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Leveraging Computational Storage for Power-Efficient Distributed Data Analytics
By
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Doctor of Philosophy in Electrical and Computer Engineering
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Professor Pai H. Chou, Chair

This thesis presents a family of computational storage drives (CSD) and demonstrates their perfor-
mance and power improvements due to in-storage processing (ISP) when running big-data analytics
applications. CSDs are an emerging class of solid-state drives (SSD) that are capable of running
user code while minimizing data-transfer time and energy. Applications that can benefit from
in-situ processing include distributed training, distributed inferencing, and databases. To achieve
the full advantage of the proposed ISP architecture, we propose software solutions for workload
balancing before and at runtime for training and inferencing applications. Other applications such
as sharding-based databases can readily take advantage of our ISP structure without additional
tooling. Experimental results on different capacity and form factors of CSDs show up to 3.1x
speedup in processing while reducing the energy consumption and data transfer by up to 67% and

68%, respectively, compared to regular enterprise SSDs.

Xiv



Chapter 1

Introduction

With the advent of data centers, which fuel the demand for virtually unlimited storage, it has been
estimated that 2.5 exabytes of data is being created every day [2], from text to images, music,
and videos. The deep learning revolution has given rise to running computationally intensive
algorithms on these huge amounts of data. Different technologies have been developed to support
this trend towards high storage and computation demands, and they shift the bottleneck as a result.
This work investigates one of the opportunities made possible by this shift in bottlenecks, namely

the elimination of data transfer from the storage unit to the host system for processing.

1.1 Motivation

The storage system where data originally resides plays a crucial role in the performance of data-
intensive applications. To be processed, data always needs to be read from the storage units to
the memory units of the application servers. As the size of the data increases, the role of the
storage subsystem becomes more important. Computational Storage Drive (CSD) is a class of

storage drives that can meet this growing demand by augmenting the storage drives with processing



resources while eliminating unnecessary data transmission to the host’s CPU. The main concept
that distinguishes CSDs from conventional SSDs is in-storage processing (ISP) capability. ISP
is the computing paradigm of moving computation to data storage as opposed to moving data to
compute engines. ISP is considered by some as the ultimate form of near-data processing, as it

must strike a balance between the storage and computing sides.

On the storage side, hard disk drives (HDDs) have been increasing in capacity with high reliability
and very competitive cost. However, their performance has plateaued, and their power consumption
is ultimately lower-bounded by mechanical motion. Solid state drives (SSD), which are based on
NAND-flash memory and offer better performance at lower power consumption, have not been
competitive in pricing until recently, but they are starting to find their way into data centers. The
market share of enterprise SSDs jumped from almost 0% in 2010 to 12% in 2020 and 30% in 2024
[3, 4].

On the computing side, general-purpose graphic processing units (GPGPU) have turned conven-
tional PCs into supercomputers in terms of their ability to execute parallel operations. However,
GPUs are power-hungry and are not suitable for storage systems, which now are most concerned
about the power budget, because power not only incurs significant cost, but cooling also incurs
additional costs to operate and maintain and can become another source of unreliability. As a
result, GPGPUs are not so suitable for in-storage processing. Instead, they often assume data to be
on the local computer. However, if the data resides on a storage system rather than the memory,
the communication network will become the bottleneck, as data from the storage to the processor
consumes 5000x more energy and 2500x more latency compared to loading it from the volatile

memory [5].

One growing class of applications in wide use is data analytics, including artificial intelligence and
search engines. In these applications, the processing nodes require huge volumes of raw data, and
the transfer of raw data can easily become the bottleneck in conventional architectures with separate

host and storage. In-storage processing can minimize or eliminate this bottleneck by moving part or



query  output query  output

Application server Application server
data data data/req req O"f"ta
req req output/ query query output
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Figure 1.1: Handling queries on (a) a server with generic storage systems vs. (b) a server with
CSDs.

all the computation to the storage unit and sending only the output back to the host. To support ISP,
the storage system needs to be capable of not only storage but also processing, and computational

storage drives (CSD) are being used to build servers such as that shown in Fig. 1.1.

1.2 Contributions

Our goal in this work is to enable computational storage drives to operate as a stand-alone near-data
processing engine that can run distributed processing on a cluster of CSDs. To support in-storage
processing, we have developed a custom software stack that enables CSDs to run a full-fledged
operating system (e.g., Linux) and to provide seamless access to data stored on the flash, which
in turn enables application developers to run general-purpose application binaries on the storage
drive without modification and to access the data residing on the flash. To support efficient
communication with the ISP engine, we have developed a TCP/IP-based tunneling system that is
implemented on the regular NVMe/PCle bus and allows the ISP engine to communicate with other
processing nodes and the Internet. To enable running distributed processing of deep neural network
training applications on a cluster of CSDs, we have developed Stannis, a framework to efficiently

distribute DNN training over heterogeneous nodes. To make our distributed processing setup more



robust to external workloads, we proposed HyperTune, a run-time mechanism incorporated into
Stannis to ensure that all processing nodes experience minimum stalling during neural network
training. Finally, we developed a scheduler to run general-purpose applications such as database

queries on our system. Here is a summary of contributions presented in this work:

* We have developed a software stack that enables us to run an operating system inside our

computational storage drive.

* We have developed a TCP/IP-based tunneling system on NVMe/PCle bus to communicate

between the ISP engine and other processing nodes and also the Internet.

* We have developed a framework to efficiently distribute various applications such as DNN

training over a cluster of CSDs.

1.3 Thesis Organization

The rest of this thesis is organized as follows. Chapter 2 provides background and related work on
the newly emerged data-transfer bottleneck, the concept of computational storage, computational
storage drives proposed to date, and their use in heterogeneous systems. Chapter 3 describes
the proposed CSD architecture and its design, including both hardware and software. Chapter 4
explains our developed application for efficient and robust distribution of deep neural network
training over heterogeneous systems, and Chapter 5 covers the other classes of applications that we
enhanced and deployed on CSDs. Chapter 6 evaluates our approach with experimental results on

our CSD design. Finally, Chapter 7 concludes this dissertation with directions for future work.



Chapter 2

Related Work

In conventional processing systems, data needs to be transferred closer to the processing unit,
typically a high-speed, volatile memory. This transfer of data can become a communication
bottleneck, preventing the system from getting its maximum utilization. In this chapter, we examine
the common issue of data transfer bottlenecks and how near-data processing, or in this case in storage
processing, can help remove such bottlenecks. We then go over different designs for computational
storage units and why we chose Computational Storage Drives(CSD) approach as our proposed

solution. Finally, we will go over different approaches to designing CSD.

2.1 Data Processing Systems

In this section, we conduct an in-depth analysis of the prominent technologies utilized in storage
units and their integral role within processing systems. Moreover, we investigate the various
challenges that these technologies encounter as a direct result of the increasing size and quantity of

data necessitating efficient processing.



2.1.1 Storage in processing systems

The storage system where data originally reside plays a crucial role in the performance of appli-
cations. In a cluster, the data should be read from the storage system to the memory units of the
application servers to be processed. As the size of data increases, the role of the storage system
becomes more important, since the nodes need to talk to the storage units more frequently to
fetch data and write back the results. Recently, cluster architects have considered solid-state drives
(SSDs) over hard disk drives (HDDs) as the primary storage units in modern clusters due to better

power efficiency and higher data transfer rate [6].

Solid-State Drives (SSDs) utilize NAND flash memory as the underlying storage medium, which
offers superior speed and power efficiency compared to the magnetic disks used in Hard Disk Drives
(HDDs). Consequently, SSDs are recognized as more efficient alternatives to HDDs. While SSDs
eliminate the complexities associated with physical disk management, timing, seek and rotation
mechanisms, spin up/spin down procedures, head protection, data consolidation from multiple
platters, signal processing, and error correction, they introduce new challenges including wear
leveling, block erasing, mapping strategies, and garbage collection. To effectively manage the
flash memory array, SSD controllers employ multi-core processors. Additionally, SSDs commonly
feature high-speed interfaces such as NVMe over PCle for efficient communication with the host.
The incorporation of such interfaces necessitates the inclusion of increased processing power
within SSDs. A contemporary SSD controller comprises two principal components: 1) a front-
end processing engine responsible for facilitating high-speed host interface protocols such as
NVMe/PCle [7], and 2) a back-end processing engine tasked with executing flash management
routines. These two engines communicate with each other to successfully execute the input/output

(I/0) commands received from the host.
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Figure 2.1: An Example of Modern SSD architecture

2.1.2 Scaling up Storage Systems

Webscale data center designers have been developing storage architectures that favor high-capacity
hosts, and this fact is highlighted at OpenCompute (OCP) by Microsoft Azure and Facebook calls for
up to 64 SSDs attached to each host [8]. Fig. 2.1 shows such a storage system with 64 SSDs attached
to the host. For the sake of simplicity, only the details of one SSD are demonstrated. Modern
SSDs usually contain 16 or more flash memory channels that can be utilized concurrently for flash
array I/0O operations. Considering 512 MBps bandwidth per channel, the internal bandwidth of an
SSD with 16 flash memory channels is 8 GBps. This huge bandwidth decreases to about 1 GBps
due to the complexity of the host interface software and hardware architecture. In other words, the
accumulated bandwidth of all internal channels of the 64 SSDs reaches the product of the number
of SSDs by the number of channels per SSD by 512 MBps (bandwidth of each channel), which
equals to 512 GBps. While the accumulated bandwidth of the SSDs’ external interfaces is equal to
64 (the number of SSDs) multiplied by 1 GBps (the host interface bandwidth for each SSD) which
is 64 GBps. This bandwidth further decreases as SSDs connect to the host through a PCle switch,

which typically has a standard bandwidth of 32 GBps.

Overall, the interface to the host pays a 16x bandwidth penalty compared to the aggregated internal

bandwidth of all SSDs. That is, if the internal components of the SSDs can read the entire 32 TB



of data in about one minute, the host would take 16 minutes. Additionally, in such storage systems,
data need to continuously move through the complex hardware and software stack between hosts
and storage units, which consume considerable energy and can dramatically decrease the energy
efficiency of large data centers. Hence, storage architects need to develop techniques to decrease
data movement, and in-storage processing (ISP) technology has been proposed to overcome the

aforementioned challenges by bringing the process closer to data.

2.1.3 Traditional Processing Pipeline

In the traditional CPU-centric scheme, data always move from storage devices to the CPU for
processing, and this von Neumann bottleneck is the root cause of the challenges above, especially
when many SSDs are connected to the host. ISP is a contrary approach based on the idea of
“bringing the process to data” to its ultimate boundaries, where a processing engine inside the
storage unit takes advantage of high-bandwidth and low-power internal data links and processes
data in place. In fact, “bringing the process to data” is the concept that leads to the emergence of
both ISP and distributed processing platforms such as Hadoop[9]. Later in this section, we describe

how the Hadoop platform and ISP can simultaneously work together in a cluster.

ISP minimizes the data movements in a cluster and also increases the processing horsepower of
the cluster by augmenting the whole system with power-efficient processing engines. In fact, ISP
is applicable to both HDDs and SSDs, although modern SSD architectures provide better tools
for developing such technologies. Those SSDs that can run user applications in-place are called
computational storage drives (CSDs). These storage units are augmentable processing resources,
which means they are not designed to replace the high-end processors of modern servers, but instead,
they can collaborate with the host’s CPU by providing their efficient processing horsepower to the

system.

Note that CSDs are fundamentally different from object-based storage systems, such as Seagate



Kinetic HDDs [10], which transfer data at the object level instead of the block level. The object-
based storage units can receive objects (i.e., image files) from the host, store them, and at a later
time, retrieve the objects back to the host using the object IDs. Consequently, the host does not
need to maintain metadata of the block addresses of the object. On the other hand, CSDs can run
user applications in-place without sending data to the host. There is a vast literature in this field
that proposes different CSD architectures and investigates the benefits and challenges of deploying

CSDs for running applications in-place, as to be reviewed in the Related Work section.

A while ago, when the cost of data movement was insignificant compared to the computational
cost, a centralized storage system was effective, as it also allowed other hosts to send requests to
it for fetching or writing data blocks. However, today’s data-intensive applications require large
data bandwidth to the storage system, and such huge data movements drastically increase energy
consumption. With the emergence of big data, centralized storage is no longer viable, and the
traditional approaches fall short of satisfying the demands of super-scale applications, which call
for scalable processing platforms. To answer these demands, distributed processing platforms such

as Hadoop are proposed to process data near where they reside [11].

2.1.4 Data Transfer Bottleneck

The trend towards SSDs has also brought major changes in the architecture of storage area networks
(SAN). In traditional SANs, multiple HDDs are attached to the server via SCSI or SATA, and the
servers are connected to each other via a high-speed protocol such as Fibre Channel (FC). Although
SATA with its 750 MBps bandwidth sufficed for the data transfer rate of HDDs, SATA cannot
keep up with the performance that can be extracted from contemporary NAND flash media. Newer
industry-standard protocols such as NVMe have resolved this bottleneck with not only a much
higher transfer rate but also by connecting to the CPU more directly via PCle. However, even such

advances still cannot remove those bottlenecks on the long path from the non-volatile data storage



(flash) to the processing units (CPU, GPU), which continue hindering the full utilization of data

read/write speed in storage servers.

In I/O-intensive applications such as DNN training or NLP, this bandwidth mismatch can easily
become the bottleneck of the entire operation. For example, the datasets used for training deep
neural networks are larger than the DRAM size of the computing systems by tens of orders of
magnitude; the embedding tables of an NLP application such as a recommendation engine can
exceed tens of gigabytes, much more than the typical DRAM capacity of such systems. Studies
show that even by using efficient methods such as pipelining and prefetching, up to 70% of the
training time for DNNs can be wasted on blocking I/O operations that bring the raw, unprocessed
training data to the processor. These challenges signify the importance of near-data or in-storage

processing.

2.2 Computational Storage

Computational storage architectures enable improvements in application performance or infras-
tructure efficiency or both through the integration of compute resources outside the traditional
compute-and-memory architecture. The computing resources may be either directly integrated
with storage or between the host and the storage. The goal of these architectures is to enable
parallel computation while alleviating constraints on existing computing, memory, storage, and I/O
resources. Fig. 2.2 shows different classes of computational storage, or CSx [12], where x may be

processor, drive, or array.

2.2.1 Computational Storage Processor (CSP)

A CSP is a component capable of executing one or more Computational Storage Functions (CSF)

for an associated storage system without providing persistent data storage. The CSP contains

10



Host Host
= Lo |
PCIIerus > < Pcllelbus

Computational Storage resources

Resource repository

Computational
Storage Engine (CSE)

CSEE

FDM

CSF

Computational Storage Processor

Storage
Controller

Array Control

Computational Storage resources

Resource repository

Comy

FDM

Storage I'Engine (CSE)

CSEE
CSF

Computational Storage Array

Host

o
|

PCle bus

|
[e]

Storage
Controller

Computational Storage resources

Resource repository

Computational
Storage Engine (CSE)

CSEE

FDM

CSF

Computational Storage Drive

Figure 2.2: Classes of Computational Storage Systems

11




computational storage resources (CSR) and device memory. The mechanism by which the CSP is

associated with the storage system is implementation-specific.

2.2.2 Computational Storage Drive (CSD)

A CSD is a component that can execute one or more CSFs while providing persistent data storage.
The CSD contains a storage controller, CSR, device memory, and persistent data storage. A
CSD may continue to function as a standard storage drive with existing host interfaces and drive
functions. As such, the system can have a storage controller with associated storage memory along

with storage addressable by the host through standard management and I/O interfaces.

2.2.3 Computational Storage Array (CSA)

A CSA is a storage array capable of executing one or more CSFs. As a storage array, a CSA
contains control software, which provides virtualization to storage services, storage devices, and
CSRs for the purpose of aggregating, hiding complexity, or adding new capabilities to lower-level
storage resources. The CSRs in the CSA may be centralized or distributed across CSDs or CSPs

within the array.

All CSx classes are similar in design as they all consist of the following components:

Computational storage resources (CSR), which contain a resource repository to store blocks
such as computational storage functions (CSFs) and/or computational storage engine envi-
ronments (CSEEs), a function data memory (FDM) that can be partitioned into allocated

function data memory (AFDM), and one or more computational storage engines (CSEs),
a storage controller (for CSD) or an Array Controller (for CSA),

a device memory , and
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a device storage (only for CSD and CSA).

Of these three classes, CSD is the most efficient approach for several reasons. First, it has a shorter
data path than CSP does. Second, it has finer granularity and fewer complications compared to the

CSA.

2.3 Computational Storage Drives

Computational storage drives can be structured in different ways. The computing resource may use
the existing SSD controller, a separate processing engine, or an integrated SSD+ISP engine. We

also discuss issues with accelerators such as FPGAs or GPUs.

2.3.1 Utilizing SSD Controller’s Processing Resources

The easiest way to develop a CSD is to use the processing engines already available in the SSD

[13, 14, 15, 16, 17, 18]. This subsection reviews these CSD implementations.

Lee et al. [14] implements a CSD based on the Jasmine OpenSSD Platform [19] to perform external
sorting. Since the platform has a single ARM7TDMI-S core running at up to 87.5 MHz, they use
the same processor for ISP, which yields a low performance improvement of 39%, compared with

the traditional external sorting algorithm.

RecSSD [17] proposes a near-data processing solution that improves the performance of the un-
derlying SSD storage for embedding table operations for recommendation applications. It utilizes
the internal SSD bandwidth and reduces data communication overhead between the host processor
and SSD by offloading the entire embedding table operation to the SSDs, including gather and

aggregation computations. The hardware is the commercial Cosmos+ OpenSSD evaluation plat-
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form [20] with a dual 1-GHz ARM Cortex-A9 core featuring a custom software stack on the flash
translation layer (FTL). RecSSD reduces end-to-end neural recommendation inference latency by
4x compared to off-the-shelf SSD systems at the cost of losing SSD performance, since the ISP

engine shares the same processing cores with the conventional SSD controller.

Biscuit [18] is a near-data processing framework for running applications distributed both on the
host system and the storage device. Biscuit uses two ARM R7 cores that are originally dedicated
for running conventional SSD controlling tasks. By offloading some parts of the computation to
the SSD, the overall performance improves. The original read/write functionality of an SSD cannot
be suspended because of running the user application in-place. Just like previous projects, it is
unclear how much the performance of Biscuit degrades in the case of simultaneous host I/O requests
and running user applications in-place. They also propose an innovative flow-based programming
model to offload tasks to the embedded processing engine of Biscuit dynamically, but designing

complex user applications based on the programming model is potentially time-consuming.

2.3.2 Coupling an External Processing Engine

The second approach is to couple an external processing engine with the storage drive [21, 22, 23,

24]. This subsection reviews these representative works.

Jun et al. [21] proposes a scalable architecture, code-named BlueDBM, that is a NAND-based
storage system coupled with an external FPGA accelerator. It shows up to 10-fold speedup for
running predefined tasks such as nearest-neighbor search or graph traversal, compared to a system
using no CSD. However, such systems have a drawback in design and implementation time, and
reconfigurability. Deploying an FPGA-based unit requires RTL (register-transfer level) design,
which significantly complicates the deployment of new tasks [25, 26]. Likewise, reconfiguring
an FPGA requires loading a compressed bitstream into the configuration memory, which can take

hundreds of milliseconds [27, 28, 29].
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Our early prototype, CompStor, also followed the same concept, and there was an off-chip ISP
engine attached to the main FPGA-based flash storage controller. Such a design may suffer from

low efficiency due to constantly transferring the data off-chip to the ISP engine [24].

Several research works have implemented data analytics on SmartSSD, a well-known CSD platform
that uses external FPGA as an ISP engine [30, 23, 22, 31, 32]. SmartSSD is a 4-TB NVMe storage
drive with an external FPGA as the ISP engine. Chapman et al. [23] investigated a computational
storage platform based on SmartSSD for big-data analytics. It can directly communicate with the
storage part by transferring data in P2P mode. With their software stack, it runs user binaries
without modification, making it easy to port applications. The evaluation shows that this system
can achieve 6x improvement in query times and an average of 60% lower CPU usage. However,
no power and energy results are reported, even though the FPGAs and the off-chip accelerator are
likely to be power-hungry in this setup. Just like other research works, FPGA-based ISP requires
extensive efforts to implement new applications. Moreover, this design does not represent a true
in-storage processing platform, as the data has to migrate from the SSD drive to the ISP module.

Hence, the data transfer bottleneck still persists in high-speed applications.

2.3.3 An Integrated SSD + ISP Engine

The last approach is to build an integrated ISP+SSD controller to eliminate off-chip communication
for in-storage processing. To the best of our knowledge, there are only two designs that incorporate

such integration: ScaleFlux and Catalina.

ScaleFlux [33] is an FPGA-based CSD where both the SSD controller and the ISP engine are
implemented on an FPGA. Like other FPGA-based ISPs, the critical functions that need to be

accelerated must be implemented in RTL and off-loaded onto the FPGA.

Catalina [34] is a CSD in AIC form factor that uses Xilinx’s Virtex UltraScale+ SoC to implement

15



Table 2.1: Technical Specifications of commercial CSDs.

Name Capacity SSD controller CS resource ISP engine Supp ort for Programming model
Operating systems
OpenSSD 16/ Gp | ARM7TDMIS Shared ARM7TDMI-S No bare-metal software
Jasmine[19]
OpenSSD 512 GB XC7Z045-3FFG900 Shared Dual core ARM Cortex-A9 N RTL design and
Cosmos+[20] Zynq-7000 FPGA and dual Neon DSP Co-processor ° bare-metal software
Samsung . Kintex XCKU15P .
SmartSSD[30] 4TB ASIC Dedicated UltraScale+ FPGA No RTL design
ScaleFlux[33] 8 TB FPGA Dedicated FPGA No RTL design
. Quad core ARM A53 processor . Software on Linux OS
Newport 32TB ASIC Dedicated and four Neon DSP Co-processor Ubuntu and Debian and TCP/IP networking

the ISP and SSD controller functionality. Unlike ScaleFlux, Catalina uses two ARM Cortex RS
embedded real-time processors and FPGA programmable resources for the SSD controller and

implements the ISP engine on a quad-core ARM AS53 application processor.

Our proposed solution, called Newport, takes in-storage processing a step further by utilizing a
standalone ASIC to include both the SSD controller and a dedicated ARM processor for running
general applications. To the best of our knowledge, Newport is the first and only single ASIC-
based computational storage drive controller with a multi-purpose processing engine. The ARM
processor can run Linux executables without source-code modification or recompiling. We have
also implemented a TCP/IP-based tunneling system that allows the in-storage processing engine to
connect to a network, including the Internet and other processing nodes. Table 2.1 summarizes the
technical characteristics of some of the well-known CSDs. The next section details the hardware and
software that enable our system to function both as a regular storage system and as a high-capacity

standalone processing node.

2.4 CSDs in Heterogeneous Computing Architectures

CSD is a new concept that is making its way into the data-storage market. In some ways, CSD
resembles GPU in that both are considered hardware accelerators that communicate with the main
processor through PCle. Due to the long expected lifetime, high requirements for quality of service

(QoS), and limitations in working conditions (available space, temperature, etc.) in storage servers,
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a suitable replacement for conventional SSDs in enterprise-level storage servers should fit in the
same power, size, and working-condition envelope. These constraints eliminate alternatives such
as GPU, TPU, or FPGAs to act as an accelerator in storage servers. However, what differentiates
CSDs are the ultra-low power footprint and very small computation overhead size that makes them
indistinguishable from a conventional SSD in terms of power consumption and regular operation.
Besides, sitting behind the (relatively) slow front-end interface, the ISP can have much higher-speed
access to the stored data on the flash, making it suitable and more efficient than the host to perform

low-computation, I/O-intensive applications.

Compared to FPGA platforms, our CSD design benefits from a central ASIC that hosts both the
SSD controller and the ISP engine. Although FPGA is more flexible than ASIC and can massively
parallelize an architecture, they consume considerably more power, require more silicon area, and
can work with lower frequencies and throughput [35, 36]. An FPGA platform is ideal for rapid

prototyping and engineering development, but it can never go beyond a mass-production level.

To summarize, CSD is not meant to compete with high-end GPUs or FPGAs. Instead, it introduces
a new paradigm that enhances the performance of storage systems by augmenting the host with
extra processing power at the cost of minimal overhead and by running the 1/O-intensive parts of

the process with fewer data transmissions. A comparison is shown in Fig. 2.3.

2.5 Cost Analysis

Compared with an enterprise-grade SSD based on a conventional controller, a CSD is expected to
contain additional processing resources such as a more powerful processor to efficiently run a variety
of software applications. Some types of CSD make use of FPGA-based hardware accelerators. Itis
also fair to assume that CSDs would require larger DDR memory (for the application computation)

than the conventional SSD does.
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Figure 2.3: CSD as a complementary component in a high-performance architecture.

Interestingly, the SSD bill of material (BOM) analysis [37, 38] shows that the main cost difference
between an SSD and a CSD would be marginal, given that the current SSD price is largely dominated
by the cost of NAND flash chips. The exception is for FPGA-based CSD implementations due to
the relatively high cost of FPGA devices. For example, in 2020, an enterprise-level 8-TB NVMe
SSD is priced starting at around $1,600 in the open marketplace, and the spot price of NAND flash
TLC 512-Gb chips is approximately $0.15 per GB at the time of writing this paper!. In 2024,
the same configuration cost is down to $0.04 per GB. Other costs such as DRAM, miscellaneous
components, and manufacturing costs can account for 10% to 25% of the CSD price. The amount
of additional memory will vary for different designs, but again, it is not expected to be a significant

factor in the total cost.

In this section, we analyze the cost of the most common and prevalent types of commercial CSDs

as shown in Fig. 2.4. These types of CSD designs have been actively discussed at a technical

IWhile the prices of an SSD and NAND flash devices have wide variability at any time and more over time, the
analysis provides a good big picture of the economic feasibility of CSDs. Even though NAND flash price per GB
has been continually dropping, both NAND flash density and average SSD capacity have been increasing steadily,
therefore, compensating for it when considering the cost for a CSD unit. source: https://www.dramexchange.com
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(a) FPGA as controller (b) FPGA + SSD (c) ASIC based

Figure 2.4: Commercial CSDs implementation approaches.

working group of the Storage Networking Industry Association (SNIA) [39], which was set up
in the year of 2019 to standardize device interoperability, management, and security among SSD
vendors developing a number of different technologies and approaches to CSDs. Fig. 2.4.a depicts
the FPGA-based controller approach [33]. This design provides significant flexibility thanks to
the re-programmable logic at the expense of a convoluted programming model and higher cost.
The second variant, labeled FPGA + SSD [40, 41, 33] is depicted in Fig. 2.4.b. [42] presents
very similar drawbacks from the cost point of view. Finally, Fig. 2.4.c depicts the ASIC-based

architecture represented by the Newport CSD [43].

Table 2.2 shows the estimated cost for low and high volumes of a mid-range capacity 8-TB NVMe
CSD. The costs of the main components (DRAM, FPGA, off-the-shelf SSD controller, and NAND
flash) are obtained from Website [44, 45]. When one excludes NAND flash from the BOM cost as

shown in Fig. 2.5, the ASIC-based approach turns out to be approximately 4x less costly.
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Table 2.2: 8TB Commercial CSDs cost analysis - high volume

Components FPGA as Controller Drive + FPGA ASIC Based
FPGA $800 $800 -

8TB NAND $816 $816 $816
DRAM $128 $192 $128
Passive Components $75 $75 $75
PCB $50 $50 $50
CSD ASIC Controller - - $20
SSD Controller - $15 -
Power Loss Capacitors $5 $5 $5
TOTAL $1,874 $1,953 $1,094
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2.6 Summary

This chapter discusses data-processing systems and the role of storage in their performance. As
the size of data increases, the storage system becomes more important, and scaling up storage
systems becomes more challenging. One solution for these challenges is ISP technology, which
involves a processing engine inside storage units that can process data in-place, which in return,
minimizes data movements in a cluster and increases the processing horsepower of the cluster. ISP
can be implemented using Computational Storage Drives (CSDs), which are SSDs that can run
user applications in-place and collaborate with the host’s CPU to augment their efficient processing
horsepower to the system. While utilizing the existing SSD controller is the easiest way to develop
a CSD, coupling an external processing engine provides greater performance gains. However, both
these approaches require off-chip communication for in-storage processing. The third approach,
an integrated SSD+ISP engine, eliminates this requirement and is more efficient for high-speed
applications. CSD is a suitable replacement for conventional SSDs in enterprise-level storage
servers due to its ultra low-power footprint and very small overhead size, making it indistinguishable
from a regular SSD. CSD introduces a new paradigm that enhances the performance of processing
systems by running the I/O-intensive parts of the process within storage drives, resulting in less data
transmission. The cost difference between an SSD and a CSD would be marginal, given that the
current SSD price is largely dominated by the NAND flash chips. The exception is for FPGA-based
CSD implementations due to the comparatively high cost of FPGA devices. Analyzing the cost of
the most common and prevalent types of commercial CSDs shows that the ASIC-based approach

turns out to be approximately 4x less costly when excluding NAND flash from the BOM cost.
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Chapter 3

Design of a Computational Storage Drive

This chapter demonstrates the different stages of development of the Newport family CSDs and how
the early off-chip CSD architecture led to a more mature and complete solution. First, we describe
the fundamentals of a general SSD architecture and how the computational storage concepts can
fit in this domain. Then, we present our early CSD architecture and discuss the shortcoming of
this off-chip design. In the end, we explain the detailed hardware and software architecture of the

Newport family of CSDs.

3.1 Solid State Drive

Solid-state drives (SSDs) are becoming popular both in personal computers and enterprise-level
storage systems. They deliver significantly higher performance than traditional hard disk drives
(HDDs) do. In addition, due to the lack of mechanical components, SSDs can be smaller in size and
consume less power while accommodating much higher capacity. A modern SSD is composed of
two main components: the SSD controller and the non-volatile storage media [46]. The controller

unit can be further broken down into the front-end, back-end, and central controlling units.
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Figure 3.1: Flash chip organization in a solid state drive.

3.1.1 NAND Flash Media

The structure of a flash memory chip is shown in Fig. 3.1. A NAND flash memory chip is a package
containing multiple dies. A die is the smallest unit of flash memory that can independently execute
I/O commands and report status. Each die is composed of a few planes, each of which contains
multiple blocks, where a block is the smallest erasure unit. Inside each block are multiple pages,
which are the smallest programming (writing) units. The key point in this hierarchical architecture
is the programmable unit versus the erasable unit. The NAND flash memory can be programmed
at the page level, usually, 4-16 KB, while the erase operation cannot be done on a smaller segment
than a block, which can be several MB. While the cost of SSD is higher than that of HDDs, the
difference is rapidly shrinking, thanks to new flash technologies such as Quadruple-Level Cell
(QLC) flash and the upcoming Penta-Level Cell (PLC) flash at the cost of increased bit error rate,
1.e., lower reliability. Such advancements have paved the way for the adoption of NAND flash-based

storage technology everywhere, from consumer goods to the cloud and the edge [47, 48, 49].
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3.1.2 Controller

As the brain of the SSD, the controller runs various functions to efficiently manage the NAND flash
media. Examples of such functions include garbage collection, which reclaims blocks containing
invalid data, and wear leveling, which ensures that flash blocks are erased and written evenly to
prolong the SSD life. A Flash Translation Layer (FTL) maps logical addresses to physical addresses
so that the logical view of storage is separated from the inner management of the physical memory.
A major responsibility of the controller is to handle data writes. The data cannot be overwritten on
flash memory and may only be written on the erased blocks. This means if a page within a block
should be updated, the SSD controller has to read the whole block of data, update the page content,
and write it back to an erased block. To modify the write operations, the garbage collector routine

erases the blocks during off-peak times to maintain optimal write speeds [50].

3.1.3 Front-end Interface

Protocols for transferring data between the host and the storage devices include SATA [51], SAS
[52], and NVMe over PCle [53]. SSD drives can execute multiple /O commands simultaneously
and with low latency. Among the interfaces above, NVMe is more suited for enterprise SSDs and
has impressive performance in transferring data between the SSD drives and the host. This makes
NVMe the protocol of choice for our proposed CSD architectures. The technical specification of
NVMe over PCle protocol is quite complicated and is outside the scope of this research. The rest

of this section reviews the NVMe protocol.

Peripheral Component Interconnect express (PCle) [54] is a high-speed bus standard that uses a set
of unidirectional pairs of serial and point-to-point links, called lanes. A PCle slot can have 1, 4, 8,
or 16 lanes, denoted as x1, x4, x8, and x16, respectively. The PCle protocol is composed of three
layers, namely the transaction layer, data link layer, and physical layer, and currently, there are four

generations of the PCle bus protocol. Each lane of PCle Gen 1, Gen 2, Gen 3, and Gen 4 provides a
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data bandwidth of 250, 500, 985, and 1970 MBps, respectively. PCle links can be used to connect
different peripherals to hosts, such as video cards, expansion cards, and storage units. Our proposed
CSD architectures contain a host interface based on PCle Gen 3 x4, which can provide a bandwidth

of up to 3940 MBps.

NVMe protocol uses the PCle data link to transfer data between a host and an SSD. Traditional data
transfer protocols were developed for HDDs that have just one queue for submitting I/O commands,
but they cannot sustain SSDs’ much higher bandwidth. To support SSDs’ ability to run multiple
I/O commands at the same time, MVMe provides up to 64K data transmission queues, each of

which supports up to 64K parallel I/O commands.

3.1.4 Standard Form Factors

Several industry-standard form factors for flash-based storage devices exist. While some target

commodity machines, others are designed for data centers and edge infrastructure [55].

Among all form factors, EDSFF, for Enterprise and Data Center SSD Form Factor, is the gold
standard that also takes into account the thermal condition and the harsh environment of enterprise
systems. It offers a set of flexible specifications of form factors, including E1.L, E1.S, E3.L, E3.S,
etc. The proposed CSD, Solana, is designed and manufactured for edge systems, and the E1.S form
factor has been chosen to address thermal challenges and also to provide enough room for a large
number of NAND flash chips. The width and length of Solana are 31.5 and 111.49 millimeters,
respectively. Moreover, a heat sink can be mounted on drives in E1.S form factor for passive

thermal dissipation.

The U.2 form factor is 2.5-inch and the most common for SSDs, offered in PCle (with NVMe),
SAS, or SATA interfaces. Based on capacity and interface, the 69.85 mm x 100 mm U.2 drive can

have a thickness of 7 mm or 15 mm. U.2 can be deployed in a wide range of systems, from laptops
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and desktops to enterprise storage servers. U.2 is defined as compliance with the PCI Express
SFF-8639 Module specification, instead of referencing SAS or SATA SSDs as was typically done

previously.

The M.2, formerly known as Next Generation Form Factor (NGFF), is widely used for internally
mounted SSDs. It supports PCle, SATA, and USB interfaces and comes in various widths and
lengths. It also has keying notches on the edge connector to designate various interface or PCle

lane configurations. M.2 is smaller than the typical 2.5" SSD and is typically removable.

We used our Newport controller to prototype CSD in all three form factors. Our M.2 CSD is a
Gen 3 x8 storage device with a capacity of up to 8 TB and 6 GB of onboard DRAM. Note that due
to space limitations, the size of DRAM is smaller compared to the U.2 form factor. The CSD in
E1.S form factor is similar to that in M.2, but with more PCB area and power range. It has 12 TB
of NAND flash and 6 GB of DRAM. Table 3.1 shows the specifications of our CSDs in different

form factors, and Fig. 3.4 shows the actual prototypes.

3.2 CompStor: Early off-chip CSD Solution

The first CSD that we designed and prototyped was CompStor [24] (“‘computational storage”), the
first with a dedicated quad-core application processor as the ISP engine. In this early CSD prototype,
we chose to separate the development of the conventional flash-management functionality from the
innovative ISP capabilities to avoid potential errors and extra complications. Therefore, CompStor
i1s composed of two subsystems, namely SSD subsystem and ISP engine, on separate boards that

implement the flash management routines and ISP engine, respectively.
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Figure 3.2: CompStor prototype.

3.2.1 SSD Subsystem

The conventional subsystem contains a controller, 2 GB of DRAM, and an array of flash packages.
The controller is composed of two MicroBlaze processors [56], an ECC unit, a host NVMe-over-
PCI interface, a memory controller, and a flash memory interface. All of these components are
designed and implemented in the FPGA. Among these components, the two MicroBlaze processors
are the front-end and back-end processors that run the SSD controller firmware and control the

other modules.

An internal data bus in the conventional subsystem transfers data between different components.
This data bus is attached to the ISP engine, which is responsible for running user applications.
In other words, the ISP engine is attached as an external utility to the conventional subsystem to
augment the storage unit with ISP capabilities. There is an FPGA mezzanine card (FMC) connector

[57] that provides the connection between these two subsystems. In other words, CompStor is an
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Figure 3.3: High-level architecture of Newport CSD.

off-chip computational storage solution. In addition, an Ethernet connection has been provided in
CompStor to allow for a TCP/IP connection between the ISP engine and the host. Fig. 3.2 shows

the prototype.

3.2.2 ISP Engine

The CSD controller is implemented by attaching an ISP engine via an FMC connector to the
databus that also connects the conventional subsystems. For the implementation of the conventional
subsystem, we used a Xilinx Vertex-7 2000T FPGA, while the ISP engine was implemented using
a Xilinx Zynq Ultrascale+, which is an MPSoC chip containing an FPGA together with a quad-core

64-bit ARM Cortex-A53 processor.

CompStor may be able to considerably improve the system performance and energy efficiency of
I/O- and compute-intensive applications [24], but it is limited by the off-chip data transfer. As an
ISP device, CompStor still needs to move data to/from the conventional subsystem. Although this
data transfer is less expensive than the one via a complex NVMe interface, it is off-chip, which can

incur higher latency and higher energy consumption compared to on-chip solutions.
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Table 3.1: Hardware specifications of Newport family CSDs.

Name Form factor Interface DRAM Capacity Dimensions (mm)
Newport U.2 NVMe over Gen3 PCle x4 8GB  Upto32TB 69.85x 100 x 15
Laguna M.2 NVMe over Gen3 PCle x4 4GB  Upto8TB  22.15x 110 x 3.88
Solana El1.S NVMe over Gen3 PClex4 4GB  Upto 12TB 31.5x111x5.9

3.3 Newport’s Hardware Architecture

To address the shortcomings in CompStor, we developed a more integrated, single-chip architecture
for CSD controllers. We first prototyped it on an FPGA platform called Catalina [34]; however, due
to inherent FPGA limitations, it became clear that FPGA-based CSD controllers cannot reach the
maximum potential of in-storage processing capabilities. Therefore, the next family of single-chip
ASIC-based CSD solutions, called Newport, was introduced. The Newport ASIC was designed
by NGD Systems in a 14 nm CMOS FinFET process. The EDA tools, RTL design, and layout
methodologies are mainstream for this process node. The ARM processors, PCle, DDR, embedded
SRAMs, and chip I/Os are IPs licensed by third-party IP providers. The rest of the logic was coded

in Verilog and synthesized with tools from Cadence Design Systems.

Fig. 3.3 shows the high-level architecture of the CSD. The proposed CSD is composed of three main
components, namely front-end, back-end, and ISP subsystems. The front-end (FE) and back-end
(BE) subsystems are similar to the subsystems in the off-the-shelf flash-based storage devices, i.e.,
SSDs. Table 3.1 summarizes the specifications of our three prototypes while Fig. 3.4 shows the

actual prototypes.

To manage the NAND flash modules, the BE subsystem contains three ARM Cortex-M7 processing
cores together with a fast-released buffer (FRB), an error-correction unit (ECC), and a memory
controller interface unit (MIC). The ARM Cortex-M7 cores run the flash translation layer (FTL)
processes, including logical and physical address translation, garbage collection, and wear-leveling.
The ECC unit is responsible for handling those errors in the flash memory modules. The FRB

transfers data between the MIC and other components, while MIC issues low-level I/O commands
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to NAND flash modules. These modules are organized in 16 channels, so 16 10 transfers can be

performed simultaneously.

3.3.1 Front-end

The FE is responsible for communicating with the host via the NVMe protocol. It receives the 1/0
commands from the hosts, interprets them, checks the integrity of the commands, and populates
the internal registers to notify the BE that a new I/O command has been received. The FE also
packetizes and depacketizes the data transferred to and from the host and the CSD. This subsystem

consists of a single-core ARM Cortex-M7 processor and an ASIC-based NVMe/PCle interface.

3.3.2 ISP Engine

Besides the FE and BE subsystems, there is also an ISP engine inside Newport, composed of
a quad-core ARM Cortex-A53 processor running at 1 GHz and a software stack that provides a
seamless environment for running user applications. The ISP engine has access to the shared 8 GB
memory. A full-fledged Linux OS has been ported to the ISP engine, so the ISP engine supports a
vast spectrum of programming languages and models. The ISP engine has a low-latency, power-
efficient direct link to the BE subsystem to read and write the flash memory. In other words, the data
transferred to the ISP engine bypasses the whole FE subsystem and the power-hungry NVMe/PCle

interface.

3.4 Newport Software Architecture

The ISP’s dedicated embedded processors require different software layers to provide the underlying

environment for executing various types of applications. By deploying a conventional embedded
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Linux-based operating system, we enable a compatible environment to support a wide spectrum of
applications, programming languages, and command lines without modifications. Considering the
unique architecture of our CSD, the embedded Linux is extended with our own custom features,

including device drivers, file systems, and communication paths.

3.4.1 Customized Block Device Driver

We developed a customized block device driver (CBDD) to enable access to the storage units
that are optimized to the specific on-chip communication links and protocols, which are different
from common protocols between processing units and storage devices such as PCle and SATA.
The CBDD uses a command-based mechanism to communicate with the back-end subsystem to
initiate data transfers and receive their completions. Using the scatter-gather mechanism, the back-
end subsystem handles data transfers through the DDR addresses exposed by the ISP’s operating

system.

3.4.2 Shared File System between Host and ISP

One unique feature of our CSD is that the CBDD supports file system access by the ISP applications
and the host. The ability to mount partitions inside the ISP engine and access files through file
systems makes it not only easier to port applications but also more efficient to access the data.
Moreover, there is a software layer for file system synchronization between the host and the
Newport ISP engine’s operating systems. These two operating systems can access the data stored
in the flash memory array at the file system level and concurrently mount the same storage media,
which can be problematic without a synchronization mechanism [58]. We implemented the Oracle
cluster filesystem 2" version (OCFS2) [59] between the host and the CSD. Using the OCFS2, both
the host and the ISP engine can issue flash I/O commands and mount the shared flash memory

natively and simultaneously.
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3.4.3 Communication paths

Fig. 3.5 depicts the different layers of the Newport software stack. It supports three communication

paths over the different interfaces on our CSD: flash-to-host, flash-to-ISP, and TCP/IP tunneling.

The conventional data path (shown as path “a”) is the flash-to-host interface that goes through NVMe
protocol over PCle to allow the host to access the data stored in the NAND flash memory. To do so,
our NVMe controller is capable of handling NVMe commands by responding to them appropriately

and managing data movement through communicating with our flash media controller.

Path “b” is the flash-to-ISP interface, which provides file-system-based data access to the ISP engine
through an on-chip connection. This file-system-based data-access interface is implemented by

CBDD through communication with our flash media controller. In fact, the flash media controller
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handles requests from both the ISP engine and the host.

Path “c” is for the TCP/IP tunneling over the PCle/NVMe. From the user’s point of view, it is
crucial to have a standard communication link between the host and the ISP engine. The user on
the host side can use this communication link to initiate the execution of the application inside
the ISP engine and monitor the outcome of the executions. To provide such a standard link, a
TCP/IP tunnel through the NVMe/PCle is supplied. In other words, host-side applications can
communicate with the applications running inside the CSD via a TCP/IP link. This link is also
essential for distributed-processing applications, where processes running on multiple nodes require

a TCP/IP link to communicate [60].

In addition to enabling communication between the host (and the wide-area network) and the ISP
system, this tunneling feature eliminates the need for unwieldy network setup. That is, many cables
and switches would otherwise be required to connect the many tightly assembled storage units,
which would be impractical to maintain and scale. The proposed TCP/IP tunnel uses two shared
buffers on the onboard DDR to provide the data communication. Two user-level applications, one on
the host and one on the ISP running in the background, are responsible for managing NVMe-based

data movement and encapsulating/decapsulating the TCP/IP data through NVMe packets.

3.5 Summary

This chapter provides an overview of the fundamental architecture of Solid State Drives (SSDs),
which comprises three main components: the NAND flash, the controller, and the front end. These
components are responsible for data storage, data processing and management, and the interface
between the storage device and the host system, respectively. Additionally, SSDs conform to certain

design standards and environmental factors, referred to as form factors.
Computational Storage Drives (CSDs) inherit the architecture of conventional SSDs, with the
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inclusion of extra processing subsystems along the controller unit. However, our initial prototype
of CSD, named CompStor, suffered from the drawback of data transfer between the controller unit
and the off-chip ISP engine. In the subsequent generation of CSD controllers, named Newport, the
units have been integrated to develop an ASIC-based controller, featuring an internal ISP engine that
includes one quad-core ARM Cortex-AS53 processors. The integrated ISP engine enjoys seamless
access to the NAND flash data through the shared DRAM with the controller. To ensure data
consistency between the host and the ISP, a customized block device driver has been designed.
Furthermore, the software stack enables the execution of an operating system on the ISP, as well

as direct high-speed communication between the host and the operating system running within the

CSD.

The subsequent chapter will delve into the applications that can derive substantial benefits from the

CSD design.
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Chapter 4

Distributed Training on Computational

Storage Drives

Distributed training of deep-learning models can be done efficiently on CSDs while preserving data
privacy. This section first reviews the types of parallelization applicable to deep neural networks so
they can run in a distributed environment with heterogeneous or homogeneous nodes. We propose a
framework named Stannis for distributing training workload onto a network of CSDs and a method

called Hypertune for adapting the hyperparameters for quicker convergence[61, 62, 63].

4.1 Model and Data Parallelization

Training deep neural networks (DNNs) is a computationally intensive task that requires large
amounts of data and computing resources. One practical approach to reducing the training time is
to parallelize the training task onto multiple processors. Two common methods for parallelizing

such tasks are model-parallel and data-parallel training.

Model-parallel training divides the DNN into multiple sub-networks, each of which is trained on
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Figure 4.1: Model parallel vs. data parallel [1].

a separate processor. This approach is well-suited for DNNs with large numbers of parameters,
as it can significantly reduce the memory requirements of training. However, it can be difficult to

implement model-parallel training for DNNs with complex topologies.

Data-parallel training divides the training data into multiple subsets, each of which is processed by
a separate processor. This approach is simple to implement and can be used to train DNNs with
any topology. However, it can require a large amount of communication between processors, which

can slow down the training process. Fig. 4.1 shows the architecture of both approaches.

Several well-known Al frameworks, such as Tensorflow [64], Pytorch [65], Theano [66], and
Horovod [67], have implemented distributed training of DNNs. These frameworks provide a
variety of features that make it easier to develop and deploy distributed training applications.
Despite the availability of these frameworks, distributed training of DNNs can still be challenging.
One of the main challenges is managing the communication between processors. This can be a
complex task, especially when the processors are distributed across a network. Another challenge is

ensuring that all processors have access to the same data. This can be difficult to achieve, especially

when the data is stored on a distributed file system.
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Figure 4.2: Distribution of training workload onto CSDs and host using Stannis.

Despite these challenges, distributed training of DNNs is a powerful tool that can be used to
train DNNs more quickly and efficiently. As the size and complexity of DNNs continue to grow,

distributed training will become increasingly important.

4.2 Stannis: Framework for Training NN in Storage

Inresponse to the requirements of our proposed methodology, we have developed a novel framework
called Stannis, which is based on Horovod. Stannis, which stands for System for TrAining of Neural
Networks In Storage, is designed to enable the model-parallel distribution of neural network training
on both homogeneous and heterogeneous computing systems. Although Horovod can achieve
significant speedup on homogeneous systems, it faces challenges on heterogeneous systems, where
the slowest processor becomes the bottleneck due to the need for synchronization during training.

This implies that faster processors are constrained by slower processors in the system.

To overcome Horovod’s inability to work efficiently on heterogeneous systems, Stannis employs a
workload-scaling strategy that considers transmission delay and data privacy concerns. Specifically,
Stannis addresses the challenges associated with data transmission by adjusting the workload

distribution based on the delay time incurred during data transmission. Additionally, Stannis
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incorporates a data privacy mechanism to protect the privacy of sensitive data during transmission.
By using these strategies, Stannis enables efficient neural network training on both homogeneous

and heterogeneous computing systems, improving the scalability and speed of the training process.

4.2.1 Time Equalization by Benchmarking

To ensure that all processing engines operate without stalling, Stannis adopts a strategy that seeks
to equalize processing time among all nodes by assigning different batch sizes to each processing
engine. Specifically, slower processors receive smaller batch sizes to allow them to complete
the training of each epoch within the same elapsed time as the more powerful processors. The

pseudocode for Stannis is presented in Algorithm 1.

Stannis begins by conducting a series of benchmark tests on all processing engines to evaluate
their processing speeds and determine the optimal batch size for each processor. Based on the
benchmark results, the best batch size is selected for the slowest engine a.k.a. CSD, as it has more
accumulated total processing power and a greater impact on the overall system’s performance.
Furthermore, slower engines are more sensitive to changes in batch size than the more powerful
processors. Therefore, the optimal batch size for the slowest processor is determined first, followed
by the selection of batch sizes for the more powerful processors. This approach ensures that
each processing engine operates efficiently without becoming a bottleneck in the training process,

thereby improving the overall performance of the system.

4.2.2 Batch Size Adaptation

Once the optimal batch size has been identified for the slowest processor, Stannis proceeds to
determining the best batch size for the other processing engines. This is achieved by first calculating

the time it takes for one batch to complete on the slowest processor. Then, the batch size for the
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other processing engines is increased by a fraction (%) of the time difference between the slowest
processor and each of the other processing engines, until comparable elapsed times are achieved.
Here, C is a constant that determines the magnitude of the batch size adjustments, with larger values
of C resulting in more fine-grained updates to the batch size. Additionally, Stannis accounts for the
synchronization overhead that occurs during the training process and allocates a margin of (”%) to
the final time, where E is a factor that is determined by observing the slowdown pattern that occurs
when new processing nodes are added to the system. The value of E is set to allow a fixed 20%

margin in the results. By incorporating these adjustments, Stannis ensures that the training process

operates efficiently on all processing engines while minimizing stalling and synchronization issues.

4.2.3 Data Localization

In addition to optimizing the batch size and considering synchronization overhead, Stannis also
takes into account the security of the data being processed. Specifically, Stannis assigns private data
to the local ISP engine, while public data is shared between the ISP engine and the host processor.
This approach minimizes the transmission of private data over the network and to the host, thereby

increasing the level of data protection.

The overall architecture of running Stannis on a data server is depicted in Fig. 4.2. By incorporating
these security measures, Stannis ensures that data privacy is maintained while achieving efficient

and effective neural network training on a distributed system.

4.3 HyperTune: Adaptive Scheduler for Time Equalization

HyperTune is a run-time mechanism incorporated into Stannis to ensure that all processing nodes

experience minimum stalling during distributed training! of a neural network. While Stannis

Isometimes also called federated learning (FL), though FL is not necessarily synchronized.
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Algorithm 1: Stannis’s Tuning algorithm
Input: /Pcsp, IPhost, C
OUtPUt: (BShost, BSCSD)
Function Tune (UPcsp, IPjosi, C)
for batch sizes in list of BS do
run benchmark on CSD;
update BScsp to the best one;
update timecsp;
end
Let E = margin scale ;
while (timey,,s; — timecsp) < (timecsp/E) do
BShost += BShost X (timecsp — timenos) /C ;
run benchmark on host ;
get the timenoy ;
end
return (BScsp, BShost):
End Function

attempts to allocate workload proportionally to the estimated performance of each CSD, this alone

may not guarantee equal execution time due to several factors.

For instance, processors may be time-shared with other tasks, which can reduce the available
processing time for the training session. Furthermore, although the batch size can be adjusted
based on feedback, some hysteresis must be built-in to ensure stable operation. To compensate
for workload interruption in nodes, Stannis uses the HyperTune function, which is specifically
designed to dynamically adjust the batch size and prevent stalling by redistributing workload
among processing nodes. By incorporating HyperTune, Stannis can achieve optimal performance

and minimize training time on a distributed system comprised of heterogeneous nodes.

4.3.1 Tuning Mechanisms

HyperTune is a dynamic runtime mechanism that aims to reduce the stalling of processing nodes
during the model-parallel distribution of neural-network training. The mechanism achieves this by

rescheduling the operation assigned to each node based on the availability of processing cycles.
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This is accomplished by continually measuring the local processing speed and available processing
power on each node and updating the batch size list accordingly. In cases where a node is busy,
the batch size assigned to that node is decreased, while the batch size assigned to other nodes is

increased to maintain a balance of processing power across all nodes.

When batch sizes are changed, Stannis reassigns the dataset based on the new batch size to prevent
rank stall during the training session. To achieve this, the dataset’s indexes and lengths are passed
to each node using the MPI_scatter() function. To monitor the performance of the nodes during
the training session, a monitoring session is implemented after each step within the epoch. Speed
measurements from all nodes are gathered on an arbitrary node using MPI_gather() and passed to a

decision-making function.

To make better decisions, the decision-making function receives information about the speed change
and the percentage progress of the current epoch. This information is then converted to a declining

index based on the weighted sum in Equation (4.1).

P —SP;
index; = 0.7 X & +0.3 x (

Nstep_swpi (41)
SP

N, step

In the equation, SP represents the normal speed obtained from the batchsize_to_speed() function.
SP; and step; represent the current speed and step, respectively, while N is the number of steps
per epoch. By constantly adjusting the batch sizes based on the availability of processing cycles
and monitoring the performance of the nodes during the training session, HyperTune ensures that
stalling by any processing node is minimized, thus improving the efficiency of model-parallel

distribution of neural-network training.
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4.3.2 Hysteresis in Adaptation

To ensure the stable operation of the system, a hysteresis algorithm has been implemented in
HyperTune to prevent chattering caused by glitches or mis-measurements in the processing speed.
In this algorithm, a threshold of 25% has been set for the declining index, beyond which the current
step is flagged as under-utilized, and this information is stored in a separate array. If five consecutive
under-utilization flaggings occur, the current epoch is terminated, and the batchsize_controller()

function is triggered to determine a new batch size.

The implementation of the hysteresis algorithm serves as a crucial buffer against abrupt and
transient changes in processing speed that could otherwise lead to unstable system operation.
Specifically, the algorithm sets a threshold for the declining index and requires a certain number of
consecutive under-utilization flaggings before triggering the batchsize_controller() function. This
approach enables the system to respond to genuine changes in processing speed while ignoring

minor fluctuations that could lead to unnecessary batch size adjustments.

By requiring a certain number of consecutive under-utilization flaggings, the algorithm effectively
reduces the impact of chattering, which is the rapid switching between two states due to noise or
other sources of disturbances. This is particularly important in the context of batch size adjustments,
as frequent and abrupt changes to the batch sizes can destabilize the training process, leading to

poor performance and longer convergence times.

Overall, the hysteresis algorithm contributes to the stability and efficiency of the system by providing

a robust and reliable mechanism for adjusting batch sizes based on changes in processing speed.

Initially, we attempted to utilize the inverse of the batchsize_to_speed() function acquired from
the tuning phase to determine the new batch size based on the current processing speed of the
interrupted node. However, after conducting evaluations, we discovered non-negligible errors that

had the potential to deteriorate system performance.
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As a second approach, we opted to use a weighted averaging method from the closest values to the

present speed. The new batch size calculation is derived from Equation (4.2):

SP; —SP, SP,41 —SP;
BS; =BSy X———— +BSps1 Xm0 4.2
SPn+1 —SPn + SPn+1 _SPn ( )

where BS; is the new optimal batch size, SP; is the current speed between SP, and SP,.+, and BS,

and BS,; are the batch sizes corresponding to SP, and SP,.

Another approach, which provides nearly the same results without imposing additional processing
costs, is to monitor the CPU usage of the training session on each node. We implemented a sliding
window to keep track of the CPU usage for the last ten steps. The new batch size is proportional
to the average of the last five steps (the second half of the sliding window) with the declined CPU
usage and the normal CPU usage (stored in the first half of the sliding window). The window size
should be sufficiently large to disregard possible glitches but not excessively large, so it can detect

the utilization decline pattern.

4.3.3 Hyperparameter Tuning

It should be noted that various parameters, including the size of the sliding window and the margin
for speed decline detection, are of an experimental nature and are subject to adjustments based
on the desired level of precision. An advantage of employing CPU utilization as a measure of
performance is that the system can increase the batch size when additional processing cycles are
at hand. This is particularly beneficial, as the training session can reclaim the resources that
were previously occupied, thereby boosting overall performance. In contrast, the speed-monitoring

approach is unable to detect the availability of extra processing cycles.

To counteract the overall performance decline caused by node interruption, Stannis rapidly mon-

itors the performance and updates the hyperparameters, thereby assigning a larger portion of the
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processing load to the free nodes. However, this approach raises a concern that by terminating the
epoch prematurely, the network might miss some of the data in the training process, and multiple
occurrences of such terminations might result in complete data loss for that portion of the dataset.
To address this concern, the shuffle function is utilized when creating the input batch of the data.
This function ensures that the data that is assigned to the batch is randomized, which statistically
makes it very likely that all input data will undergo training after a sufficient number of epochs.
By using the shuffle function, the network can overcome the challenge of epoch termination and

reduce the likelihood of data loss.

Another potential issue that arises when dynamically adjusting the batch size is the impact on the
convergence of the training process. To alleviate this concern, it is important to restrict the range
of batch-size changes to ensure that the optimization process can still converge effectively. In
addition to batch size, careful design of the model’s architecture and dynamic selection of other
hyperparameters, such as the learning rate, can also contribute to better convergence rates and

higher achieved accuracy.

For instance, in a recent study on spatio-temporal forecasting, [68] found that dynamic selection
of hyperparameters, including batch size and learning rate, could significantly improve the perfor-
mance of deep-learning models. Specifically, they proposed a decision-making function to adjust
the learning rate in real time based on the training progress and the model’s accuracy. This approach
could lead to more stable convergence and faster optimization of the model’s parameters. Future
work could extend this approach to also consider the dynamic adjustment of batch size based on

the available processing resources and the training progress.

45



4.4 Training of Large Language Models (LLM) on CSD

Large Language Models (LLMs) represent a groundbreaking advancement in artificial intelligence
(AI) and natural language processing (NLP), transforming the landscape of human-machine in-
teraction and language-related tasks. These models, such as OpenAl’s GPT series and Google’s
BERT, are characterized by their massive scale, containing billions or even trillions of parameters
[69]. At their core, LLMs are built upon transformer architectures [70], which have revolutionized
NLP by enabling models to handle long-range dependencies in text efficiently. The transformer
architecture employs self-attention mechanisms that allow the model to weigh the importance of
different words in a sentence, capturing contextual information and relationships between words
[70]. This architectural innovation has been instrumental in enabling LLMs to learn intricate

linguistic patterns and nuances from vast amounts of text data.

LLMs undergo extensive training on massive datasets comprising billions or even trillions of words
to learn the structure, semantics, and patterns of human language [71]. This unsupervised learning
process equips LLLMs with the ability to generate coherent and contextually relevant text, making
them invaluable tools for a wide range of NLP tasks, including machine translation, text summariza-
tion, sentiment analysis, and chatbots [69]. The applications of LLMs span across diverse domains,
showcasing their versatility and potential impact on various industries. In healthcare, LLMs can
assist in analyzing medical literature and patient data, aiding in diagnosis and treatment planning
[72]. In finance, LLMs can be utilized for sentiment analysis to gauge market trends and predict
financial outcomes. Moreover, they power chatbots and virtual assistants, enhancing customer
service and user experience, while also serving as content generation tools in entertainment and

media [73].

Despite their impressive capabilities, LLLMs face significant challenges, especially when it comes to
computational resource limitations, memory constraints, communication overhead, and integration

complexity. These challenges are particularly evident when considering the use of Computa-

46



tional Storage Drives (CSDs) for LLM training. One major challenge of using CSDs for LLM
training is their limited computational resources compared to dedicated compute nodes with high-
performance CPUs or GPUs [74]. LLM training involves extensive matrix multiplications and
complex operations that may overwhelm CSDs, leading to slower training and suboptimal perfor-
mance. Additionally, the parallelism crucial for efficient LLM training might be constrained by
the limited processing power of individual CSDs, hindering scalability and distributed computing

capabilities.

Beyond limited computational power, CSDs often have restricted onboard memory compared
to traditional compute nodes. LLMs with millions or billions of parameters require significant
memory to store model parameters and training data. The limited memory capacity of CSDs
might hinder the efficient storage and manipulation of LLLM components, creating performance
bottlenecks and potentially compromising training quality. Furthermore, communication between
CSDs to exchange data and synchronize computations can exacerbate memory constraints, further

impacting training efficiency.

In distributed training scenarios using multiple CSDs, communication overhead between storage
devices becomes a significant bottleneck [75]. Coordinating data exchange and synchronization
among distributed CSDs introduces latency and increases training time, diminishing the potential
benefits of parallel processing. The need to transfer large volumes of data during training, espe-
cially when parameters or data are distributed across multiple devices, exacerbates communication

overhead.

Integrating LLM training algorithms with CSD architectures introduces additional complexity in
software and hardware design. Ensuring compatibility and optimizing performance across diverse
storage and computational platforms requires specialized expertise and incurs development over-
head. Additionally, adapting existing LLM training frameworks and algorithms to leverage CSDs
effectively may necessitate significant modifications, potentially disrupting established workflows

and introducing new challenges.
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While Computational Storage Drives offer intriguing possibilities for accelerating various computa-
tional tasks, including neural network training, their suitability for Large Language Model training
remains limited [76]. The combination of limited computational resources, memory constraints,
communication overhead, and integration complexity make CSDs less effective for efficiently train-
ing LLMs compared to dedicated compute infrastructure. As LLMs continue to evolve and grow
in complexity, alternative approaches leveraging specialized hardware architectures and dedicated

computational resources are likely to remain the preferred choice for efficient and scalable training.

4.5 Summary

This chapter presents our software solution, Stannis, for the efficient distribution of deep-learning
models across multiple processing nodes such as Computational Storage Drives (CSDs). Stannis
aims to optimize the performance of distributed deep learning by dynamically assigning workloads
to CSDs based on their processing capabilities. In particular, Stannis strives to balance the
processing time of each step to minimize synchronization wait time and assigns private data to

local processors to preserve data privacy.

Moreover, Stannis employs a performance-monitoring function called HyperTune to mitigate the
impact of any external interrupt on the training process. HyperTune dynamically monitors the
system’s performance during training and reallocates workloads among the processing nodes if
necessary, ensuring that the training process continues with minimal impact. Through HyperTune,
Stannis can achieve efficient and robust distributed training of deep-learning models on CSDs.
However, despite Stannis’ capabilities in distributing various models, the limitations in compu-
tational resources, memory, communication overhead, and integration complexity make training
large language models (LL.Ms) on CSDs less effective compared to dedicated computing infras-
tructure. As LLM complexity grows, specialized hardware and dedicated computational resources

will likely remain the preferred choice for efficient and scalable training.
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The next chapter discusses other potential applications of CSDs to highlight the benefits of using
CSDs in these scenarios. Specifically, we explore how CSDs can be utilized to reduce the data

movement and communication overheads involved in communication-intensive applications.

49



Chapter 5

Applications

This chapter presents the various applications utilized to evaluate the potential of the CSD frame-
work in data analytics. Apart from the distributed training of deep learning models, as discussed
in the previous chapter, we conducted benchmarking tests on additional applications, such as

distributed inferencing, database lookup, and search and analytics engines.

5.1 Distributed Inferencing for Natural Language Processing

Distributed inferencing refers to the process of distributing the computational load for inference
tasks among multiple nodes in a network. Unlike distributed training (Chapter 4), which involves
updating the parameters of the model based on feedback, distributed inferencing is a simpler process
that does not require closed-loop feedback. It can be performed using either model-parallel or data-
parallel schemes, both of which are designed to improve overall performance. On the other hand,
Natural Language Processing (NLP) is a class of applications that lends itself well to parallelization,
given the high workload demands of NLP services such as speech-to-text converters, text auto-

correction, content recommendation, and filtering. These services are widely used in various
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domains, from automated call centers and search engines to voice assistants such as Apple Siri and
Amazon Alexa. Scalability is a crucial requirement for such services to handle the ever-increasing
number of queries in a timely manner. For instance, Google’s search engine processes an average
of 63,000 search queries per second, and Netflix uses 1,300 recommendation clusters based on
user preferences to filter over 3,000 titles at a time[77, 78]. The efficient handling of these queries
necessitates advanced algorithms and powerful hardware. The importance of NLP services is
underscored by the increasing amount of data available in the form of text and speech. Such data
is generated by social media, web content, and other digital sources. The exponential growth of
data coupled with the need for real-time processing creates a pressing demand for scalable and
efficient NLP solutions. Parallelization techniques can help meet these requirements by dividing
the computational load among multiple computing nodes, thus speeding up the processing time.
Additionally, the availability of distributed hardware architectures such as clusters and Cloud
Computing provides an opportunity to leverage distributed computing to meet the high demands

of NLP services.

As such, the use of parallelization techniques to enable efficient and scalable NLP services is an
active area of research. Researchers are developing parallel algorithms and models to handle large-
scale NLP tasks, such as language modeling, machine translation, and sentiment analysis. The use
of hardware accelerators such as Graphics Processing Units (GPUs) and Field-Programmable Gate
Arrays (FPGAs) is also gaining popularity as they can significantly speed up NLP tasks. Overall,
parallelization techniques hold the promise of enabling the efficient and scalable processing of the

vast amounts of natural language data generated by various digital sources.[77, 78].

NLP applications often require large models of up to tens of gigabytes, resulting in high 1/O
intensity. As a consequence, there is a need for frequent loading and swapping between the main
memory (DRAM) and disk, leading to extended latency and increased energy consumption during
data transfer between storage and the host. The size of the model is largely dominated by embedding

tables or layers that contain several parameters that describe each entry. In most cases, determining
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the final answer to a query involves dispatching the processing on the neighboring node closest
to the input data. NLP applications typically require preprocessing, which includes tokenization
(breaking down the text into smaller semantic units), word tagging (assigning parts of speech to
words), stemming or lemmatization (standardizing words by reducing them to their root forms), and
stop-word removals (filtering out common words that add little or no unique information) such as

prepositions and articles (“at”, “to”, “a”, “the”).

In light of these factors, we posit that in-storage processing can significantly enhance the perfor-
mance of NLP and many other applications with similar characteristics by employing model-parallel
and data-parallel schemes. In the model-parallel approach, in-storage processing is used to partially
process the data residing on the flash before sending it to other nodes, such as the host CPU or GPU,
for further processing. This technique is particularly useful for neural network applications that
require preprocessing of the raw input data. Additionally, it improves the performance of neural
networks that saturate a system’s DRAM with large embedding tables, requiring high I/O intensity
but relatively low computation. This model has been successfully implemented in Facebook’s
deep learning recommendation model (DLRM) project [79], where enormous embedding tables
exceeding tens or hundreds of gigabytes are processed on specific nodes, and only the output is sent

to the upper nodes for the remaining processing.

In NLP application use cases, CSDs can be used both in model-parallel and data-parallel scheme.
In the model-parallel method, in-storage processing can be leveraged by CSD to partially process
data that resides on the flash before transmitting it to other nodes, such as the host CPU or GPU, for
further processing. This technique is especially useful for neural network applications that require
preprocessing of the raw input data. Furthermore, it improves the performance of neural networks
that saturate the system’s DRAM with large embedding tables, which necessitate high I/O intensity
but involve relatively small computation. [79, 80, 81]. In the data-parallel method, each processing
node is responsible for running the entire model on its local input data before sending it back to the

supervising node. For this application, we have deployed a data-parallel scheme to maximize the
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benefits of in-storage processing.

It should be noted that the use case of in-storage processing is not limited to NLP applications. ISP
presents a universal solution for enhancing system performance across any application that may
be executed in parallel. The next section will describe a general approach to run a spectrum of

applications on CSDs.

5.2 Query Scheduler for Workload Distribution

In order to effectively distribute the processing tasks between the host system and the CSDs
with minimal overhead, we have developed a scheduler that can distribute applications across
multiple nodes. This scheduler is based on MPI and was implemented in the Python programming
language. It has the capability to redirect requests or queries to available nodes. The pseudocode

of the scheduler is presented in Algorithm 2 [82].

The scheduling process commences by executing the tuning algorithm, which is a reduced-scale
version of the application, on the CSD. The objective of this algorithm is to determine the most
appropriate batch size, in terms of query-processing speed. As the batch size increases, the latency
of processing each query generally increases, while the overall processing speed increases until
communication becomes the new limiting factor. Therefore, the optimal batch size is selected by
finding the smallest batch size that yields a processing speed closest to the maximum. This is
achieved by comparing the speedup for each new batch test, and the tuning process concludes when
the difference is less than a predefined constant, referred to as margin. If the difference exceeds

this threshold, the largest batch size is selected.

Subsequently, the same test is conducted on the host to identify its optimal batch size. The
scheduler’s critical parameters are the two optimal batch sizes for the host and the CSDs, as well as

the batch ratio (BR), which is the ratio between the two batch sizes. The BR is determined based
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on the difference in processing performance in a heterogeneous system, and it is used in subsequent
runs. Since the host’s CPU (Xeon) is more powerful than that of the CSD (ARM AS53), the BR
is significantly large, typically ranging from 20 to 30, as observed in our experiments. Any BR
other than the optimal BR results in the under-utilization of the system. Employing the BR reduces
the scheduler’s workload, decreases scheduling overhead, and enables larger chunks of data to be

processed at a time, thereby enhancing the host’s performance.

After determining the optimal batch sizes, each node is assigned one batch of queries to process,
and upon completion, the node sends an acknowledgment (ack) to the scheduler, which also acts
as a request for the next batch. The scheduler operates in a separate thread on the host, waking
up every 0.2 seconds to check for a new completion message from the working nodes. By putting
the scheduler to sleep, the thread frees the host processor, thus increasing the available processing
capacity. The shared-disk file system employed in our setup is the Oracle Cluster File System 2
(OCFS2), which enables both the host and the ISP to access the same shared data stored on flash.
Consequently, the scheduler transmits only data indexes or addresses to the ISP engine, thereby
considerably reducing communication overhead and eliminating one of the primary bottlenecks
in parallel systems. Additionally, this method enhances the read/write speed, as all nodes access
the data at a much higher speed when communicating directly with the flash. In contrast, the
data access speed over TCP/IP is typically in the range of 10s of MBps, whereas the host and ISP

engine’s data access speed is on the order of GBps[83].

5.3 Database Applications

In the subsequent section, we will discuss the advantageous aspects of employing CSD within the
context of database applications. Specifically, we will utilize MongoDB as an illustrative example
of a prominent database application, discussing both its merits and demerits, while highlighting the

potential enhancements that can be achieved through the integration of CSD, thereby optimizing
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Algorithm 2: Query scheduler for distributed inferencing

Function TuneBS(Q):

for bs in range of BAaTCHSIZE for CSD do

run benchmark on CSD;

if speed .y rent — speed -sp > MARGIN then
update BScsp to bs;

update speed gy to speed. . irents

end

end

or bs in range of BATCHSIZE for Host do
run benchmark on Host;

if speed. rrens — Speedpyss > MARGIN then
update BSpo to bs;

update speedy, . to speed yrent;

iy

end

end
let BR = BSHost/BScsp;
save BR for future use;
return (BScsp, BShost);
End Function
Function Query scheduler(UPcsp, IPpos:, Dataset):
run TuneBS();
run the main application;
while dataset left do
wake up every 0.2 seconds;
if completion message from any node then
‘ send indexes for the next query batch to the node;
end
end
End Function
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its overall performance.

5.3.1 MongoDB

MongoDB is a widely used document-oriented database management system that was introduced in
2009. It is regarded as a next-generation database system that belongs to the NoSQL category[84].
The system was developed to address the scalability issues that relational databases experience when
handling large amounts of data, which is typical of modern applications. While relational databases
are efficient at processing small amounts of data, they struggle with data-intensive applications such

as big data, IoT, machine learning, social media, and multimedia.

MongoDB’s approach to data storage involves the use of dynamic schemas for JSON-like docu-
ments, stored in the BSON format. The system is renowned for its flexibility, speed, power, and
ease of use [85], making it an attractive option for many applications. High availability and scaling

are two of the primary challenges that databases often face.

To address these challenges, MongoDB offers several features. For instance, it provides built-in
support for horizontal scaling and automatic sharding, enabling the system to distribute data across
multiple servers. Additionally, MongoDB employs a distributed architecture, which replicates
data across multiple nodes to ensure high availability. The system supports automatic failover,
where a primary node fails, and a secondary node automatically takes over to minimize downtime.
MongoDB also offers features like data compression, indexing, and aggregation for faster processing

of large data sets.

Despite its advantages, MongoDB also faces some challenges, such as data consistency, security,
and reliability. As a document-oriented database, it lacks ACID compliance, which means that
it may not always ensure data consistency. MongoDB also requires additional configurations to

ensure security and reliability. Nevertheless, MongoDB remains a popular choice for many modern
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applications that require fast, scalable, and flexible data storage solutions.

5.3.2 Sharding for Scalability

Sharding is a well-established technique for scaling databases, which involves partitioning a
database into multiple database chunks, known as shards, and storing them on separate storage
drives. Database scaling can be achieved through two methods, namely vertical and horizontal
scaling. The vertical scaling method involves upgrading the capabilities of individual servers, such
as increasing computing power and memory. However, upgrading server components requires a
significant amount of effort and is not always feasible for rapid scaling. In contrast, horizontal
scaling distributes large data sets across multiple servers, providing a more practical and scalable
approach to database scaling. The fundamental principle underlying horizontal scaling is parallel

processing, which is key to achieving high levels of database scalability.

Horizontal scaling offers several benefits over vertical scaling, including improved fault tolerance,
higher availability, and increased processing power. By distributing data across multiple servers,
horizontal scaling enhances the ability of databases to handle massive volumes of data while
improving the overall performance of the system. Additionally, horizontal scaling can be achieved
using commodity hardware, which is less expensive than specialized hardware required for vertical

scaling.

However, sharding can also present some challenges, such as managing shard distribution, main-
taining data consistency, and ensuring fault tolerance. These challenges can be addressed through
the careful design and implementation of sharding strategies, such as using data replication, load

balancing, and consistent hashing algorithms.

Overall, horizontal scaling through sharding is an effective technique for scaling databases and han-

dling massive data sets. The technique provides a practical and cost-effective approach to database
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scalability, with the potential to improve system performance, reliability, and fault tolerance.

MongoDB offers the capability to shard data across multiple storage drives, which enables the
system to leverage the efficiency and performance of parallel dynamics. MongoDB distributes the
shards across multiple servers. By doing so, MongoDB can take advantage of parallel processing,
which is crucial for enhancing the scalability of databases. The number of shards per server
corresponds to the number of available storage drives. For instance, a 1U server that has 32 8-TB
CSDs can create up to 32 shards with a total of 128 processing cores. This provides an opportunity

to generate a node from each CSD while offering a colossal integrated capacity of 256 TB.

As illustrated in Fig. 5.1, a sharding scenario can be established for a host and nine NGD CSDs. This
example demonstrates how the sharding technique can be applied to improve the performance and
scalability of a MongoDB-based system. The host and CSDs communicate through a shared-disk
file system, allowing the nodes to access the same data stored on the flash memory. By distributing
the data across multiple drives, the sharding process significantly enhances the processing capacity
and efficiency of the system. Moreover, the parallel processing capabilities provided by sharding
enable the database to handle larger data sets and support a more extensive range of data-intensive

applications.

5.3.3 Replication for Availability

In MongoDB, replica sets play a vital role in ensuring data redundancy and high availability. High
availability refers to the capability of a system to remain operational and provide uninterrupted
service in the face of various failures. To achieve high availability, MongoDB provides multiple

copies of data on different database servers, known as replica sets.

In the event of a primary-node failure, eligible secondary nodes participate in an election process to

select a new primary node. This process ensures that the system can operate continuously without
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Figure 5.1: A sharding scenario for a host and N CSDs.

any downtime for extended periods. Replication offers fault tolerance against a single database

server loss and enhances data reliability.

For this application, CSDs offer in-storage processing capability, which allows for horizontal
scaling and high availability in a single machine. As depicted in Fig. 5.2, using two CSDs can
emulate a data-storage server within another storage server, thereby reducing the number of server
deployments from three down to only one. This approach significantly reduces resource utilization

for each cluster, while the use of multiple replicas per storage server maximizes redundancy.

5.3.4 Sharding and Replication

Sharding and replication are considered to be the most effective configurations for enhancing
performance and ensuring data security. Traditionally, the use of two storage servers per replica set
and one or more servers per shard was necessary to facilitate these functions. However, with the

introduction of CSDs, this requirement is no longer applicable, and it is now possible to configure
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Figure 5.2: Data storage servers can be substituted by CSDs in replication mode.

either or both functionality into a single server. By utilizing a single storage server with multiple
shards, the data center’s physical footprint and overall cost can be reduced, while providing better
performance per host and lower replication latency. Fig. 5.3 illustrates a sharding and replication

scenario that employs CSDs and has three shards and two replicas for each shard.

5.4 Summary

In this chapter, we discussed several applications that can greatly benefit from distributed, near-data
processing on a group of CSDs. A common feature of all these application is that they are more
communication-intensive, rather than compute-intensive. This feature aligns well with the CSD
concept, as CSDs have a great advantage on the /O communication side, while lacking powerful

processing capabilities.

Given NLP inferencing as an example, many NLP applications require huge I/O transfers along
with a small computation to generate output. Our solution is to run the NLP inferencing on CSD

with higher I/0O speed and lower processing power, rather than transferring large tables of data to
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through a (relatively) slow transmission channel and to a powerful processor on the host, where the

high processing power might not be useful.

Another example of applications that can benefit from CSD design is the database management
applications such as MongoDB. CSD enables running database management agents inside the
storage drive, enabling each CSD to respond to the queries on their own and directly provide the
data to the requesting party. In the next chapter, we will see these applications in action and examine

how eflicient CSDs can be in an orchestrated environment.
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Chapter 6

Experimental Results

In this chapter, we review our hardware setup and how we prepared our experiments to benchmark
both the CSDs and our developed applications. We start by briefly explaining the server units
we used for different tests, along with their hardware and software specs. Then, we presentf
the experiment design and the measured results and investigate the effect of CSD on the overall

performance of the system.

6.1 System Setup

To evaluate our CSD designs, we choose three data servers that support all three form factors. All

servers run the Ubuntu 18.04.6 operating system.

6.1.1 U.2 Form Factor

For the U.2 form factor, we use an AIC 2U-FB201-LX server with an Intel Xeon Silver 4108 CPU

with 32 GB of DRAM and 24 Newport CSDs, each with 32 TB of flash memory, making a 2U-class
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Figure 6.1: A data storage server with 36 Laguna CSD in M.2 form factor.

storage server with a total capacity of 768 TB. A second AIC server with an Intel Xeon Gold 6240

CPU and 96 GB of DRAM is used to evaluate the database benchmarks.

6.1.2 M.2 Form Factor

For the M.2 form factor, we choose a FlacheSAN1N36M-UN server equipped with the same Intel
Xeon Silver 4108 CPU and 64 GB of DRAM. We put 36 Laguna CSDs, each with 8 TB capacity

on the server to make a 1U class server with 288 TB storage capacity, as shown in Fig. 6.1.

6.1.3 E1.S Form Factor

For the E1.S form factor, we use an AIC FB128-LX equipped with the same Intel Xeon Silver 4108
CPU running at 2.1 GHz and 64 GB of DRAM. This server can support up to 36 E1.S drives in
the front bay, 12 TB each, for a total capacity of 432 TB on a 1U class server. Table 6.1 shows the

overall spec of the system setup for running the tests.

To measure the power and energy consumption for each test, we use an HPM-100A power meter

that sits between the power plug and the server and measures the power consumption of the entire
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Table 6.1: Specifications of the servers used for the experiments.

Brand Model Storage bay CPU DRAM Dimensions Max storage capacity
AIC 2U-FB201-LX 24 x U.2 Intel Xeon Silver 4108 32 GB  41.3"x23.4"x12.5" 24x32TB =768 TB
AIC 2U-FB201-LX 24 x U.2 Intel Xeon Gold 6240 96 GB  41.3"x23.4"x12.5" 24x32TB =768 TB
AIC FB128-LX 36 X E1.S Intel Xeon Silver 4108 64 GB  31.5"x17.2"x1.7" 36x12TB =432TB

EchoStreams FlacheSANIN36M-UN 36 x M.2 Intel Xeon Silver 4108 64 GB  27.5"x19"x1.75" 36x8 TB = 288 TB

system, including the power of the host processor unit, the storage systems, and peripherals such as
the cooling system. Since there is no comparable storage drive on the market with similar capacity
and form factor, in all tests except one, we choose the baseline test system to be the server with the

same CSD drives but with the ISP engines disabled, acting solely as a storage drive.

6.2 Distributed Training

In this section, we conduct a comprehensive evaluation of both our hardware infrastructure and
software framework employed in the distributed training paradigm. We will focus on benchmarking
the performance enhancements derived from the deployment of CSDs, examining their impact on

the speed and energy consumption aspects of the system.

6.2.1 Stannis

To evaluate Stannis, we use a dataset of 72,000 images as public data and 12000 images as private
data distributed over 24 Newport CSDs. We choose MobileNetV2 with 3.47 million parameters and
56 million multiply-and-accumulate (MAC) operations as our main neural network. To compare
the speedup on different neural networks, we run the same test for NASNet, InceptionV3, and
SqueezeNet. The only concern in choosing a network and the batch size is the available DRAM on
the systems. A large batch size on big networks can saturate the DRAM and thus stall the entire
training process. The 6 GB DRAM on Newport has proved sufficient for most of the test cases.

The solution to DRAM saturation is to choose a smaller batch size. Since the processing speed
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Table 6.2: Parameter tuning from algorithm 1

batch size speed (img/sec)

Network Param Flop MAC Host / CSD Host / CSD
MobilenetV2 3.47M  7.16M  56M 315725 31.05/3.08
NASNet 53M  10.74M  564M  325/15 47.31/2.80

InceptionV3  23.83M 47.82M 5.72G 370/ 16 30.80/1.85
squeezenet 1.25M  246M 861M 850/50 219.0/16.3

converges beyond a certain batch size, this reduction in batch size would not affect the processing
speed. For instance, the speed for MobileNetV2 on Newport is about 3 images per second for all
batch sizes greater than 16. This happens as a result of the full utilization of the processing engine

when the task becomes computation-intensive rather than communication-intensive.

Stannis first determines the optimal batch size for the host and the CSDs by running the tuning
algorithm for each network. The tuning results are presented in Table 6.2. After tuning, it runs the

main training session on different numbers of CSDs.

Fig. 6.2 shows the processing speed for different numbers of CSDs for each network training
session. There is a slowdown in all processing nodes in distributed training mode, which is due
to partial stalls when nodes are synchronizing the parameters. The slowdown pace fades out, and
the individual node’s performance converges to a certain speed after the number of nodes grows
beyond 5-6 devices. The relative speedup for different networks is also shown in Fig. 6.3. The
measurements show that smaller networks get better speedup than the larger ones do, because the
more parameters to update, the more time it takes to synchronize the nodes. Another important
parameter is the number of MACs. As Fig. 6.3 shows, SqueezeNet (2.46M Flops) gets less speedup

compared to MobileNetV2 (7.16M Flops), because it has 15X more MACs.

It is difficult to compare the power consumption of our server and a similar setup, but with a
non-CSD drive, as there is no equivalent product with the same storage capacity in the market.
The closest product to Newport that we could find was the 11-TB Micron MTFDHAL11TATCW-

1AR1ZAB SSD. We evaluate the power consumption of an AIC server with 24 11-TB Micron SSDs
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Speedup

Table 6.3: Energy consumption of distributed training using Stannis

Number of CSDs 0 4 8 16 24

Energy per image (J) 13.10  8.30 6.84 5.05 4.02
Energy saving (%) 0% 37% 48% 62% 69%

FLOPS per watt 5.87M 7.05M 8.18M 10.37M 12.26M
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Figure 6.3: Normalized results of distributed training for different NNs.

against the same system with 24 32-TB Newport CSDs. Table 6.3 shows the energy per processed
image for MobileNetV2. Measurements show up to 69% saving in energy per processed image and

2x Flops per watt with 24 Newport CSDs compared to a system with no CSD. We skip the results

for other networks since the measurements are almost identical.

6.2.2 HyperTune

To evaluate the HyperTune algorithm, we run a training session on three similar nodes (AIC
2U-FB201-LX servers) in terms of processing performance, as similar processing performance

highlights the significance of HyperTune. We choose to run the tests on the MobileNetV2 neural
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network, with 300,000 images as the input to the system. We simulate external workloads using the
Gzip compression application, which enables the desired number of cores on the processors to be
occupied. Without loss of generality, we also generate interrupts to one node at a time to facilitate
the experimental procedure: since the master node collects the interrupt reports from all nodes, it

can easily detect if the slowdown is due to the local workload or an external node.

Similar to the previous experiment, Stannis starts by finding the best batch size for each node, which
is 180 for all three nodes, since they all use the same Intel Xeon processor. Then, in two separate
steps on separate nodes, we set Gzip to occupy 4 and 6 cores out of 8 cores and monitor the speed
change. We define the performance as the average number of processed images per second for the
training. As Fig. 6.4 shows, the overall processing speed of the three nodes during the test is 93.4
images/sec in normal operation mode. As the workload increases, the speed drops to 75.6 and
53.3 images/sec for 50% and 75% external workloads, respectively. These speeds remain nearly
constant as long as the workload sustains thereafter. In contrast, if HyperTune detects interrupts by
a new workload and determines a non-transient decline in the speed, it recomputes the new batch
size for the busy node and updates the hyperparameters, which are 140 and 100 for 4-core and
6-core workloads, respectively. By changing the batch size, the other two nodes regain the initial
processing speed, which shows that the algorithm works effectively in determining the new batch
size. The processing speed declines respectively to 83.7 and 85.8 images/sec for 75% and 50%
external workloads. That is, HyperTune is 14% and 57% faster than the baselines at no cost of

power or accuracy and with negligible computation overhead.
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Table 6.4: Summary of the NLP applications characteristics.

application input type input size model size processing time

(base 100 us)
sentiment analysis text small 1.5 MB 1%
movie recommender text very small 3.4 GB 20x
speech to text converter audio large 50 MB 1000

6.3 Distributed Inferencing - NPL

We have chosen three common NLP applications, namely sentiment analysis, movie recommender,
and speech-to-text converter to run on our server. Although the models are intentionally chosen in
a way that fits in the CSD’s internal memory, they cover a wide range of characteristics in terms

of model size, input size, and input type. A summary of all three applications are presented in

Table 6.4.

6.3.1 Speech-to-text Benchmark

This benchmark is developed based on Vosk, an offline speech-recognition toolkit. Vosk can
support 17 different languages and has multiple models, as small as 50 MB, that can be deployed
on ARM-based and other lightweight devices [86]. To test our speech-to-text benchmark, we use
a public-domain speech dataset named LJ [87], which consists of 13,100 short audio clips of a
single speaker reading passages from seven non-fiction books. The dataset is about 24 hours long
in 225,715 words. When running a small benchmark, the host can process 102 words/sec, whereas
a single-node CSD can do 5.3 words/sec. This batch size ratio of around 20 depends on the
nodes’ processing performance and is almost the same for all three applications, as their common

bottleneck is the computation. We use this ratio in the scheduler.

Fig. 6.5b shows the overall output of this benchmark in terms of the number of transcribed words

per second, based on the batch size and the number of engaged CSDs. It shows that by augmenting
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Figure 6.5: (a) Individual node’s benchmarks and (b) performance results for the speech-to-text
application.



the host with the processing power of all 36 CSDs, the output rate increases from 96 words/sec
to 296 words/sec for a batch size of 6. That is 3.1x better performance compared to the host
alone. Also, the single node performance for different batch sizes shown in Fig. 6.5a means that
the processing speed does not change much when varying the batch size. In terms of 1/O transfers,
CSD engines process 68% of the input data ((296 — 96) + 296 ~ 0.68); in other words, 2.58 GB
out of the 3.8 GB of the dataset never leave the storage units, and the only output of about 1.2 MB
transferred to the host is the output text. This reduction in the number of I/O’s and in data transfer
size can drastically reduce the power consumption, network congestion, and usage of the host’s
CPU memory bandwidth. It also enhances the security and privacy aspect of the data, as it never

leaves the storage device.

6.3.2 Movie Recommender Benchmark

Our second benchmark is a movie recommendation system based on [88]. The recommender
creates a new metadata entry for each movie, including the title, genre, director, main actors, and
storyline keywords. It then uses the cosine-similarity function to generate a similarity matrix to be
used later for content suggestions. An extra step uses the ratings and the popularity indexes to filter
the top results. For each query, the target movie title is sent to the recommender function, which
returns the top 10 similar movies. To train and test the application, we use the MovieLens Dataset
[89], which consists of 27 million ratings and 1.1 million tag applications applied to 58,000 movie
titles by 280,000 users. We run the training process once and store the matrix on Flash for further
use. To simulate the queries, we make a list of all movie titles and randomly shuffle them into a new
list. The results from Fig. 6.6a show that, just like the speech-to-text application, the processing
speed does not change much (about 3%) over different batch sizes. Therefore, smaller batch sizes

are preferable due to the shorter worst-case latency.

Fig. 6.6b shows the result of movie-recommendation queries for different configurations. With 36
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Figure 6.6: (a) Individual node’s benchmarks and (b) performance results for the movie recom-
mendation application.
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drives, the system can address 1506 queries/sec compared to the 579 queries/sec of the standalone
host, which is 2.6x improvement. The measurements show that the processing speed scales linearly
with the number of CSDs, and the overhead of distributing the task is almost zero. In fact, in some
cases, the distributed result scales superlinearly due to the faster data access speed of the ISP engine
than on the host. In the host-only configuration, the host’s CPU never reaches 100% utilization due
to other I/O bottlenecks. By increasing the number of CSD drives and further distribution of input
data, the I/O bandwidth increases, shifting the bottleneck on the host to the computation, which
in turn pushes the CPU to higher utilization levels and enhances the host output. This is how the

added processing capability from the new CSDs results in a benevolent cycle.

6.3.3 Sentiment Analysis Benchmark

The last benchmark is a tweet sentiment-analysis app based on Python’s Natural Language Toolkit
(NLTK). We modify this app from [90] to fit to our parallelization goals. It uses labeled data to
train a model to detect the positivity or negativity of the tweet’s content and then uses the model to
predict the sentiment of the incoming tweets. The input data undergoes a series of preprocessing
steps where the words are tokenized, lemmatized, stripped of noises and meaningless words, and
eventually converted to a dictionary of words ready to be fed to the model. Our test dataset consists
of 1.6 million tweets [91] and is duplicated in cases where we need a larger number of queries.
We run a single-node test to evaluate the host and the CSD’s performance for different batch sizes.

Unlike the other two benchmarks, performance changes considerably based on batch size.

Fig. 6.7a plots the performance in terms of queries per second for different batch sizes on a
logarithmic scale. It shows that both CSD and the host get better performance with larger batch
sizes. For instance, CSD’s performance increases from 107 queries/sec for the batch size of 2k
to 364 queries/sec for the batch size of 40k, which is a 3.4X increase. However, the trade-off for

large batch sizes is the increased latency in processing some of the queries. Because the input is
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Table 6.5: Summary of the experimental results.

¢ speech to recom- sentiment
est case .
text mender analysis

accuracy same same same
max speedup 3.1X 2.8X% 2.2X
energy per query (host) (mJ) 5021 832 51
energy per query (w/CSD) (mJ) 1662 327 23
energy saving per query (%) 67% 61% 54%
data processed on host (%o) 32% 36% 44%
data processed in CSDs (%) 68% 64% 56%

sequentially fed to the nodes, once data is assigned to one processing node, it has to wait for prior
queries on the same node to finish but cannot be migrated to run on some other idle nodes. For
example, if the first N queries are assigned to node 1 and the next M queries (N +1...N + M) are
assigned to node 2, then the N™ query has to wait for all queries from 1 to N — 1 to finish before
it can be processed on node 1; whereas in smaller batch sizes, those queries could be assigned to
other available nodes. Based on these numbers, we set the batch size ratio to 9496 +~ 364 ~ 26 and
run a benchmark with 8 million tweets. Fig. 6.7b shows the performance for different batch sizes
and on different numbers of CSDs. The best result is for the batch size of 40k, where the number

of queries per second increases from 9496 to 20994, or 2.2 the performance.
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6.3.4 Power and Energy Analysis

For all NLP test cases and in idle mode, the server consumes 167 W with no storage drives and
405 W with 36 CSDs. Thus, each CSD consumes an average of 6.6 W, compared to 10-15 W for
commercial E1.S units with lower storage capacity in normal operation mode. When we run the
benchmarks, the power consumption of the entire system goes up to 482 W without enabling ISP
(i.e., CSD acting as storage only), compared to 492 W with all 36 ISP engines running. That is,
each ISP engine consumes 0.28 W on top of the storage-only feature. Note that our datasets are
small in size and all three benchmarks are compute-bound rather than I/O-bound, which means
most of the power is drawn for CPU activity. As a result, all three benchmarks yield the same power
measurements, and only the amount of energy per query varies by application. Fig. 6.8 shows the
energy consumption per query, or per word in the case of the text-to-speech benchmark. Fig. 6.9
shows the normalized energy consumption to better demonstrate the energy saving trend. Note that
these measurements are averaged over the entire test session. The power consumption enhancement
can be attributed to a) the low-power processors of the ISP, and b) the reduction in data transfer

size, as minimal raw data needs to be moved out of the storage drives. For future work, we plan to
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measure the energy consumption in each step to better demonstrate the importance of data transfer

reduction. Finally, Table 6.5 summarizes the experimental data for all three applications.

6.4 Database - MongoDB

Database benchmarks tend to face different bottlenecks and can be tricky. To overcome these
bottlenecks over different configurations, we investigate two scenarios for benchmarking: direct
configuration and sharding clustering configuration. For database benchmarking and data genera-
tion, we used Yahoo! Cloud Serving Benchmark (YCSB) [92] suite, which allows measuring the
performance of both NoSQL and SQL database management systems with simple database oper-
ations on synthetic data. Since YCSB requires considerable resources and power to generate data
requests, we use a separate system (HP ProLiant DL380p Gen8) solely to generate the benchmarks
and queries. All systems are connected through a regular 1-GBps router. Note that we use the same
parameters for YCSB in all cases (record count = 100k, operation count = 100k, read operation =

0.5, write operation = 0.5).

6.4.1 Direct Configuration
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Fig. 6.10 depicts the direct mode configuration, where each CSD acts as a standalone database and
queries are sent directly to each CSD. As seen earlier, ISP provides the opportunity to run multiple
databases on a single data server, i.e., each database runs an independent MongoDB agent while
the host system runs its own agent, all on the same CSD. Since a single database could not saturate
the storage nodes, we put two databases on each CSD, one managed by the ISP engine and the other

by the host.

Fig. 6.11 shows the overall throughput in terms of operations per second. As can be seen, the
increase in the host performance is sub-linear but monotonic, whereas the utilization of each CSD

degrades as the number increases.

Although our experimental server maxed out at 24 CSDs due to the inherent technical limitations of
the storage server design, the utilization can go higher by deploying more CSDs. However, based
on the measurements, we estimate the scaling to be upper-bounded at around 56 drives. Compared
to a data server with the same configurations but with regular SSDs, the overall throughput of the

system with 24 CSDs is higher by 2.78x.

To investigate the power and energy consumption, we measure the overall power consumption of
the server with 20 CSDs in idle, host-only, CSD-only, and hybrid modes. As Fig. 6.12 shows,
when running the application on the host-only setup with 20 CSDs with inactive ISPs, the total
power consumption rises from 354 W to 456 W, yielding an average energy consumption of 798 uJ
per operation. For the CSD-only case, where the host processor is inactive, the increase in power
consumption is only 29 W for the entire server, which yields an average of 416 uJ per operation.
When both CSD and host are active, the overall power goes up to 421 W, and the average energy
consumption drops to as low as 339 uJ per operation. These results show that deploying CSDs for
I/O-intensive applications can greatly reduce energy consumption by up to 57% while increasing

performance by up to 3.4x.
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6.4.2 Sharded Cluster Configuration

In a sharded cluster, each database is sharded over several storage nodes, or CSDs in our case. To
handle data forwarding, a set of MongoDB routers, known as Mongos, are needed to run on the
host system. These routers redirect queries to the appropriate storage node. Fig. 6.13 shows the
system configuration for sharded cluster test. Each router connects to a MongoDB agent that either
runs on the host or on one of the CSDs. Note that just like the previous test, two external systems
run the YCSB and generate the queries. Fig. 6.14 shows the throughput of the sharded cluster with
24 CSDs for host-only, CSD-only, and hybrid modes. Since the router application is lightweight
and the overhead is negligible, the host’s performance remains the same after engaging the CSDs.
Each CSD handles an average of 765 operations per second. That said, our data storage server with
24 CSDs can increase the performance by up to 1.7 times compared to the same storage server with

regular SSDs.
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Figure 6.14: Experimental results for MongoBD in sharded cluster mode.

Another observation is the performance drop on each CSD in sharding clustering mode compared
to direct mode. While sharding enables handling much larger datasets in a distributed fashion,
it can degrade the performance as the routers’ operations add latency to the system. We also
investigate a sharded cluster with replications, where each data is replicated on multiple CSDs to
provide resiliency. In this scenario, the system performance is just like the regular sharded cluster,
but with more reliability and less overall capacity, as each data is replicated on several CSDs. We

skip the results of sharded and replicated clusters to avoid redundancy with the previous setup.

6.5 Summary

In this chapter, a series of experiments were conducted to assess the efficacy of both our hardware
and software solutions. Given that the deployment and utilization of CSD closely resemble
that of SSD, requiring no additional setup steps for CSD, our investigation focused on two key
performance parameters: processing speed and energy consumption per unit of work. Leveraging

the inherent advantage of CSDs, namely their ability to provide rapid and high-speed access to stored
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data, our benchmarking efforts targeted applications with high communication requirements. The
experimental results substantiated that the deployment of CSDs introduces minimal overhead, while
significantly enhancing overall system performance. Furthermore, these experiments demonstrated
the feasibility of executing these tasks on multiple nodes, with a maximum of 37 nodes observed
in our study, and the potential for further expansion. The primary limiting factor in our specific
scenario was the maximum number of available slots for inserting CSDs on an individual server.
Depending on the application and the number of CSDs deployed, noteworthy improvements of up

to 3.1x in processing speed and 67% in energy consumption were observed.

86



Chapter 7

Conclusions

Computational storage drives (CSD) are a promising building block for servers that run next-
generation data-dominated computing applications. They remove the bottleneck of moving huge
amounts of data, resulting in significant gains in processing speed and reduction in power. However,

hardware and software must work together to achieve the potential benefits.

Our hardware contribution is a new integrated controller-processor ASIC that enables the SSD
to run code in-storage with minimal overhead. It runs conventional Linux executables without
modification and is more practical than FPGA solutions that require RTL design and reconfiguration,
which are difficult to integrate into an OS-based, multitasking server environment. Our ASIC also
works well in the storage system environment, where GPU solutions would not work due to the

high power demand.

To realize its full potential, the software must identify and overcome synchronization and other limits
on parallelization. We proposed Stannis to minimize the synchronization stalling by equalizing the
workload distribution for neural-network training applications based on pre-run-time test runs, and
our HyperTune mechanism adapts the hyperparameters to keep the workload balanced at runtime.

We also developed an online scheduler for distributing inferencing workloads, as represented by
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several public NLP applications. In the case of databases, the existing sharding structure already
implemented in MongoDB can readily take advantage of the CSD organization and benefit from
both the power and performance advantages without modification, as we have demonstrated in our

experiments.

Directions for future work include methods to handle data-aware and hardware-aware workload
distribution as well as their evaluation. First, data-aware distribution will enable better utilization
of CSDs by exploiting not only temporal locality but also spatial locality of data, by classifying data
requests and queries into categorical groups and redirecting them to associated nodes. Another
direction will be to explore hosts with different performance characteristics, including the use
of FPGAs and GPUs, in achieving the most streamlined configuration in conjunction with our
CSD setups. Finally, a more in-depth comparison with other CSD implementations can better

demonstrate the merits of each design.
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