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Abstract: The emerging computational storage drives (CSDs) provide new opportunities by moving
data computation closer to the storage. Performing computation within storage drives enables data
pre/post-processing without expensive data transfers. Moreover, large amounts of data can be
processed in parallel thanks to the nature of the field-programmable gate array (FPGA) included in
CSDs. In a CSD, there are several implementation techniques that support parallel processing, each
of which provides a different degree of parallelism. However, without sufficient understanding of the
parallel processing techniques of CSD, it can lead to overhead due to misuse rather than benefiting
from task offloading. Thus, to exploit the best performance of CSDs, it is important to properly adjust
the degree of parallelism of each implementation technique. In this paper, we focus on the study of the
differences in CSD performance according to various combinations of parallel processing techniques.
To investigate the performance differences, we implement and offload the data verification algorithm
to the CSD and analyze the performance and resource utilization. The experimental results show
that implementing the data verification algorithm with a sufficient understanding of CSD’s parallel
processing techniques can improve the performance by up to 20 times. Moreover, even with the
same degree of parallelism, the performance can differ by 59% depending on the combination of
implementation techniques. These results imply that proper orchestration of different implementation
techniques leads to better performance and efficient resource utilization.

Keywords: computational storage drives; parallelization; offloading

1. Introduction

Computational storage drives (CSDs) are attracting attention from both industry and
academia because they provide data processing functionality inside the device where
the data reside. CSDs can process large amounts of data without moving data from the
storage device to the host, making host resources, such as CPU and memory, available
for other tasks. In recent years, different vendors commercialized computational storage
with different functionalities. For example, special-purpose CSDs provided by AHA [1],
Intel QuickAssist [2], or Microsoft Corsica [3] are available on the market. Meanwhile,
general-purpose CSDs, which provide a customizable and programmable platform, are
also now becoming commercially available by Samsung [4] and ScaleFlux [5].

The structure of such a CSD can exist in various architectures, as investigated by SNIA [6].
Among them, Samsung SmartSSD® (SmartSSD® is a registered trademark of Samsung Elec-
tronics). adopts the architecture in which the field-programmable gate array (FPGA), the SSD
controller, the RAM, and the storage media all exist in the device, as shown in Figure 1a. This
structure is particularly suitable for tasks that require processing before or after the data are
stored on storage media. Examples of data processing include data (de)compression, encryp-
tion, decryption, and verification for detecting errors. SmartSSD®, provided by Samsung,
very recently introduced general-purpose CSD, which supports a high degree of parallelism
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because the device contains an FPGA accelerator. Hence, data can be processed before or after
being stored in the device without involving the host CPU or memory.

There are several recent studies to accelerate data processing by taking advantage of
CSD’s near-storage processing capabilities. Chapman et al. [7] explored big data processing
acceleration by offloading SQL query processing functionalities of Spark SQL. They used
Samsung SmartSSD® to investigate the performance of executing the data filtering process
within the storage device. Lee et al. [8] introduced Samsung SmartSSD® platform details
and the performance projection model. They presented preliminary performance results of
SmartSSD® in data analytic workloads based on the projection model introduced in the
article. Cao et al. [9] developed a system that dispatches scan operations of the relational
database into the storage device. They modified Alibaba’s proprietary relational database
to allow table scan operations to be performed within the CSDs provided by ScaleFlux [5].

FPGA + DRAM (Up to 8GB) SSD 1TB – PM983

PCIe Gen3 x4

(a) Samsung SmartSSD® platform (b) System architecture

Figure 1. Samsung SmartSSD® (a) hardware architecture (b) (Figure 1 is copyrighted by Samsung
Electronics. The image was obtained with permission from https://youtu.be/OHWzWv4gCTs?t=639
(accessed on 10 October 2021)).

Existing studies have focused on reducing the amount of data movement from the
storage device by offloading tasks such as data filtering operations [7,9,10]. Since CSDs
have recently become commercially available, related studies have mainly been focused on
reducing the amount of data movement and overlooked the implementation techniques
for maximizing the performance of CSD itself. The performance of data processing on CSD
varies depending on the combinations of parallel processing techniques provided by CSD.
For example, CSD misuse without sufficient understanding can result in only 5% utilization
of performance, as shown in Figure 2. To achieve the best performance from a CSD and
efficient use of given resources, it is important to understand and utilize the various parallel
processing technique provided by the CSD. In this study, we focused on investigating the
differences in performance of the CSD depending on the various combinations of parallel
processing techniques.
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Figure 2. Data verification time.

There are several implementation techniques for performing parallel processing within
the CSD [11–14], and the combination of each technique affects the performance and resource

https://youtu.be/OHWzWv4gCTs?t=639
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utilization. Since the CSD resources are limited, it is necessary to understand the difference
between each technique for efficient use. To this end, we conducted a case study that provides
data verification functionality using the cyclic redundancy check (CRC) algorithm on the
SmartSSD®. Under various combinations of each technique configuration, we investigated and
analyzed the impact of each technique on performance and resource utilization.

CSDs support several implementation techniques that allow a single task to run simul-
taneously with a high degree of parallelism. One of them is loop unrolling [12,13], which
allows independent operations in the loop to be executed in parallel. To properly utilize the
loop unrolling functionality, another parallel processing technique, array partitioning [11],
should be applied together. Array partitioning divides a contiguous data area allocated as
an array into several individual data areas. Another technique for parallelism is creating
multiple instances of a computing unit [14]. The workload is offloaded on the CSD in the
form of a computing unit, and multiple instances of the computing unit can be created at
the compile time by specifying the number of computing units to be executed concurrently.
Because there is a difference in the degree of parallelism supported by each technique, the
combination of each technique leads to a difference in performance and resource utilization.

As a case study, we implemented and offloaded the data verification algorithm on
Samsung SmartSSD® [4], which is the industry’s first customizable, programmable CSD.
We performed empirical experiments under various combinations of each implementation
technique that support parallel processing with Samsung SmartSSD® (For this study, we
received pre-commercialized products from Samsung). Specifically, we performed experi-
ments on seven possible implementation combinations with the same degree of parallelism
and compared them to the performance of implementation without applying the parallel
processing technique. The normalized data verification time between implementation
with and without applying the parallel processing technique is shown in Figure 2. The
experimental result shows that the data verification time improved by up to 20 times
by implementing the proper combination of parallel processing techniques. In order to
fully utilize the performance of CSD, it is essential to understand and properly apply the
parallel processing techniques provided by CSD. Between implementations with parallel
processing techniques, performance is varied by up to 59% depending on the combination.
Moreover, resource utilization in the CSD (e.g., LUT, FF, BRAM, etc.) differs by 20%.

In summary, this paper makes the following contributions.

• We implement the data verification algorithm on Samsung SmartSSD® with various
combinations of parallel processing.

• We analyze the performance of the Samsung SmartSSD® in terms of resource utiliza-
tion, power consumption, and execution time with various combinations of parallel
processing techniques.

• The experimental results imply that a well-combined degree of parallelism between
different implementation techniques is important in terms of performance and re-
source utilization.

The rest of this paper is organized as follows:
Section 2 describes the background.
Section 3 discusses related work.
Section 4 presents the design and implementation for the case study in detail.
Section 5 shows the experimental results with various combinations of techniques.
Section 6 summarizes our study.
Section 7 concludes this paper.

2. Background

2.1. Architecture of SmartSSD®

Figure 1 shows the hardware architecture of the CSD with respect to the SmartSSD®

platform from Samsung [15,16]. The CSD that we used in this study is shown in Figure 1a.
For in-storage computation ability, the SmartSSD® platform consists of a Xilinx field
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programmable gate array (FPGA), which has 8 GB DRAM [17,18] and 1 TB NAND flash
memory [19], as a form factor of a PCIe device. The FPGA contains 8 GB DRAM, a buffer
space for data transferred between the host memory and the NAND flash memory to enable
data processing within the storage device. For example, when compression is performed
before storing host memory data to NAND flash memory by exploiting the processing
ability of SmartSSD®, the target data are stored in DRAM included in the FPGA to perform
compression. When the data transfer between the host memory and the NAND flash
memory does not require any intermediate processing (i.e., in-storage processing using
FPGA is not involved during data transfer), SmartSSD® operates the same as a commodity
SSD (i.e., Samsung PM1733).

Data transfer between the host memory, the FPGA, and the NAND flash memory is
performed by a PCIe switch inside the SmartSSD®, as shown in Figure 1b. The SmartSSD®

platform provides two different data transfer modes: normal and peer-to-peer (P2P) mode.
When data are transferred between the host memory and the NAND flash memory, the
PCIe switch operates as a normal mode, whereas the PCIe switch operates as a P2P mode
to transfer data between the NAND flash memory and the FPGA DRAM. The application
implements in-storage processing functionality with the assistance of the Xilinx OpenCL
framework [20] to control P2P communication and manipulate data in the P2P mode.

2.2. Techniques for Concurrent Processing within CSD

CSDs provide several implementation techniques to support concurrent processing of
data. In the following sections, we introduce techniques utilized in this study.

(1) Array Partitioning: The array is an efficient data structure in terms of program
complexity, but within the CSD, it causes long data access times because large data are
stored in the external memory, DRAM. To reduce data access time, a large array can be
divided into several smaller arrays or individual elements, allowing data to be stored in
the on-chip memory, Block RAM (BRAM) (Block RAMs are used for storing read-only data
inside the FPGA).

In SmartSSD®, three types of array partitioning are supported; block, cyclic, and complete.
Figure 3 illustrates an example in which the array partitioning techniques are applied to a two-
dimensional array with a partitioning factor of two. The block array partitioning technique
divides the original array into multiple arrays of the same size, as shown in Figure 3a. The
number of small arrays to be divided is specified as a factor. Elements of the original array
are sequentially assigned to a small array so that consecutive elements are allocated to the
same small array. Figure 3b shows how cyclic partitioning divides an array. The cyclic array
partitioning technique also divides the original array into multiple arrays of the same size.
However, unlike block partitioning, cyclic partitioning assigns elements to each array in cyclic
order. Lastly, as can be seen in Figure 3c, complete array partitioning divides the original array
into individual elements so that each element is considered as a register.

For example, consider an array size of N with a partitioning factor of 2, as shown in
Figure 3. If an application selects the block partitioning technique, the array elements from
0 to (N−1)

2 constitute the first array, and the remaining elements from N
2 to N − 1 constitute

the second array. On the other hand, if an application selects the cyclic array partitioning
technique, the array elements 0, 2, . . ., N − 4, N − 2 constitute the first array, and the other
elements 1, 3, . . . N − 3, N − 1 constitute the second array. This array partitioning technique
can be applied to the multi-dimensional array by specifying that the target dimension is to be
split.

In this study, we reshape the data into a two-dimensional array of 4-KB units and
apply complete partitioning to dimension 1, so that datasize

4KB individual arrays are generated.
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[N-1][0] [N-1][1] [N-1][M-1]

[0][0] [0][1] [0][M-1]

[1][0] [1][1] [1][M-1]

…… 
…… 

…… 
…… 

array[N][M]

[N-1][0] [N-1][1] [N-1][M-1]

[0][0] [0][1] [0][M-1]

[1][0] [1][1] [1][M-1]

…… 

…… 

…… 
…… 

(c) Complete Partitioning

[N-2][0] [N-2][1] [N-2][M-1]

[0][0] [0][1] [0][M-1]…… 

…… 
…… 

[N-1][0] [N-1][1] [N-1][M-1]

[3][0] [3][1] [3][M-1]…… 
…… 
…… 

(b) Cyclic Partitioning

[(N/2)-1][0] [(N/2)-1][1] [(N/2)-1][M-1]

[0][0] [0][1] [0][M-1]…… 

…… 
…… 

[N-1][0] [N-1][1] [N-1][M-1]

[N/2+1][0] [N/2+1][1] [N/2+1][M-1]…… 
…… 
…… 

(a) Block Partitioing

[1][0] [1][1] [1][M-1]…… 

[N/2][0] [N/2][1] [N/2][M-1]…… 

[2][0] [2][1] [2][M-1]…… 

[1][0] [1][1] [1][M-1]…… 

Figure 3. Different types of array partitioning techniques; block, cyclic, and complete partitioning.

(2) Loop Unrolling: Loop unrolling shortens loop execution time by reducing the
number of iterations of the loop. Loop unrolling enables parallel execution of independent
operations by generating multiple copies of the loop body. For example, as shown in
Figure 4, the number of loop iterations is N in the original code, whereas after loop unrolling
is applied, it is reduced to N

4 . However, redundant code generated by loop unrolling causes
the overhead of increasing the code size and required registers.

for (int i = 0; i < N; i++)

{

a[i] = b[i] ^ ~0U;

}

for (int i = 0; i < N; i+=4)

{

a[i] = b[i] ^ ~0U;

a[i+1] = b[i+1] ^ ~0U;

a[i+2] = b[i+2] ^ ~0U;

a[i+3] = b[i+3] ^ ~0U;

}

(a) Original Code (b) Code after Loop Unrolling

Figure 4. Code comparison between original and loop unrolling applied.

(3) Multiple Computing Units: Another way to exploit parallelism in SmartSSD®

is to generate multiple instances of a computing unit at compile-time and place them
together in the CSD. Figure 5 depicts the brief architecture of SmartSSD® with different
numbers of computing units. Basically, each computing unit is created as a single instance,
as shown in Figure 5a, but we can specify the number of kernel instances to be created by
the compilation configuration with an option –nk. The maximum number of computing
units that can be created is determined dynamically based on the available resource in the
computational storage and the resource usage of the computing unit. In other words, even
if the number of available resources in computational storage is large, if the code cannot
efficiently utilize the resources, we cannot maximize the parallelism of the application.
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NAND Flash Memory

FPGA DRAM

Computing Unit
Computing

Unit:1

NAND Flash Memory

FPGA DRAM

... Computing

Unit:n

NAND Flash Memory

FPGA DRAM

Computing Unit
Computing

Unit:1

NAND Flash Memory

FPGA DRAM

... Computing

Unit:n

(a) (b)

Figure 5. Architecture comparison between sigle and multiple computing units within CSD. (a) Sin-
gle computing unit with option (–nk CUName:1). (b) Multiple computing unit with option (–nk
CUName:n).

3. Related Work
3.1. Near-Storage Data Processing

There have been several studies to improve performance by exploiting near-storage
data processing.

Zhang et al. [21] and Sun et al. [22] proposed acceleration solutions for LSM-based key-
value stores by offloading compaction tasks to the FPGA. They perform the compaction task,
which is considered the main cause of performance degradation, in the dedicated FPGA,
so that the host resources are concentrated on normal operations. Zhang et al. [21] modi-
fied Alibaba’s proprietary LSM-based key-value store, X-Engine, whereas Sun et al. [22]
modified LevelDB to verify the effectiveness of their schemes. Ajdari et al. proposed
FIDR [23] and CIDR [24]: storage systems that provide data reduction functionality, such
as deduplication and compression. Both implement each function, including data signa-
ture generation, compression, and decompression, on a dedicated FPGA board, which
independently accelerates each function.

Our study is similar to these studies [21–24] in that it reduces resource utilization
of the host systems by offloading tasks to the dedicated device. On the other hand, we
focus on investigating the performance difference according to the combinations of parallel
processing techniques within the CSD.

Schmid et al. [25] introduced a framework to facilitate the development of applications
on systems consisting of heterogeneous hardware. They provide operator structures for devel-
opers to define functional units, translating the operator into low-level circuit implementations
within the framework. Akagić et al. [26] investigated tradeoffs between implementations
utilizing different resources of the FPGA. Specifically, they compare implementation of algo-
rithms for generating CRC, based on utilizing LUTs or BRAM. They analyzed the performance
benefits of LUT- and BRAM-based implementations for different slice and processing bit sizes
in terms of throughput, achievable clock speed, and hardware cost.

Our study is in line with these works [25,26] in terms of investigating mechanisms for
the efficient use of hardware devices that provide near-storage computational capabilities.
However, we deploy a data verification algorithm to analyze the performance and resource
utilization with the viable CSD, SmartSSD®.

3.2. CSDs

Over the past decade, both industry and academia have paid attention to the possibili-
ties of CSDs.

Hu et al. [27] suggested QZFS that integrate special-purpose CSDs into a ZFS file
system. Specifically, they used Intel QuickAssist (QAT) [2], which is a special-purpose CSD
for accelerating data compression. Promberger et al. [28] explored the integration cost of
numerous compression algorithms with software-based and hardware-based accelerators.
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They analyzed the cost of each compression algorithm in terms of throughput, power
consumption, etc. Gu et al. [10] introduced Biscuit, a framework for near-data processing
for data analytic workloads. In their study, the prototypical CSD had a specialized SSD
controller that enabled near-data processing and a hardware pattern matcher for each flash
memory channel. By filtering out irrelevant data within the storage device, Biscuit reduces
the amount of data transferred between the storage device and the host system. Our study
is in line with this research [10,27,28] in terms of investigating the effectiveness of CSDs.
However, these approaches facilitate special-purpose CSDs, whereas our study focuses on
facilitating general-purpose CSDs.

Lee et al. [8] introduced SmartSSD® platform details and performance using the
described projection model. Chapman et al. [7] proposed a framework to accelerate query
processing of SparkSQL to SmartSSD®. The framework accelerates parts of the query
processing procedure by performing them in SmartSSD® based on the cost function that
is tuned by offline profiling. Cao et al. [9] presented a framework that offloads table scan
operations of the relational database across CSDs that are connected to distributed storage
nodes. They deployed the framework in the production database server of Alibaba [29]
to demonstrate the feasibility of the CSD in the real world. Our study is similar to these
studies [7–9] in that we accelerate the task by offloading operations to the viable CSD. In
contrast, we focus on studying the performance characteristics of the CSD according to
combinations of parallel processing techniques.

Lagrange et al. [30] modeled and analyzed the expected performance when offload-
ing a few tasks in the analytic applications. They estimated the achievable speed-up by
offloading a few operations (e.g., scan, filter, and project) to the CSD. Barbalace et al. [31]
raised several open challenges to CSDs, including resource management, security, data
consistency, and usability. Then, they discussed directions in which well-known program-
ming models can be beneficial to solving such challenges. Our study is in line with these
studies [30,31] in terms of the analyzing characteristics of the CSD. However, we analyze
the performance characteristics and resource utilization of the CSD using the results of
data verification tasks performed on the viable CSD.

4. Case Study: Data Verification
4.1. Design Overview

In this study, we focus on investigating the performance characteristics of CSDs using
various combinations of implementation techniques. To do this, we implement an algorithm
that can verify data integrity in parallel and deploy it to SmartSSD®. We choose the data
verification algorithm as a case study to perform as much parallel processing as possible
under limited resources. Figure 6 illustrates the overall architecture of implementation
deployed on SmartSSD®. As can be seen in Figure 6, we implement the data verifier as a
computing unit. The number of the computing unit is changeable by specifying numbers
with option nk at compile time. As shown on the left side of Figure 6, six computing
units are created in this architecture. It is possible to change the number of data pages to
perform verification on each computing unit, which is a data verifier. The right side of
Figure 6 shows a single data verifier that can perform data verification for four data pages
concurrently. However, the total number of computing units and data pages that can be
executed simultaneously is limited depending on the resource of the CSD, so that we adjust
the number of computing units and the number of data pages handled in each data verifier
considering such limitations. In the following sections, we provide detailed descriptions
of the data verification procedure and implementation details applying various parallel
processing techniques.
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Figure 6. Overall architecture.

4.2. Data Verification Procedure

In this section, we describe how we perform data verification for a single file with
the architecture as described in the previous section. First, the host system stores a file to
SmartSSD® in the same way it stores a file to the commodity storage devices. In order to
perform data integrity verification on the files stored in the storage device, the existing
systems with the commodity storage device should read the file back into the host system’s
memory. During this process, invalidating the page cache of the host system’s memory is
required to remove the contents remaining in the host system’s memory [32]. In contrast,
when using a CSD, reading the file back into the host system is unnecessary. With the CSD,
data integrity verification tasks are performed within the storage device itself, after each
file is stored. Therefore, resources of the host system, such as CPU and memory, can be
concentrated on tasks other than integrity verification for the stored data.

In particular, with SmartSSD®, the file is first read to the memory within the storage
device. The data verification procedure of each data verifier performs integrity verification
for data in 4-KB page units, as shown in Figure 6. To do so, the data are transferred to each
data verifier in multiples of 4-KB page units through P2P communication. Algorithm 1
briefly describes the data verification procedure. Each data verifier first allocates an array
on BRAM and applies the array partitioning as a complete type (line 2). The data are then
copied from FPGA DRAM to a local array on BRAM by splitting the data into 4 KB pages so
that each page is considered as an individual datum (lines 3–4). The data verifier executes
a loop that calculates the checksum value for each page of data. At this point, we apply
loop unrolling to the loop that calculates the checksum value so that computations for each
page are performed concurrently (lines 5–6).

Algorithm 1 Computing Unit: Data Verification

1: procedure DATA_VERIFY(data)
2: allocate array on BRAM . ARRAY_PARTITION
3: for each pages o f data do
4: copy data f rom FPGA DRAM

to local array on BRAM
5: for each page o f data do . UNROLL
6: compute crc value o f each page
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4.3. Implementation

We implement our computing unit, data verifier, using Xilinx High-Level Synthesis
(HLS) [33] with Xilinx SDx 2019.1, Linux 4.16.1 kernel. We use HLS pragma directives
to apply array partitioning for the data to be verified. We apply array partitioning as a
complete type of 4-KB units, so data verification is performed in 4-KB page units, and the
page size is configurable. We use HLS pragma directives to apply loop unrolling for the loop
that calculates the checksum value to independently execute the checksum computation
for each 4-KB page. The creation of multiple computing units is attained by specifying the
number of computing units with option nk of the compilation command line.

4.4. Evaluation Scenario

With the data verification algorithm used in this study, the maximum number of individ-
ual procedures that perform data verification in units of pages is 300. Therefore, we adjust
the number of data verifiers and the number of data pages processed by each data verifier
so that the total number of data verification procedures being executed concurrently is 300.
To hold the number of the procedures performing integrity verification concurrently to 300,
we use seven different combinations of degrees of parallelism: we transfer N data in units
of 4 KB, of which the value of N is set to 25, 30, 50, 60, 75, 100, and 150. Accordingly, the
number of computing units in each case is 12, 10, 6, 5, 4, 3, and 2, respectively. In addition, we
implement a baseline computing unit that performs data verification sequentially to compare
the performance with the case where parallel processing techniques are not applied.

5. Performance Analysis
5.1. Experimental Setup

The machine we used in the following experiments is equipped with an Intel Xeon
2-way E5-2620, which has 16 cores with 160 GB memory. We used Samsung SmartSSD® as
the CSD, which is a U.2 form factor product in development. There is a slight difference
in specifications presented in Figure 1a; the CSD includes 4 GB FPGA DRAM and 3.84 TB
NAND flash memory. We implemented and dispatched the data verification algorithm into
SmartSSD® so that the verification procedure for the data that are stored on the storage device
could be performed within SmartSSD®. As mentioned in Section 4.4, we evaluated the data
verification time with various combinations of parallel processing techniques provided by
SmartSSD®. Furthermore, we compared the data verification time between implementations
with and without parallel processing techniques. Each evaluation point was obtained by
averaging the results of 5 independent runs with standard deviations below 6.6% of the mean.

5.2. Single-Page Data Verification Time

To explore the performance difference between different parallel processing tech-
niques, we first evaluated the performance of each implementation technique with a
degree of parallelism of one. In other words, we performed data verification with each
implementation technique for a single page of data, 4 KB, and 60 KB. Since the maximum
number of data verifier computing units that can be placed together on SmartSSD® is
15, we performed data verification for data of size 60 KB, which is 15 times of the 4-KB
page. Figure 7 presents the data verification time of 4 KB and 60 KB data with sequential
implementation (Sequential), a computing unit with array partitioning (Parallel-AP), and
multiple computing units that perform data verification for a single page (Parallel-MCU).
As can be seen, when the degree of parallelism is one, the data verification time with
sequential implementation shows the best performance.

The reason for the longer execution time of the implementation with parallel process-
ing techniques is due to the initialization overhead. When we use array partitioning, we
should copy data from the global memory, the FPGA DRAM, to BRAM. Therefore, with
array partitioning, allocating and copying the data on BRAM causes longer execution time
compared to the sequential implementation. On the other hand, with multiple computing
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units, SmartSSD® should load the multiple computing units during the initialization, which
causes a longer execution time compared to the other implementations.
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Figure 7. Single-page data verification time.

In summary, when the data size is small, such as a single page, sequential processing
could be a better choice for performance rather than applying array partitioning or pro-
cessing with multiple computing units. With small data size, applying array partitioning
within a single computing unit could yield better performance than processing the data
with multiple computing units.

5.3. Multiple-Page Data Verification Time

Figure 8 shows the data verification time of a single file of size 1 GB with various combi-
nations of parallel processing techniques as mentioned in Section 4.4. As shown in Figure 8,
the overall data verification time is reduced by up to 59% depending on the combinations of
parallel processing techniques. Specifically, when the parallelism of array partitioning is high,
and the number of computing units is small, the time for data verification is longer. This means
that using multiple computing units is more efficient for the same degree of parallelism than
increasing parallelism within a single computing unit. Moreover, the initialization overhead
that appeared in the single-page data verification procedure described in Section 5.2 is hidden
due to parallel processing as the data size increases.
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Figure 8. Data verification time comparison between combinations of parallel processing techniques.

On the contrary to this trend, when AP×MCU is a 60× 5 combination, the overall data
verification time is shorter than the other time of two adjacent combinations. To understand
this singularity, we analyzed the device layout, as shown in Figure 9. The lower part of the
device layout for each combination is the static area so that there is no difference between
implementations. The part to concentrate on is the upper part of the device layout for
each combination. As can be seen in the figures, for higher performance, computing units
should be evenly placed over the entire dynamic area of the device.
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(a) 25 × 12 (b) 30 × 10 (c) 50 × 6 (d) 60 × 5 (e) 75 × 4 (f) 100 × 3 (g) 150 × 2

Figure 9. Device layout according to various combinations of parallel processing techniques (AP × MCU).

In addition, we evaluated the data verification time for multiple pages of the im-
plementation without applying parallel processing techniques. Figure 10 presents the
execution time of data verification of a single file of size 1 GB without parallel processing
techniques (Sequential) and execution time of data verification with parallel processing
techniques (Optimized). As can be seen, the data verification time of sequential implementa-
tion takes 20-times longer compared to that of the implementation with parallel processing
techniques. In other words, when using a CSD, understanding the characteristics of parallel
processing and applying it to proper combinations leads to a big difference in performance.
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Figure 10. Data verification time with or without parallel processing.

5.4. Resource Utilization

We analyzed the resource utilization of each combination of parallel processing tech-
niques. Table 1 shows the utilization of some representative resources within the CSD. As
can be seen from the table, each resource utilization increases as the number of computing
units increases. Especially in the case of the 25 × 12 combination, BRAM utilization in-
creases by 30% over the 150 × 2 combination. As a result, more data can be accessed faster
with the 25 × 12 combination, resulting in higher performance.

Table 1. Resource utilization.

LUT LUTRAM FF BRAM

25 × 12 33 8 25 85

30 × 10 32 7 24 81

50 × 6 30 7 22 73

60 × 5 29 7 21 71

75 × 4 32 7 22 69

100 × 3 33 6 21 67

150 × 2 31 6 21 65

6. Summary and Implications

In this paper, we focused on investigating the performance characteristics of the CSD
depending on various combinations of parallel processing techniques. From the evaluations
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with data verification performed in this paper, we make the following conclusions. First,
when the degree of parallelism of the computing unit of the CSD is not higher than
a certain level, the initialization overhead can be larger than the performance gain. In
particular, when the data size is small, sequential implementation could be a better choice.
Second, when the task executed in the CSD can achieve a sufficient level of parallelism,
it is important to understand the characteristics of each parallel processing technique
provided by the CSD. Each technique has a different parallel processing capability, which
results in a different performance depending on the combination. Lastly, since the resources
provided by the CSD are limited, the performance can differ even in the same degree
of parallelism depending on the layout of the computing units. Therefore, when using
multiple computing units, the placement of each computing unit should also be considered
for optimal performance.

7. Conclusions

In this paper, we studied the performance characteristics and resource utilization
of CSD with various combinations of parallel processing techniques. To understand the
characteristics of each technique, we conducted a case study to analyze the differences in
the performance of a viable CSD. The experimental results show that depending on the
combinations of parallel processing techniques, the performance can differ by up to 59%
even with the same degree of parallelism. In addition, depending on the combinations of
parallel processing techniques, resource utilization can differ by up to 30%. As can be seen
from the evaluation, the difference in performance can be as high as 20 times depending
on which parallel processing technique is used; thus, it is important to properly apply the
technique that adequately provides concurrency for better performance and efficiently uses
the resources of the CSD. As general-purpose CSDs are now starting to be commercialized,
we expect that our study can be helpful to understand the performance characteristics of
general-purpose CSDs to fully exploit the performance benefits by maximizing their own
parallelism. For future work, based on the understanding of the performance characteristics
of the CSD, we plan to study the adaptive parallel processing of the data within the CSD.
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