. Reward R? = E(Ri1]S; = s, A; = a) is a function of state and action,
representing the expectation of reward at the next timestep ¢t + 1. In our case, since
the global objective is to minimize the overall response time, we define the reward
as the negative of the estimated future system response time, so that the return
Gy = Y20 V' Ris144 represents the negative overall future system latency, and training
RL agent to maximize the return is equivalent to minimize the system latency. More

specifically,
R? = E(Rt+1|8t = S, At = (l)

> rier Wg-LOtime - 3 ey, Blreqr), ifa=1 (6.1)

Rt, ifa=0

where ) ... is the summation over all tiers, avg_IO_time = w, - read_time + w,, -
write_time is the average I/O time of the tier, ) .7, is the summation over all
pages in the tier, and E(reqg) is the expectation of future number of requests to the
page. To approximate the future number of requests, we use the page temperature,
i.e., E(reqx) o< temp(K). By applying the law of large numbers and replacing average

temperature of all pages in a tier ﬁ Y i temp(K) = s1, the > 1 cpi, E(reqr) is then

equal to |K|-exp(1£2), where | K| is the total number of pages in a tier and s; is the
first state variable of that tier.

With the definitions of states, actions, and rewards, we formulate the data migra-
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tion problem as an MDP. As mentioned earlier, RL solves MDPs by optimizing the
value functions to provide the best action. We now discuss how the value functions
are used in solving the MDP. The state-value function v,(s) of an MDP is the ex-
pected return starting from states s following the policy 7, v,(s) = Er(G¢|S; = s).
Since the reward is negative of response time, the expected return G, represents the
estimated future system response time. So, by maximizing the value function, we aim

to find a policy that leads to the smallest possible future response time.

Value Function Representation

In simple RL problems, the value function can generally be represented using a
straightforward table, such as a Q-table, where every state-action pair is explicitly
stored and updated. However, in more complex environments with large or contin-
uous state spaces, storing a table becomes impractical, and value functions can only
be estimated. Given the continuity of our state variables and the high uncertainty
of state space, we employ functional approximation techniques [93] to practically ex-
press the value function. There are various parameterized methods, such as linear
approximation, polynomial fitting, and neural networks [75, 110, 189]. Our choice
must accommodate the diverse scales of our state variables and input normalization.

In line with our goal of having a lightweight policy, we choose the Fuzzy Rule-
Based function (FRB) [18] for the value function as it uses simple rules and linear
approximation. The FRB function maps f from input vector x € R’/ to a scalar

output y using a set of rules. A common form of a fuzzy rule is as follows:
Rule i: TF z; € C}, 2, C C, ..., z; C C3 THEN pf,

where 1, ..., z; are the components of x, Cj, ..., C’j’: are fuzzy categories, and p’ is the

output parameter of this rule. The output of the rule-based function f(z) is then a
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where N is the number of rules, and w'(x) is the weight of rule i computed by

y=f(z) = (6.2)

wi(z) =[] e (). uc;(xj) is the membership function, which takes values in [0, 1]
and represent the measurement of an input variable z; belonging to category C’;, ie.,
a value closer to 1 means x; highly probably belongs to C’;

The FRB function is widely used for practical problems [38, 111]. It can model
systems with different complexity, having anything between a large number of complex
rules and a few simple rules. In our case, the input x is the set of state variables
(s1,82). The properties of these variables can be described by two categories, Small
and Large of their values, i.e., C’; € {Small, Large}. As for the membership function,
we choose a Sigmoid function pzarge(;) = 1/(1+a;67%%), pgman(z;) = 1—firarge(;).
We set b; = 10/range(z;),a; = e*% where range(z;) = (max z; — minz;), and z; is
the expected value of x;. With these parameters, we have fiparge(Z;) = fsman(Zj) =
0.5. Figure 6-4 visualizes the two membership function pairs with different a;, b;.

This function is well-suited for scenarios where input ranges lack constraints, and

differences between outliers with very large values or very small values are considered
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less important than differences between centered data. The rationale behind selecting
this membership function lies in its ability to render the policy sensitive to minor
system changes, such as moving a few pages, but at the same time relatively robust
against extensive system-wide modifications occurring at scale.

Based on the two categories and two state variables defined above, we formed a
FRB function with four rules as our value function. Note that the number of rules
equals to the number of categories to the power of the number of state variables,

22 = 4 in our case.
4 Qo
(o) = S 2v') o3
Zizl w(s)

where s = (s1, s2) is the states variables, and w'(s) = fsmair/Large(S1) * [tSmall/Large(52)

is the multiplication of membership functions values at rule i.

Mapping the Data Migration problem

Having established the state variables and value function, we proceed to introduce
their utilization in the control of data migration. For each page being requested, there

are three scenarios:
e First, the page becomes hotter so that it will be upgraded to a faster tier.

e Second, the page is not hot enough to be upgraded so that it will stay in its

current tier.

e Third, the page becomes hotter, but there is not enough space for the new hotter
page in the faster tier, so the coldest page in the faster tier will be downgraded

to the slower tier in order to make room for the new hotter page.

Reflecting on the data migration policy, it can be simplified as making a decision on
whether the page should be upgraded or not based on its property and the current

state of the involved tiers. Accordingly, the action space A can be written as {0, 1}
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where A; = 1 means current requested page should be upgraded to a faster tier and
A; = 0 implies should not. In this way, the action-value function ¢(s, a) has two values
for each s, which are ¢(s,0) = E(G¢|S; = s, At = 0) = E(Gry1 = G¢|St1 = s5) = v(s)
(A; = 0 means no migration and thus S;;; = S; = s), and ¢(s,1) = E(G|S; = s, Ay =
1) = E(Gt41|St+1 = §') where s is the next state due to the page migration decided
by A; = 1.

As indicated in Section 6.4.1, an optimal policy can be defined by maximizing over
the optimal action-value function g¢.(s,a), where ¢.(s,a) = max ¢r(s,a). Therefore,
to find the optimal policy is equivalent to maximize the action-value function. Com-
bining the expressions of action-value function in the last paragraph, the RL-based
data migration policy is formed in the following way:

A requested page K currently in tier i is upgraded from tier i to j =i+ 1 if

vip + vﬂp >0l (6.4)

i/]

where vy is the value function of tier i/j after page K is upgraded, and vl

/7 is before
upgrade. The average temperature of the tier s; can be considered as an estimation
of the number of requests for pages in the tier, while the value function v(s) stands for
the future cost. Hence, the sum of their multiplication represents an average weighted
cost signal. In this way, Eq. (6.4) denotes that the workload latency is reduced, i.e.,

the overall system efficiency is increased.

Updating Value Function

The above-introduced policy relies on Eq. (6.4) that depends on value functions.
Consequently, for the policy to consistently make optimal decisions across various
states, continuous updates to the value functions are imperative during the system’s

transition from one state to another. In RL, there are multiple updating algorithms,
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ranging from Monte-Carlo, Q-learning [157] to SARSA [157], and TD learning [179].
However, our application is a special case because, firstly, we use the same policy
for both decision-making and future reward prediction. Secondly, since the action
at each state is either to upgrade a page or not, the action-value function and the
state-value function are equivalent. Therefore, we use an on-policy control approach
to optimize our value functions, which is Temporal Difference (TD())) learning.
TD(A) is a well-known procedure for iteratively approximating the value function

v(s) under a given policy as follows:

0(s) = 0(8) + an(Ry + Y0(Spa1) — 0(8n))zn(s)
(6.5)

y=eP 2(s) = Ae P21 (s) + L(s = sp)

where ©(s) is the approximation of v(s), a, is the learning rate at the n'" state,
R, is the rewards at state s, v is the discounting factor (depending on the hyperpa-
rameter (3), 7, is the time the agent spends in state s,, and z, is the eligibility trace,
which is initialized to 0 and updated by the formula above, and A is the trace-decay
parameter of TD(A).

Recalling Eq. (6.3), the cost function is actually a linear combination of basis
functions with parameters p’. Thus, we can rewrite the v(s) in the form v(s,p) =
Z?ﬂpigbi(s), where ¢'(s) = % Therefore, the updating of v(s) in Eq. (6.5)
using TD(A) equals to updating the parameters p’. The updating formula can be

rewritten for p’ in the following form:



141

Prit = Pr + 05, (R +70(sn41) — 0(s0)) 2, (5)
n—1

ol = 0.1/(14100)  ¢'(sy))

Xn

R, = (1/Xy) ) e Minitn)

=1

() = Mz, 4 (s) + @' (sn)

(6.6)

where the learning rate o, is initialized as 0.1 and decreases according to the
accumulated basis function ¢. The eligibility trace 2% is initialized as 0 and updated
by Eq. (6.6). The reward R, is given by the cost signal, where X, is the total number
of requests in state s,, 7; is the response time of each request, ¢, ; is the arrival time
of request ¢, and t,, is the time arrived at state s,. This iteration process is proved

to converge for MDPs when the basis functions ¢'(s) are linearly independent [189)].

Temperature Model

In order to capture the information of frequency and recency from the workload
access pattern, we define a temperature model for each page to represent its hotness
level. It plays an essential role in both the definition of state variables and the
action decisions given by Eq. 6.4. Specifically, we define a hot-cold function to
represent these temperature changes. The hot-cold function includes the temperature-
increasing process and the temperature-decreasing process, which are as follows:

o Temperature increasing : Page temperature will increase when there are more

access requests to this page. We describe this process using an exponential formula:

0.5

p0.2Teq) where req is the total number of requests to the page

temperature = 1 —

in a certain time window.
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o Temperature decreasing : When a page has not been requested for a period, its
temperature should drop because the importance and priority of this page have
become lower. Therefore, we define the temperature decreasing rule to be: After 5
timesteps without requests, page temperature will decrease 0.05, until it becomes 0.0
(the lowest temperature). As long as new requests come to a page, its temperature

will start increasing, following the temperature-increasing rule above.

With this mechanism, we define the page temperature changing dynamics. Figure 6-5
shows an example of a temperature changing process of a page with 100 random

requests in 1000 timesteps.

Temperature changing of a page during 1000 timesteps

T L

Timestep

1.0

Temperature
e 2 2
= (o) (o]

e
o

5
<=

800 1000

Figure 6-5: Example of our temparature model.

6.5 Emulating Multi-Tiered Storage

We develop a framework for a multi-tier storage system using C++ that simulates the
tiers, storage devices and data migration policies. We implement five baseline data
migration policies: tLFU (tiered variant of LFU), tLRU (tiered variant of LRU),
EXD [50], LRFU [119], and TEMP (a migration policy based on the temperature
model described in Section 6.4.2). We now discuss the architecture of our framework
as presented in Figure 6-6.

Emulating Tiers. The tiers of the tiered storage system is represented by a class
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Figure 6-6: Architecture of our multi-tiered storage system.

Tier, which contains the information about the tier’s maximum capacity, read/write
speed, and concurrency. A hash table of <page_id, page metadata, location>
records the page distribution across tiers, and the page metadata contains the fea-
tures that each policy relies on. For example, the page metadata for LFU stores ac-
cess frequency, for LRU it stores recency (latest timestamp the page was requested),
and for EXD/LRFU it includes both the EXD score/CRF value and the recency
used to calculated them. In TEMP and ReStore, page metadata includes the re-
cency, frequency, and the temperature. After each operation, the page metadata of
the requested page is updated accordingly.

Emulating Page Migration. Upon each page access, each policy use its upgrade
criteria to determine whether the page should be migrated to a faster tier. When
the upper tier reaches it capacity limitation, the downgrade strategy of the policy
identifies which page to downgrade to a slower tier to make space for the new page.
Once a page is migrated, the corresponding entry <page_id, location> is updated.

We now provide an overview of the upgrade and downgrade mechanisms:
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Upgrade: if frequency of page K is larger than the lowest frequency in upper
tier, then upgrade page K

Downgrade: when a tier is full, downgrade the LF'U page.

Upgrade: if recency of page K is higher than the least recency in upper tier,
then upgrade page K

Downgrade: when a tier is full, downgrade the LRU page.

Upgrade: if CRF value of page K is larger than the lowest CRF value in upper
tier, then upgrade page K
Downgrade: when a tier is full, downgrade the LRFU page (with lowest CRF

value).

Upgrade: if EXD score of page K is larger than the lowest EXD score in upper
tier, then upgrade page K

Downgrade: when a tier is full, downgrade the lowest EXD score page.

Upgrade: if temperature of page K is higher than the average temperature of
upper tier, then upgrade page K

Downgrade: when a tier is full, downgrade the lowest temperature page.

Upgrade: if the RL-based criteria (condition (6.4) in Section 6.4.2) is satisfied,
then upgrade page K

Downgrade: when a tier is full, downgrade the lowest temperature page.

A min-heap is maintained in the Tier class of each tier to identify pages for down-

grading. The min-heap is based on the specific feature of each policy. For example,

for LFU and LRU, a min-heap of frequency or recency values is maintained to guide

page migration decisions. LRFU uses a CRF (Combined Recency and Frequency)

value, defined as C = Zle F(t — t;), where F(x) is a weighting function, typically
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272 and t — t; represents the time gap since the last ith access. EXD balances
recency and frequency using an exponential decay score S, updated on each access:
S =14 85" exp(—a-At), where At = time_now — time_last_access is the time since
the last access, and the parameter oo governs the relative influence of frequency versus
recency. TEMP operates as a function-based policy, focusing only on the temperature
model discussed in Section 6.4.2. This policy is included to verify the efficacy of the
temperature model in balancing recency and frequency and serves as a baseline to
demonstrate that the effectiveness of ReStore comes not only from the temperature
model but also from faithfully modeling storage devices with RL.

Emulating Storage Devices. A C++ thread pool simulates the concurrent read /write
of each tier [168] the number of threads set as the number of concurrency. For ex-
ample, for a device that throughput scales perfectly for four concurrent requests, the
threadpool will use four threads to emulate each request. Note that our system has
enough parallelism to emulate the concurrency of several devices at the same time.
The asymmetry of the device is captured via the read /write latency values of each tier
(device). While running a workload, a read (write) action is executed by detaching a
task std::this_thread::sleep_for(read time

(write_time)) to the corresponding thread_pool.

6.6 Experimental Evaluation

In this section, we evaluate the performance of ReStore and other baseline policies
under different scenarios including varying workloads, tier capacities, and system
conditions. The experimental results demonstrate the advantages of our RL-based
migration strategies over traditional methods, with a particular focus on reduced

migration overhead, adaptability and scalability.
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6.6.1 Experimental Methodology

We design a comprehensive set of experiments with both classical and advanced data
migration policies to thoroughly evaluate the effectiveness of ReStore. The perfor-
mance of each policy is evaluated in experiments across both synthetic workloads and
workloads adapted from real traces, with different characteristics, including access
skew, read/write imbalance, and changing patterns. We also test on different device
properties, such as different capacity, access latency, concurrency, and asymmetry.
Static Workloads. We test three static workloads with varying skew: 5hf90, 10hf90,
and 10hf80. The notation zhfy represents that y% of the accesses are performed on
z% high-frequent (hf) pages. 5hf90 and 10hf90 differ in access concentration, while
10hf80 has lower skew. To isolate the effects of access skew, different high-frequency
pages are used for 5hf90 and 10hf90, but the same pages are used for 10hf90 and
10hf80. Unless otherwise mentioned, these workloads have 50% reads and 50% writes,
and they consist of 1,000,000 operations and 10,000 unique pages. We also test system
scalability with increased page counts and number of operations.

Dynamic Workloads. To evaluate the performance of different policies under work-
load drift, which is common in real-world systems, we introduce four dynamic work-
loads: Workload A (5hf90 + 10hf80), Workload B (5hf90+10hf80+20hf80), Workload
C (5hf90*10), and Workload D (5hf90*50). These workloads simulate shifting access
patterns by combining multiple phases. For example, Workload A consists of a first
phase with the 5hf90 pattern, followed by a second phase with the 10hf80 pattern.
Further, 5hf90*n refers to a workload with n phases, where each phase has a 5hf90
skew on a different 5% of the pages for each phase. All synthetic workloads are
summarized in Table 6.4.

Tier Properties. We consider a three-tier storage system for all experiments. To

assess the effect of tier capacity, we experiment with various configurations: Tier
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Table 6.4: Our synthetic workloads.

Name Type Description

5hf90 static  Skewed 5% access on 90% pages
10hf90  static  Skewed 10% access on 90% pages
10hf80  static  Skewed 10% access on 80% pages

A dynamic  5hf90 + 10hf80

B dynamic  5hf90 + 10hf80 + 20hf80

C dynamic 10 phases of 5hf90

D dynamic 50 phases of 5hf90

Table 6.5: Standard benchmarks and real-world traces used.

Trace Name #unique_pages F#operations

TPC-C 16842331 62925641
TPC-E 19274163 31884418
YCSB 61960292 92728323
Google Thesios 16417 95970071

1 with 1%/3%/6%/12% capacity, Tier 2 with 4%/8%/16%, and Tier 3 with 100%
capacity. Unless otherwise specified, we simulate the fast, medium, and slow tiers as
follows: Tier 1 has a read latency of 30us and a read/write asymmetry of 1.5, giving
it a write latency of 45us. Tier 2 is configured with a read latency of 200us and an
asymmetry of 2.0, while Tier 3 has a read latency of 500us and an asymmetry of
4.0. These values reflect real-world SSD performance as outlined in Table 6.2. We
also experiment with varying levels of concurrency and asymmetry, as well as without
asymmetry (to simulate HDDs) for completeness.

Real-world Workloads. To further evaluate the robustness of each policy, we use
real-world I/O traces from well-known benchmarks such as TPC-C [187], TPC-E

[188], YCSB [205], and Thesios [143]. These traces are transformed into page-level
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Figure 6-7: Distribution of page access frequencies in standard bench-
marks and real-world workload traces.

workloads, assuming a 4KB page size. Each trace contains various access patterns,
page sizes, and levels of skew. Table 6.5 provides a summary of page counts and
the total number of operations, while Figure 6-7 visualizes the distribution of access
frequencies in these traces.

The Ideal Static Policy. We further define a ‘Static’ policy for each workload as
the optimal baseline considering the workload pattern is already known. For example,
the Static policy for 5hf90 places the 5hf pages in fast tiers (all in Tier 1, or if Tier 1
is full then put the rest in Tier 2), and the rest 95% pages in slower tiers (Tier 2 and
Tier 3). This Static policy acts as the best possible placement with full workload-

knowledge without any page migration.
6.6.2 Experimental Analysis

ReStore achieves superior performance, both in terms of latency reduction and re-

source utilization. We now provide a detailed analysis of our experimental evaluation.

ReStore Outperforms All Baselines in Static Workloads. In our first set of ex-
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Figure 6-8: Overall runtime (CPU time + data access time) under dif-
ferent tier capacity configuration and three static workloads. In general,
ReStore outperforms the other baseline policies. Frequency-based pol-
icy like tLFU performs well for this type of skewed workload. Recency-
based policy like tLRU struggles to capture the long-term hf workload.

periments, we evaluate the performance of each policy for the static workloads (5hf90),
10nf90, 10hf80) under different tier capacity configurations. Figure 6-8 presents the
overall latency of each workload under each policy as tier capacities change. We ob-
serve that overall latency decreases as the size of faster tier increases, i.e., the top row
of Figure 6-8 (small fast tier) has the highest latency while the bottom row (large fast
tier) has the lowest latency. The figure also shows that ReStore achieves the overall
best performance. For example, ReStore achieves 5%, 40%, 23%, 7% and 13% lower
runtime compared to tLFU, tLRU, LRFU, EXD and TEMP for 10hf90 workload with
1% Tier 1 and 4% Tier 2 capacity (middle group of bars in the top left sub-figure of
Figure 6-8). ReStore demonstrates stable performance trends similar to the optimal

Static policy as tier capacity increases for all three workloads.
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The figure also shows that tLFU performs well under such skewed workloads
with its reliance on frequency-based decisions allowing it to capture the long-term
hf pattern in the workloads. We also observe that TEMP works particularly well
when the faster tiers have higher capacity while EXD’s performance does not depend
on the tier capacity too much. This suggests that while the temperature model is
highly efficient at identifying Af pages, it lacks resource optimization constraints, and
is more sensitive to workload variations than the EXD score. We further notice that
tLRU and LRFU has the worst performance in terms of runtime in these experiments.
This is because recency-based policies incur a lot of data migrations in such skewed Af
workloads which adversely affects the overall runtime. The latency bars of the figure
also include CPU time (lower part of each bar) stacked with data access time. We
notice that although ReStore has the highest CPU time (more details later) compared
to other policies because of RL’s high computation cost, ReStore outperforms other
baselines because of its optimal data placement decision based on both workload and
device properties. This in turn causes very few number of migrations compared to
other policies which we now discuss.

ReStore Causes Fewer Migrations. Migration is a costly process involving both
an upgrade and a downgrade operation, so minimizing the number of migrations is
crucial. Figure 6-9 shows the number of page migrations for each policy from the
previous experiment. The upper part of each bar represents migrations from Tier 3
to Tier 2, while the lower part shows migrations from Tier 2 to Tier 1. Note that the
optimal Static policy causes no migrations, as pages are statically assigned to tiers.
We observe that tLRU and LRFU cause the highest number of migrations, failing to
capture the workload skew. The figure illustrates that ReStore results in significantly
fewer migrations than other policies. Specifically, ReStore reduces migrations by up

to 8%, 102x, 37x, 12x and 22x compared to tLFU, tLRU, LRFU, EXD, and TEMP,
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Figure 6-9: Number of page migrations, lighter colors are the number
from Tier 2 to Tier 1, darker colors are from Tier 3 to Tier 2. ReStore
causes the least number of migrations.

respectively. This demonstrates ReStore’s effectiveness in minimizing migration over-
head while optimizing data placement, striking a balance between performance and
migration efficiency across all tiers.

ReStore can Adapt to Workload Drift. In this set of experiments, we evaluate
ReStore and other policies under dynamic workloads using same tier configurations as
in the previous experiments. Figure 6-10 presents the performance evaluation which
shows that ReStore significantly outperforms other policies, particularly excelling in
scenarios where access patterns change more frequently. For example, for 3% Tier
1 and 8% Tier 2 (center subfigure of Figure 6-10), ReStore achieves up to 2.81x,
1.03x, 3.51x, 4.28x speedup compared to LRFU (the next best rule-based policy)
for workload A, B, C and D respectively. The performance trend remains similar

for different tier capacities across different workload. We observe that ReStore has
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Figure 6-10: Total runtime under dynamic workloads. ReStore sig-
nificantly outperforms other baselines with the greatest benefit in high
drift scenarios (Workloads C & D).

the highest performance improvement for workload C and D which includes the high-
est amount of workload drift, showcasing ReStore’s adaptibility. Overall, ReStore
achieves up to 6.1x, 5.3%, 4.9x%, 6.0x, and 1.4x speedup compared to tLFU, tLRU,
LRFU, EXD, and TEMP, respectively. We further observe that recency-based poli-
cies, such as LRU, show a marked improvement compared to their performance on
static workloads, reflecting their adaptability to short-term changes. On the other
hand, LFU, which performs well on static workloads, struggles with workload drift
but remains competitive in less volatile scenarios. TEMP and EXD exhibit higher
robustness than LFU, with TEMP showing particular strength in more frequently
changing workloads (workload C and D), validating the effectiveness of the tempera-
ture model. The Static policy struggles under workload drift, showing the importance

of effective page migration.



153

1eg8  With Read/Write Asymmetry (a1 = 1.5, a; = 2.0, a3 =4.0)

riw  rlow 125w r50w 175w r90w  ro9w
1e8 Without Read/Write Asymmetry (&1 = a2 = a3z = 1.0)

?51.2 tLFU @8 LRFU [ Static B ReStore
g 1.0 tLRU B8 EXD m TEMP

riw r1ow 25w 50w 75w » ro0w 199w
Read/Write ratio
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3% Tier 1 and 8% Tier 2 capacity. ReStore delivers stable performance.

ReStore is Robust for Different Read/Write Ratios. We now evaluate the
robustness of ReStore and other policies as we vary the read/write ratio of the 5hf90
workload under both symmetric and asymmetric device configurations. Figure 6-11
presents the performance evaluation of different policies where the x-axis rlw-r99w,
represent workloads with 1%-99% reads. The top figure shows the total runtime on
devices with read/write asymmetry (e.g., SSDs), while the bottom shows performance
on devices without asymmetry (e.g., HDDs). As expected, Figure 6-11 shows that in
an asymmetric environment, latency increases with more writes. ReStore outperforms
other baselines across all read/write ratios, demonstrating its stability. A careful
look at both figures also show ReStore’s resiliency to device asymmetry, maintaining

stable performance across different read /write ratios, unlike other policies that exhibit
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slightly higher latency under asymmetric conditions. This robustness stems from
ReStore’s ability to account for read /write asymmetry in its decision-making, a crucial
factor in heterogeneous storage environments.

ReStore Scales with Data Size. This set of experiments demonstrates the scal-
ability of each policy as we increase the size of the 5hf90 workload by orders of
magnitude. Specifically, we increase the number of pages from 10,000 to 10 million (a
three-order magnitude increase) and the number of operations from 1 million to 100
million (a two-order magnitude increase). Figure 6-12 shows the normalized latency
of each policy relative to the Static policy. We observe that ReStore scales effectively
with data size. Specifically, its normalized latency increases slightly, from 1.03 to
1.12, as both the number of pages and operations grow significantly (first group of
bars and fourth group of bars). In contrast, LFU experience normalized latency in-
crease from 1.1 to 1.45, LRU from 1.35 to 1.55, EXD from 1.16 to 1.53, LRFU from
1.04 to 1.27, and TEMP from 1.04 to 1.28. These results highlight ReStore’s ability
to handle large-scale workloads while maintaining predictable performance.

ReStore Excels for Real-World Workloads. We evaluate ReStore and other
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to Static) under standard benchmarks and real-world traces, consis-
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policies using standard benchmarks like TPC-C [187], TPC-E [188], YCSB [205], and
Thesios [143], whose workload characteristics are detailed in Section 6.6.1. Given
the varying number of pages in these benchmarks, we use different tier capacity
settings: for TPC-C and TPC-E, the maximal capacity of Tier 1, Tier 2 and Tier
3 is 2M, 8M, and 20M pages; for Thesios, capacity of Tier 1, Tier 2 and Tier 3
is 1,000, 5,000, and 20,000 pages; for YCSB, Tier 1, Tier 2 and Tier 3 capacity
is 10M, 20M, and 70M pages. Since the number of unique pages and number of
operations differ, the runtimes vary significantly across workloads. Therefore, we
present in Figure 6-13 the normalized latency of each policy relative to the Static
policy. The figure shows that ReStore consistently outperforms other policies across
all workloads, demonstrating its effectiveness for real-world scenarios. For example,
ReStore achieves 2.3x, 2x, 2.2x, 2.1x and 1.5x lower runtime compared to tLFU,
tLRU, LRFU, EXD, and TEMP for the YCSB workload, and similarly maintains
superior performance across other workloads. We further observe that LFU performs
well for Thesios, which closely resembles our static skewed workloads. While the

performance differences between policies depend on specific trace properties, ReStore
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Table 6.6: CPU time and memory overhead of each policy.

Static tLFU tLRU LRFU EXD TEMP ReStore

CPU (us) 0.892 1.081 1.187 1.272 1.196 1.762 3.625
Memory (MB) 1.01 1.19 1.12 1.43 1.40 1.67 1.73

maintains a clear advantage by dynamically adapting to diverse workload patterns.

CPU and Memory Overhead Analysis. While ReStore achieves significant per-
formance improvements, it does so with an increased computational cost. Compared
to the Static policy, LFU and LRU require additional memory to store the frequency
or recency of each page, along with a heap to track the least frequently or least re-
cently used page. Similarly, EXD uses a heap that records the EXD score. TEMP
maintains a temperature model for each page based on the hot-cold function (dis-
cussed in Section 6.4.2), with a heap to quickly identify the coldest page. ReStore
introduces a bit more overhead due to its three RL agents (one for each tier) each
with parameters detailed in Section 6.4.2. Table 6.6 lists the average CPU time per
access and memory usage for each policy when running the 5hf90 workload. We
observe that ReStore has the highest CPU and memory usage overhead due to the
computational complexity of its RL agents. However, as shown in Figures 6-8-6-13,
the performance gains provided by ReStore far outweigh these additional CPU and

memory costs, making the overhead negligible in light of the latency improvements.

6.7 Conclusions

Data migration has consistently been recognized as a fundamental challenge in multi-
tiered storage systems. Existing methods either did not balance performance gain
and migration cost or failed to consider device-specific characteristics. Leveraging
the strengths of reinforcement learning in flexible state definitions and dynamically

adjusting policies, we present ReStore, an efficient and effective data migration so-
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lution for multi-tiered storage. Through carefully designed state variables, ReStore
considers both workload patterns, such as access frequency and recency, and storage
device properties, including read /write asymmetry and concurrency. The key benefit
of our RL formulation is that the migration policy adapts to changes in the envi-
ronment, including workload and device utilization. We demonstrate the superiority
of our approach through experiments on various workloads with different sizes and
access patterns, as well as different configurations. ReStore outperforms other base-
lines under skewed workloads, workload drift, and varying read/write ratio, while also

scaling effectively, demonstrating its strong adaptivity and robustness.
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Chapter 7

Concluding Remarks

The transition from traditional Hard Disk Drives (HDDs) to Solid-State Drives (SSDs)
has redefined modern storage, offering significantly lower latency and higher through-
put. However, existing data systems remain rooted in HDD-based assumptions, fail-
ing to harness SSD-specific properties such as read/write asymmetry and internal
parallelism. This thesis addresses this gap by investigating SSD characteristics and
integrating them into data system design, leading to optimizations that improve per-
formance and device utilization.

Chapter 2 establishes the foundation by providing an in-depth analysis of SSD
internals, explaining the origins of read/write asymmetry and internal concurrency.
It also presents our benchmarking methodology to quantify these properties across
five different SSD devices, highlighting their impact on system performance. Building
on this, Chapter 3 introduces the Parametric I/O Model (PIO), which formalizes SSD
behavior by incorporating « (asymmetry) and k (concurrency). This model enables
better storage modeling and performance prediction. We demonstrate its benefits in
terms of device utilization and provide five key guidelines for designing SSD-aware
algorithms that optimize data placement and access patterns.

Chapter 4 explores SSD-aware data management at the DBMS bufferpool level.
We propose ACE, an asymmetry- and concurrency-aware bufferpool manager that
optimally batches writes and prefetches data in parallel to amortize high asymmetric

write cost and exploit SSD concurrency. By integrating ACE into PostgreSQL with
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multiple page replacement policies, we show that it reduces query runtimes by up to
32% while maintaining comparable write overhead.

Chapter 5 focuses on graph processing, presenting CAVE, the first out-of-core
graph processing system designed to fully leverage SSD read parallelism. CAVE opti-
mizes traversal operations by carefully scheduling concurrent I/Os, allowing it to exe-
cute multiple paths and process graph elements in parallel. Evaluations demonstrate
that CAVE achieves up to an order-of-magnitude speedup over Mosaic and Grid-
Graph and up to three orders of magnitude improvement over GraphChi. Chapter 6
extends SSD-aware system design to multi-tiered storage by introducing ReStore, a
reinforcement learning-based migration policy. ReStore dynamically adapts to work-
load characteristics and device properties, significantly reducing migration overhead
and improving system responsiveness. Experimental results show that it achieves up
to 2.2x lower runtime and 10x fewer migrations compared to traditional policies.

Overall, this thesis demonstrates that a hardware-conscious approach to storage
system design can unlock the full potential of SSDs. By carefully exploiting SSD
properties, our proposed techniques enhance performance, improve resource utiliza-
tion, and system performance. As SSD technology continues to evolve, current and
future data systems and storage-intensive applications need to integrate such opti-
mizations to ensure optimal performance and resource utilization.

One promising application of this approach is LSM-trees, a widely used data struc-
ture in modern databases. LSM-trees write immutable sorted runs to disk, triggering
compaction when a level exceeds its threshold to redistribute data across the sat-
urated level and the next one. Since multiple compactions run concurrently, each
merging several sequential streams, a device-aware compaction scheduler leveraging
PIO can optimize the number and selection of compactions to maximize SSD utiliza-

tion. Another exciting direction is applying this approach to next-generation SSDs
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like SmartSSD [138] and OpenSSD [20]. These devices incorporate programmable
processing units, which can enable near-data processing techniques [135, 136, 154] to
minimize unnecessary data movement. By offloading on-the-fly transformations to
the storage device and leveraging properties like asymmetry and concurrency, end-to-
end latency can be significantly reduced. Additionally, the software stack will need
to be redesigned to take full advantage of near-storage computation, paving the way

for more efficient query processing.
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