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Abstract  With the rapid expansion of genomic sequencing data over the years, the costs associated with stor-
age, transmission, and bandwidth are becoming the primary bottlenecks in genomic research and applications.
Data compression is widely used to alleviate this burden, provided it achieves a sufficiently high compression ra-
tio and fast compression speed. MPEG-G is a genome-specific compression standard that offers a higher compres-
sion ratio than general-purpose compression tools (4.3x), however, at the cost of performance reduction (5x). Fol-
lowing common strategies in compression acceleration, we design to the best of our knowledge, the first hardware
accelerator for the MPEG-G genomic data compression pipeline utilizing in-SRAM (Static Random-Access Mem-
ory) computing, referred to as iSCoder. We identify and analyze MatchC (Match Coding) and LutC (Lut Cod-
ing) as two bottleneck algorithms within this pipeline, propose two optimized in-SRAM algorithms, and design a
unified hardware architecture for these algorithms, considering the characteristics of genomic data. Compared
with 72-core Intel processors operating at 3.0 GHz, experimental results demonstrate that iSCoder achieves an
average speedup of 131x for MatchC and 191x for LutC.

Keywords genomic sequencing data, compression, in-SRAM computing, hardware accelerator

1 Introduction neck is data compression. As a genome-specific com-

pression standard proposed by the Moving Picture

Genomics is fundamentally reshaping medicine
and deepening our understanding of lifelll. With the
rapid advancement in sequencing technology, genom-
ic sequencing data (e.g., Fastq filel?l, can be up to 6
TB from a single sequencingl®l) has been expanding at
a rate of doubling every seven months—far surpass-
ing Moore’s Law, outpacing the data volumes gener-
ated by platforms such as YouTube and Twitter[4.
This trend indicates that storage, transmission, and
bandwidth costs will soon surpass the costs of se-
quencing itself and become the main bottleneck in ge-
nomics research and applicationsl.

A common approach to addressing this bottle-

Experts Group (MPEG), MPEG-GIf describes a
three-stage pipeline (Fig.1(a)) for sequencing data and
is implemented by the open-source project called Ge-
niel”)] which achieves a higher compression ratio than
general-purpose tools such as GZIP (GNU Zip, 19x
higher for base sequence and 4.3x higher for the whole
Fastq file). MPEG-G combines the advantages of oth-
er genome-specific algorithms/® 9 and provides a more
suitable choice due to its compatibility, standardiza-
tion, and new functionalities, such as random access
in the compressed domain.

However, the high compression ratio of MPEG-G
comes at the cost of performance reduction (5x lower
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Fig.1. (a) Overview of the MPEG-G compression pipeline and execution time breakdown using (b) low-latency mode and (c) re-

order mode.

than software GZIP) due to additional processing
steps in the algorithm pipeline, such as data assem-
bly and transformation. Given the large volume of da-
ta requiring compression and the frequent application
of compression into real-time genomic analysis work-
flows, such as BWA (Burrows-Wheeler Aligner)[10l,
this extra latency cost is unacceptable. Moreover, Ge-
niel”l, the first multi-thread software implementation
of the MPEG-G pipeline, has a complex workflow
that involves processing for three fields in Fastq data,
making it difficult to accelerate. To the best of our
knowledge, we are the first to identify two bottleneck
algorithms, Match Coding (MatchC) and Lut Coding
(LutC), which can dominate the execution time (70%)
of the MPEG-G pipeline.

This paper aims to design a hardware accelerator
to reduce the execution latency, mitigating perfor-
mance bottlenecks of this genomic data compression
pipeline. The primary motivation behind this idea
stems from the fact that many previous compression
algorithms have employed hardware acceleration, in-
cluding general-purpose compression accelerators/tl: 12],
as well as domain-specific compression accelerators(!3: 14,

As an emerging branch of hardware acceleration
technology, in-SRAM (Static Radom-Access Memory)
adopted
work[1>-17l. Compared with software systems, it inher-
ently offers high parallelism and low latency, making
it a promising solution to meet the performance de-
mands of the MPEG-G genomic sequencing data com-
pression pipeline. Moreover, unlike other hardware ac-
celerator designs, such as the hardware hash search
and the comparator-based CAM (content addressable
memory), in-SRAM technology can accomplish the se-
quence-matching operations required by MatchC and

computing has been widely in prior

LutC with higher parallelism and simpler logic.

In this paper, we propose iSCoder, a hardware ac-
celerator for genomic sequencing data compression us-
ing the in-SRAM technology. Our contributions are as
follows.

1) To the best of our knowledge, we are the first
to profile and identify MatchC and LutC as two bot-
tleneck algorithms in the MPEG-G pipeline, examine
their performance limitations, and analyze opportuni-
ties and challenges for in-SRAM acceleration.

2) We propose two in-SRAM algorithms for
MatchC and LutC respectively to leverage paral-
lelism intra each SRAM array and schedule tasks in-
ter SRAM arrays. Moreover, the algorithm for
MatchC overcomes imbalance between computing and
memory accessing, and the algorithm for LutC re-
duces the number of SRAM arrays and alleviates load
imbalance.

3) We propose a unified-oriented hardware archi-
tecture according to the MatchC and LutC in-SRAM
algorithms, which can be switched between two
modes, achieving high hardware utilization.

4) The experimental results demonstrate that iS-
Coder achieves an average speedup of 131x for
MatchC and 191x for LutC, compared with a 72-core
Intel processor running at 3.0 GHz frequency.

2 Background and Motivation
2.1 MPEG-G Pipeline

MPEG-G is the first open ISO/IEC standard for
genomic sequencing data compression, which specifies
the decoding method, file format, and transmission
format of compressed streams with good compatibili-
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tylfl. Fig.1(a) illustrates the three-stage MPEG-G
compression pipeline for a Fastq file. In the pre-pro-
cessing stage, the base sequence (SEQ), read identi-
fiers (ID), and quality scores (QS) fields are divided
into three streams. The descriptors generation stage
employs specific data transformations for these steams
based on their characteristics and generates more
suitable descriptors for compression. In the last stage,
the descriptors are further transformed, binarized,
and encoded by an entropy coding algorithm. Al-
though MPEG-G benefits from a higher compression
ratio (4.3x higher) than the general-purpose compres-
sion tool such as GZIP, it comes at the expense of
performance reduction (5x lower), leading to a burden
for data storage and transmission for genomic analysis.

We perform performance analysis of an open-
source implementation, i.e., Geniel7l, on the tradition-
al CPU-based platform. The profiling includes two
modes, which differ in whether the descriptors genera-
tion stage includes a global assembly of SEQ (reorder
mode) or not (low-latency mode). As shown in
Fig.1(b) and Fig.1(c), the last stage is the bottleneck
which can reach 89% and 75% of the whole execution
latency in two modes, respectively. As MatchC and
LutC dominate this stage (78%), we focus on them in
this paper.

2.2  Algorithm Description

MatchC Algorithm. MatchC aims to identify the
longest continuous matching symbols of an input se-
quence within a sliding window including 256 sym-
bols, outputting the maximum length (lengths) and
position (pointers) as the encoded result. As de-
scribed in Algorithm 1, loop 3 performs the basic op-
eration of this algorithm: comparisons between two 8-
bit symbols. This loop terminates upon encountering
a mismatch, records the match length, and then shifts
the starting position within the sliding window for the
next comparison in loop 2. Moreover, loop 1 refreshes
the sliding window by shifting forward by the length
of the longest match, and prepares for the next
match.

LutC Algorithm. As shown in Algorithm 2, the
goal of LutC is to encode an input symbol by index-
ing it into a lookup table based on the symbol’s ad-
dress and identifying its match position within the
corresponding data row. Specifically, two addresses
are used, corresponding to the two preceding symbols
and the immediately preceding symbol of the input,

Algorithm 1. MatchC Algorithm

Data: symbols: input sequence

Result: pointers, lengths: encoded results

1 loop 1: for ¢ = WindowSize to |symbols| — 1 do

2 pointer <— 0, length < 0

loop 2: for w = i — WindowSize to i — 1 do
of fset < i

loop 3: while: of fset < |symbols| AND
symbols|of fset] = symbols|w + of fset — i] AND
of fset —i < WindowSize — 1 do

6 of fset <— of fset + 1
7 end
8

9

otk W

if: of fset — i > length then

length < of fset — i, pointer < w
10 end
11 end

12 Append (i — pointer) to pointers
13  Append length to lengths

14 i< i+ length — 1
15 end

Algorithm 2. LutC Algorithm

1 Parameter: SIZE: table size, NUM : symbol number

Data: sym/]: input symbol, table[SIZE][SIZE|[SIZE]: lut
Result: pos: output positions based on lookup matches
2 Initialization:

3 addrl < sym|0], addr2 < sym[1]

4 pos[0] < addrl, pos[1] < addr2
5loop 1l: for i =2 to NUM — 1 do

6 row_t < table[addrl][addr2]

7 loop 2:for j =0 to SIZE — 1 do

8 if: sym[i] == row_t[j] then
9 posli] < j

10 end

11 end

12 Update addresses for the next iteration

13 addrl « sym[i — 2], addr2 « sym[i — 1]
14 end

which can be represented as the tuple(addrl, addr2,
sym). In typical genomic data compression, input
symbols are less than 128, and data row lengths are
128 symbols, yielding a lookup table size of 128 x
128 x 128 x 7 bits.

Workload Analysis. We perform a cycles-per-in-
struction (CPI) stack analysis on MatchC and LutC
using Sniper[!8! shown in Fig.2. Both algorithms ex-
hibit core-bound workload characteristics at 72% and
60%, respectively, because of their high memory local-
ity. With the infrequent DRAM accesses, most pro-
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cessing time is spent within the core instruction
pipeline (Base). Furthermore, performance is impact-
ed by lost cycles from limited execution units (Issue-
port) and dependencies (Depend), further intensify-
ing the core-bound workload. Additionally, SRAM ac-
cess overheads are also required to be taken into ac-
count, particularly for LutC (33%) which accesses da-
ta from a larger table.

2.3 Limitation of Existing Solutions

Software Solutions. 1) CPU. The current multi-
threaded implementation underperforms due to its in-
ability to exploit the high theoretical parallelism in al-
gorithms like MatchC and LutC. For example,
MatchC can theoretically process 256 slide-window
positions and 256 input symbols in parallel, while
LutC can compare symbols across multiple data rows
and input tuples. However, CPUs are limited by their
insufficient core count and short vector units. More-
over, coding tasks for different data blocks can be
parallelized as they are independent. 2) GPU. De-
spite being optimized for parallelism, GPUs are un-
suitable for accelerating these algorithms due to the
low-latency requirements of the MPEG-G pipeline.
The relatively small workloads (e.g., 256x256 B in
MatchC) per iteration do not justify the overhead of
GPU synchronization and branching. Additionally,
both CPU and GPU consume high power, which is in-
efficient for the simple computational patterns.

Hardware Solutions. Custom hardware accelera-
tors are a common approach in designing compres-
sion algorithms. For instance, several studies/l9-2l]
have developed hardware accelerators for GZIP, yield-
ing substantial performance gains. The LZ77 (Lempel-
Ziv'77) algorithm?2l in GZIP is similar to the MatchC
algorithm in that both search for the longest match
within a sliding window. However, these designs rely
on hash searches due to the large window sizes (tens
of KB or even several MB), while MatchC operates
with a smaller window size of only 256 B, making in-

J. Comput. Sci. & Technol., 2026

tensive hash calculations unnecessary. In contrast,
Abali et ol utilized CAMs within a small window
range instead of hash functions, enabling multiple
string comparisons in a single cycle. However, this
CAM is implemented by registers and comparators
and incurs substantial hardware costs. Additionally,
these hardware accelerators are designed for general-
purpose compression algorithms, leaving a gap when
applied to genomic sequencing data characteristics.

2.4 In-SRAM Computing

In recent years, in-SRAM computing has gar-
nered significant attention since it not only exploits a
high degree of parallelism but also mitigates the data
movement overhead. As depicted in Fig.3, an SRAM-
based content addressable memory (CAM) exempli-
fies this technology, functioning to search for all bit
columns within the SRAM array based on the input
provided on the left.

BLBO BLO BLB1 BL1 BLB3 BL3 BLB4 BL4
I =0T =0 ol [ L
- 10 < 01 01

=< 1< =< =<

o
0 > | > [ [l > |
1 10 10 01 10
< < < o
o [ I I I
> > > >
I RN A
= [ =< =<
R
P L LPad P
Tt | [T | [T [T
-\[D: 1 1—0 1 1 1—0 1—0 1 1— 0|
ref
A A A
10 11 ‘z 0 1 E’
[¢] [&] [« [ «
T
(I) i Match (I)

Fig.3. Hardware design of SRAM-based CAM?3!,

When the input is “1001”, the first row input be-
ing “1” activates the transistors on the right side of
all SRAM cells, thereby connecting the corresponding
data to the bit lines (BL). Conversely, an input of “0”
results in the data being connected to the bit line
bars (BLB). The data connected to either BL or BLB
undergoes an AND logic operation along its respec-
tive lines, with the outcomes further aggregated
through AND operations across the sense amplifiers
(SAs). The output signal of “1” signifies that the col-
umn matches the input bit, and all columns can be
performed simultaneously in one cycle.
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2.5 Opportunities, Challenges, and Goals

Opportunities. 1) Intra-SRAM Array Parallelism.
By designing an optimized memory layout and
matching mechanism, we can leverage logical AND
operations across both rows and columns, with paral-
lelism scaling with the array size. 2) Inter-SRAM Ar-
ray Parallelism. An efficient scheduling mechanism
can improve the utilization rate of multiple arrays.
3) Low Latency and Power Consumption. They are
due to reduced data movement to processors.

Challenges. 1) Functional Gap Between MatchC/
LutC and CAM. Although in-SRAM design offers the
above opportunities, the function of CAM in Fig.3 is
limited to comparing two fixed-length strings and on-
ly yielding a binary match/miss-match result. Howev-
er, directly applying this design is inadequate for
MatchC because this algorithm requires identifying
the longest matching string and its length, which is
variable. 2) Performance Dilemma Caused by the Ba-
sic In-SRAM Design. Even if these two algorithms
are mapped appropriately to the in-SRAM hardware,
they also cannot yield significant performance im-
provements or could come at the cost of unaccept-
able resource overhead. For instance, there are imbal-
ances between computation and memory access in
MatchC (discussed in Subsection 3.2) and load imbal-
ance issues in LutC (also discussed in Subsection 3.2).
3) Resource Waste of Two Separate Accelerators for
Two Algorithms. Due to in-SRAM design, not only
would the utilization of logic circuits be low, but the
utilization of SRAM would also suffer.

Goals. As a result, this work aims to achieve the
following three goals: 1) to establish the basic design
of the two algorithms for functional mapping, includ-
ing determining data layouts, atomic operation, and
execution mechanisms, as well as the additional hard-
ware modules, 2) to analyze performance limitations
in the basic in-SRAM design and solve them by
proposing optimization strategies according to algo-
rithm flow characteristics, genomic data, and hard-
ware architecture, and 3) to propose a unified-oriented
design to reuse hardware resources for both algo-
rithms.

3 In-SRAM MatchC Algorithm
3.1 Basic Design
Algorithm Description. As shown in Algorithm 3,

the in-SRAM MatchC algorithm includes an initial-
ization step, two computation loops, and data refresh-

Algorithm 3. Basic In-SRAM MatchC Algorithm

Data: symbols[]: input sequence
array[256 X 8][256]: unrolled window
RV[256], PRV [256]: “1” for match, “0” for mismatch
Result: pointers, lengths: encoded results
1 Initialization: Refill the SRAM array by Col.
2 for ColID = 0 to 255 do
3  array[:][ColID] < symbols[ColID : 255 + ColID]
4 end
5 loop 1: for ¢ = 256 to |symbols| — 1 do

6 pointer < 0, length < 0
7  loop 2: for R =0 to 255 do

8 RV[:] + OneCycleByteSearch(array[8R : 8(R + 1)][:],
symbols[i : 255 + 1))

9 RV[:] «+ PRV[:] AND RV

10 if All RV[:] == 0 then

11 Append pointer to pointers

12 Append length to lengths

13 break

14 end

15 pointer < FindPos(RV[:])

16 length < length + 1

17  end

18  Refresh SRAM using symbols[length : 255 + length|
19 end

ing after each iteration. The Initialization step speci-
fies the memory layout of the MatchC’s slide window
within each SRAM array (256 x 8 rows, 256 columns).
In detail, columns 0-255 store symbol sequences of
length 256, starting from positions 0 to 255 in the
sliding window, with different colors representing dif-
ferent columns (Fig.4). Since the symbol width is 8
bits, each symbol occupies eight rows within a col-
umn. By adopting this memory layout, we can lever-
age column-level parallelism intra each SRAM array
to parallelize sequence-level matching operations with-
in the slide window and row-level parallelism to paral-
lelize symbol-level operations in a sequence, thereby
achieving a high degree of parallelism. As for comput-
ing steps, OneCycleByteSearch and FindPos are the
atomic operations we define within the two loops
based on the abovementioned memory layout. OneCy-
cleByteSearch is for symbol comparisons across each
column and input in one cycle, with results displayed
at the bottom of columns: “1” denotes a match, while
“0” indicates a miss match. The reason we limit each
operation to an 8-bit comparison is twofold. 1) Hard-
ware Specifically, the prior workl23l
showed that the SRAM array can only activate a

Constraints.
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Fig.4. Example of MatchC basic design in one iteration. (a) In-SRAM searching flow. (b) Refreshing of slide-window in the SRAM

array.

maximum of 64 rows simultaneously to avoid data
corruption and erroneous results. 2) Most of the
Match Lengths are Short (Fig.5). Comparing one 8-bit
symbol per cycle will not bring too much cycle over-
head (usually less than 10) while offering flexibility
for special larger cases (such as 16-bit and 32-bit) us-
ing continuous AND operations between current and
previous column results. Moreover, the FindPos oper-
ation identifies the column position of the rightmost
“1” in the result vector of each OneCycleByteSearch
in one cycle. If all columns return “0” (indicating no
match), loop 2 terminates, with the previous FindPos
result providing the position of the longest match. Af-
ter each iteration that identifies the longest match, a
data refresh is performed. This step shifts the start
position of the sliding window based on the length
and refills the SRAM array with the new windows to
prepare for the next search.

~ 107
10¢
10°
10*
10°
10?
10!
10°

—_

_~7 98.5% of All Cases

Frequency

010 50 100 150

Maximum Length

Fig.5. Distribution of length (0 to 255).

200 250

Ezecution Example. Fig.4(a) illustrates a search-
ing flow. In cycle 1, each first symbol from all
columns is compared with the input symbol “A”, with
“X” marking the rows that are not searched in this
cycle, as the first and the last columns output “1”, in-
dicating that matched ColID is 0 and 255, respec-
tively. In cycle 2, the input symbol “C” is performed,
and the result is combined with the previous one by
AND. This process continues until the results of all

columns are “0”, at which point the search termi-
nates. The maximum match length (length) is equal
to cycle —1 (i.e., 2), and the position of the right-
most “1” in the previous result is selected to deter-
mine the pointer (i.e., 0). Finally, as shown in
Fig.4(b), the sliding window shifts backwards by two
symbols based on length, and then starts the next it-
eration.

3.2 Performance Analysis and Optimization
Search & Refresh Imbalance. Although the theo-
retical length can span the entire slide-window size of
256, in practice, due to local data redundancy not be-
ing as extreme, most loop 1 iterations yield a length
concentrated within the range of [0, 10] in the genom-
ic sequencing data compression pipeline, as shown in
Fig.5. As mentioned, length corresponds to the num-
ber of cycles required for each iteration, meaning that
the overhead of searching per iteration does not ex-
ceed ten cycles in most cases. However, Fig.4(b) illus-
trates that each
columns in the SRAM array, resulting in 256 memo-
ry access cycles. Since each round of searching must
wait for memory updates to complete, this introduces
a significant imbalance. Such a disparity between com-
putation and memory access will limit the performance.
Preload & Mask Strategy (PMS). A naive solu-
tion would be to preload the sliding window shifted
by 0, 1, 2, ..., 255 steps across 256 SRAM arrays be-
fore the iteration begins. For each iteration, the next
one would select one of these 256 arrays based on the
length determined in the current iteration. This ap-
proach can eliminate the requirement for memory up-

iteration requires updating all

dates between iterations, reducing memory access
overhead. However, it also introduces 256x additional
area overhead of the SRAM array. To avoid this is-
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sue, we inherit this preload idea but optimize it using
a masking strategy according to our observation that
adjacent columns differ by only two symbols at the
beginning and end. As shown in Fig.6, we add 256 ex-
tra columns in an array to store the symbol se-
quences corresponding to future slide windows. In
each iteration, only the results from 256 out of the
512 available columns are considered using a mask bit
vector where “1” indicates a valid column and “0” in-
dicates an invalid one. For instance, in cycle 3, if all
valid column results are zero, length is 2, and the
current iteration ends. However, we shift the mask
vector two positions to the right instead of updating
all columns for the next iteration as Fig.4(b). In cy-
cle 4, the new valid 256-column data corresponds to
the original sliding window shifted by two steps. This
method can reduce memory refreshing cycles between
iterations and achieves a better balance between com-
puting of searching and memory access of refreshing
while only doubling the SRAM array area overhead.

4 In-SRAM LutC Algorithm
4.1 Basic Design

Unified-Oriented Design. As mentioned in Subsec-
tion 2.5, our in-SRAM LutC algorithm design aims to
remain unified with MatchC to improve resource uti-
lization. Specifically, we reuse OneCycleByteSearch
for symbol searching in the lookup table and Find-
Pos for its match position, which have been defined

256 quumns 256 Columns

by in-SRAM MatchC (Algorithm 3) as atomic opera-
tions. Moreover, in-SRAM LutC inherits the SRAM
array dimensions constraints from MatchC optimized
design, namely 256 x8 rows and 256 x2 columns. By
adopting this unified-oriented design, we can switch
between these two algorithms with only small adjust-
ments, such as the number of arrays, data layout, and
the termination condition for each iteration that can
be defined without extra hardware changes.

Algorithm Description. As described in Algorithm 4,
we redefine the input data of in-SRAM LutC to a tu-
ple sequence that contains a 7-bit symbol (sym) and
two symbols before it (addrl, addr2). The process of
LutC uses addrl and addr2 of input sym to index its
data row (arrayladdrl][addr2]) and find the only po-
sition that matches (pos) using the above two atomic
operations. A three-dimensional lookup table is re-
quired to be stored in SRAM. As a result, we adjust
the number of SRAM arrays and their data layout
like what Fig.7(a) illustrates: addrl is used to index
different SRAM arrays, while addr2 serves as the in-
dex for different data rows within each SRAM array.
Furthermore, the bit planes of each symbol are stored
row-wise, with each symbol in a data row placed col-
umn-wise in an SRAM array. As the symbol width is
7 bits, addrl and addr2 range from 0 to 127, indicat-
ing the requirement of 128 SRAM arrays, 128 data
rows in one SRAM array, and 128 symbols in one da-
ta row. We observe no data dependency between mul-
tiple input tuples, and SRAM arrays can also be per-
formed in parallel. Therefore, multiple tuples can be
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Fig.6. Optimization design of MatchC: sliding the window without refreshing SRAM before reaching the column edge.



Algorithm 4. Basic In-SRAM LutC Algorithm

Data: tuple[|(addrl, addr2, sym): input tuple sequence
array[128][256 x 8][512]: 128 tables (128KB-Array)
busy[128]: “1” for array busy, “0” for idle
emit|N]: “1” for emitting, “0” for waiting, N = 16
RV[256 + 256]: “1” for match, “0” for mismatch

Result: pos[]: output position within row data

1 Initialization: Fill symbols to SRAM-Arrays by Row

2 loop 1: for i = 2 to |symbols| — 1, i =i+ N do

3 All busy[], emit[:] < 0
4  loop 2: while: emit[:], is not all equal to 1 do
5 //Allocate N tuples to 128 arrays in parallel
6 Unroll: for n =4 to i+ N — 1 do
7 if: emit[n] AND busy[tuple[n].addrl] is O
then
8 busy[tuple[n].addrl] < 1
RV [:] + OneCycleByteSearch(
10 array(tuple[n].addrl][tuple[n].addr2],
11 tuple[n].sym)
12 pos[n] < FindPos(RV[])
13 emit[n] « 1
14 end
15 end
16 Reset all busy[:] < 0
17  end
18 end

encoded within a single iteration, i.e., multi-issue exe-
cution. For example, tuple(0,1,1) and tuple(2,1,1)
can be searched in array[0] and array[2] in parallel.
However, due to hardware constraints, each SRAM
array can only process one tuple per iteration. If there
are tuples sharing the same addrl, such as tuple(3, 2,
1), (3, 2, 2), and (1, 1, 1), the first two tuples must
wait until the array is not busy and cannot be per-
formed in parallel, requiring two iterations in this
case. For 128 SRAM arrays, the best-case scenario al-
lows up to 128 tuples to be processed in one iteration,
while the worst-case performs tuples one by one.

4.2 Performance Analysis and Optimization

Issue-14t : High SRAM Array Overhead. As the
bit width of addrl is 7-bit, 128 SRAM arrays are nec-
essary for one LutC task. Worse still, due to the uni-
fied-oriented design, the SRAM arrays are set at
256 x8 rows and 256 x2 columns, but the lookup ta-
ble for LutC only occupies a small portion of each
SRAM array. Fig.7(a) shows that the utilization ra-
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tio of each array is only 12.5%.

Issue-24# : Load Imbalanced Inter-SRAM-Arrays.
As shown in the left of Fig.7(a), we use different col-
ors to represent the number of tuples each array
needs to process over a given period. A deeper shade
of red indicates a higher workload, while green repre-
sents idle periods. The load imbalance issue is serious
because of the distribution of quality score symbols in
genomic sequencing data (Fig.8).

Multi-Copies Strategy (MCS). As described in
Fig.7(b), this approach involves duplicating the 16
“red” SRAM arrays based on the data distribution.
While this strategy can alleviate issue-2 by spreading
the tasks from 16 “red” arrays to 32, it worsens issue-
1 due to the increase of arrays (from 128 to 144).

Array-Combined Strategy (ACS). As shown in the
right of Fig.7(c), we combine the lookup table data
originally distributed across 128 arrays into fewer ar-
rays, e.g., 16. This strategy overcomes issue-1 by fill-
ing each array with valid data but worsens issue-2
due to loss of the inter SRAM arrays parallelism.

Hybrid Solution: Scheduled Array-Combined Strat-
egy. 1) Exploiting Row-Level Parallelism Intra SRAM
Array. For issue-1, we first inherit the combination
approach from ACS. However, we exploit the row-lev-
el parallelism within each SRAM array to compen-
sate for the parallelism lost by addrl combination, as
shown in the right of Fig.7(d). Specifically, when mul-
tiple input tuples share the same addrl, sym, and
have addr2 values within the range of [4N,
4(N+1)-1], they can be processed in parallel, i.e.,
one-cycle search for four addr2 values in the same
row. 2) Rearranging Data Inter Different Arrays. We
then spread 16 hotspot addrl data blocks in the
range [28, 43] (the left of Fig.7(d)) to 16 SRAM ar-
rays, following the old and new addrl mapping rule
described in (1) to alleviate the workload imbalance.
3) Transposing Array. To further enhance paral-
lelism of intra-SRAM-Array, we transpose the array
by swapping rows and columns to improve paral-
lelism from 4 to 16.

96, if oldID = 33,
(oldID — 28) x M, if 27 < oldID < 43 &
owlD — oldID +# 33,
1D
Oljlw 428, if oldI D mod M = 0,
oldID, otherwise,

(1)
where M is the number of data blocks in each array

(M = 8).



Wan-Qi Liu et al.: iSCoder: An In-SRAM Accelerator for Sequencing Data Compression 9

Tuple: Addr2: 0

(Addr], 128 128KB—AI‘TaIfS 128 512 144 128KB-Arrays 5 7r6
Addr2, Sym) :
________ Tuple 2: :
! Intra-Array ! (29,0,2) Tuple 2: -
: _s - h—d—: 1 o | (29,0,2)— :

carche e
i i Tuple 1: EZ Tuple 1: 28—43 Aldg 200
! Unsearched | [ (29,0,7) (29,0,7) . r
| [ : : 276
| ! - : .
: No Data : - 01-0 010

I
:_ _______ ! Utilization Ratio of Each Array: 12.5% . Utilization Ratio of Each Array: 12.5% )
Addr2 Intra-Array Parallelism: 1 Pos: Addr2 Intra-Array Parallelism: 1 Pos: 0, 1
T Ay | @ o
—— —
| mE | 16 128KB-Amrays 16 128KB-Arrays A Addr2: 0| Addr2: 1 s
| | Addr2: 0 27..6 | 21..7 |
— .
[ | eso 5 Tuple 2: : _
P2 i | 28,1,7) i '
re (I 28,1—7 01--0]00-1]
| 2 | . / Tuple 1:
| & | Duple l: (28,0,7) 29,9-15
mm | oo o B
P | : : Tuple 3 30, 17-23
! [ | i : : (29, 16,2) :
e e ST CEEF
__________ 100 |
Utilization Ratio of Each Array: 100% Utilization Ratio of Each Array: 100%
Addr2 Intra-Array Parallelism: 4 Addr2 Intra-Array Parallelism: 16 P0s: 1, 127.0

(©)

(d

Fig.7. Four different in-SRAM LutC designs. (a) Basic design. (b) Multi-copies strategy (MCS). (c) Array-combined strategy

(ACS). (d) Hybrid solution: scheduled array-combined strategy.

—~3
S 95.3% of All Cases
RS Quality Score Dominates
- 2 V\
5
g
s 14
51
£
€N
0

LI I LI I rrri
0 10 20 30 40 50 60
LutC Symbol Values

Fig.8. Distribution of quality score symbols.

5 iSCoder In-SRAM Architecture
5.1 Overview

The overview of our architecture is illustrated in
Fig.9. The hallmark of the unified-oriented design is
the two different execution flows sharing the same
128KB-Array SRAM Acc.

MatchC Flow. First, the input data is read from
the DDR and entered into the scratchpad. Each
128KB-Array SRAM is then initialized using the ba-
sic memory layout and optimized preload design
(PMS) described in Section 3 to store the sliding-win-
dow data. Next, an input sequence of 256 symbols is
searched for its result of (length, pointer) within the

[ DDR |
B
—¢— & SRAM Acc Arrays _¢_
X |N-Tuple Scheduler| 128KB-Array
g SRAM Acc
N
N H
2l : o
g8 ) 128KB-Array g
= | SRAM Acc 5
= 5 /\ : &
3, 128KB-Array
kS SRAM Acc
L /& 1 I
) Arbiter ]
‘§ Logic - Result Selector

—> Data Path —> Control Path e====p>MatchC Flow el LutC Flow

Fig.9. Overview of iSCoder hardware architecture.

current sliding window. Furthermore, this result is
then fetched by the result selector module, written
back to the scratchpad, and transferred to the DDR.
LutC Flow. This flow is more complex than that
of MatchC. First, each 128KB-Array is initialized us-
ing the hybrid solution mentioned in Subsection 4.2
to store the lookup table data. As shown in Fig.9,
several input tuples are initially read from the DDR
into the scratchpad. Then, N input tuples are allocat-
ed in parallel to 16 128KB-Array SRAMs based on
the N-tuple scheduler module. Finally, the positions
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found in each array are filtered and obtained by the
result selector module, written to the scratchpad and
also subsequently transferred back to the DDR.

5.2 128KB-Array SRAM Module

This hardware module is the main execution unit
of our in-SRAM design, requiring one array for one
MatchC processing engine (PE) and 16 arrays for one
LutC PE. Based on the in-SRAM CAM described in
Fig.3, our 128KB-Array SRAM module adds several
additional logic circuits to implement in-SRAM algo-
rithms proposed in Section 3 and Section 4, including
the row driver module and the peripheral design.

Row Driver. The function of this module is to
convert the input symbol sequence and its address in-
to the signals that SRAM array rows can identify. We
define a mapping table between input and signals
that CAM rows need, as shown in Fig.10. 1) Input bit
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“1” is mapped to “10” while input bit “0” is mapped
to “01”, of which the first bit 0 is connected to BL
and the second bit “1” is connected to BLB. The In-
terpreter submodule is responsible for this mapping.
2) To set other rows to the don’t-care mode when
OneCycleByteSearch is performed, “X” is necessary
and is mapped to “00”, i.e., both BL and BLB lines
are deactivated. This is implemented by the address
decoder submodule and the mask AND circuit. The
address decoder decodes the input address into a vec-
tor with “1”s at the required position of rows while
all the other positions remain “0”. The mask AND
circuit then performs a bitwise AND operation be-
tween the decoded output and the already mapped in-
put data. For example, if the addr is 0 and the input
is  “00001001”, they will be mapped to
“11111111111111110...00” and “01/01/01/01/10/01/
01/10...007, respectively, and only the first eight rows
are activated and participate in the CAM search,

Transposed Col Driver
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Row Driver }BLBO BL?EiLBl BLIIBlLBZ BL2 BLB511BL5|11 P ~1 |
_ | [ N
o w i
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—> : , e AT all LN
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Fig.10. Micro-architecture of SRAM-Array Acc. The design primarily consists of three components: basic in-SRAM CAM, peripher-

al design, and row driver. Input 10 represents

“1”, 01 represents

“0”, 00 represents “X” (do not care), 11 represents “w/r”

(write/read). This figure shows a search operation on rows 1 to 8 in the SRAM (first row symbol) for each column, and there is on-

ly the first column matching, i.e. Pos[6:0] = 7’b0000000 = 0.
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completing OneCycleByteSearch on the first eight
rows. 3) “w/r” is mapped to “11” for writing or reading.

Peripheral Design. This module generates results
of MatchC and LutC. The in-SRAM CAM design in
Fig.3 includes a group of AND gates between the out-
puts of two SAs, where “1” represents a match and
“0” represents a miss match. Based on this design, we
introduce how our peripheral design works. 1) D Flip-
Flop and AND for Each Column. This submodule is
added to overcome the hardware constraint that an
array can only activate a maximum of 64 rows simul-
taneously, as mentioned in Subsection 3.1 since D
flip-flop can save the result of the previous cycle. 2)
FindPos Tree Circuit. This submodule is responsible
for the FindPos atomic operation for MatchC and
LutC to find the position of “1” by a tree combina-
tional logic. 3) Comparator and Counter. The two cir-
cuits are used to judge the termination conditions and
record the cycle count of the current iteration as the
result of the length for MatchC. 4) Mask bitVector
AND. This submodule is designed to determine the
valid columns for slide windows, implementing the
preload & mask strategy.

5.3 N-Tuple Scheduler

This module allocates the input N tuples of LutC
to 16 128KB-array SRAM accelerators (SRAM Accs)
based on the principle of parallel execution priority.
The circuit is divided into two parts: the Crossbar
and the Arbiter Logic. The former handles the inter-
connections between the inputs and SRAM Accs,
while the latter uses combinational logic to imple-
ment the condition-checking logic required by the
LutC algorithm to determine the on/off states of the
crossbar. For example, assuming N is 4, with the in-
put tuples being (31, 35, 35), (35, 35, 35), (35, 35,
37), and (35, 37, 37), tuple(31,35,35) will be as-
signed to the Acc-3, while the remaining three tuples
will be assigned to the Acc-7. Furthermore, since
tuple(35,35,37) and tuple(35,37,37) have the same
sym and their addr2 values are in the same column
(i.e., the values obtained by dividing addr2 by 16 and
rounding down are both 2), considering the paral-
lelism of the column (16, transposed by the row), they
are scheduled to execute in parallel. In contrast,
tuple(35,35,35) must wait and be assigned to the
next cycle. In our design, the value of N is set to 16.
We will evaluate the influence of N in Section 6.

5.4 Result Selector

This module collects and selects the output re-
sults and writes them to the scratchPad. Specifically,
the MatchC flow uses the completion signal of each
iteration as a trigger to receive the length and
pointer from the 128KB-array SRAM Accs, and then
combines them and writes the result into the scratch-
Pad. The LutC flow needs to receive the allocation in-
formation from the arbiter logic at each clock cycle to
determine which SRAM Acc’s output is valid and
which tasks within the SRAM Acc are executed in
parallel in the same SRAM array. It then extracts the
required portion from the output set of positions and
writes the wvalid positions to the location in the
scratchPad.

6 Evaluation and Results
6.1 Methodology

Performance of iSCoder. We implement and veri-
fy the above modules using Verilog and SystemVer-
ilog, which are then synthesized by the open-source
EDA tool OpenROAD4 performing place-and-route
on a FreePDK 45 nml2 process technology at the
worst-case process-voltage-temperature (PVT) corner
to obtain practical estimates of delay, power con-
sumption, and area. We set the target frequency of
iSCoder to 500 MHz. For SRAM, we simulate the ac-
cess delay and energy that are obtained from CACTI
7.0[20] while area and power are estimated with Open-
RAMLE7]. Based on these results, we design a cycle-ac-
curate simulator in C++ that takes into account the
execution order, dependencies, and cycles for SRAM
and auxiliary hardware modules, yielding the final
simulated performance. The input data is preloaded
into DDR and the output data is the same as that of
the software therefore no variance in compression ratio.

Baselines. As iSCoder is the first work to acceler-
ate the MPEG-G workflow to the best of our knowl-
edge, we use the open-source software project Genie
as the baseline for performance comparison. Genie
runs on a 72-core Intel® Xeon® Gold 6354 Processor
system with a 3.0 GHz clock speed. We adjust the
number of threads to achieve optimal software perfor-
mance based on the input data size. Additionally, we
evaluate other hardware baselines: our basic in-SRAM
designs (basic, multi-basic) and naive optimization
strategies (MCS, ACS) for MatchC and LutC de-
scribed in Section 3 and Section 4, respectively for
comparison with iSCoder. As shown in Table 1, each
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Table 1. Configuration of iSCoder in T'wo Modes

Parameter Arrays per PE Tuple Number (N) Slide-Window Size Symbol Size (bits) Arrays per PE (Basic)

MatchC mode 1 / 256 byte 8 1

LutC mode 16 16 / 7 128

Note: The same configuration in both modes: row number: 256 X 8; column number: 256+4-256; array size: 128 KB; array number: 256;

column number (basic): 256; target frequency: 500 MHz.

MatchC mode PE has one SRAM array, while each
LutC mode PE has 16 SRAM arrays.

Datasets. As shown in Table 2, we use real Illumi-
na sequencing data from eight species as test datasets,
covering humans, animals, plants, and microorgan-
isms, sourced from a common database28. We special-
ly select Fastq data spanning different sizes, from
720 MB to 51 GB to evaluate the impact of data size
especially the number of blocks on performance.
Moreover, based on the human genome (human glk
v37 decoy.fasta), we use DWGSIM® to simulate
eight Fastq files with varying error rates and another
eight with different read lengths to analyze the sensi-
tivity of iSCoder. We also test two citrus reticulata
files sourced from different sequencing technologies in-
cluding PacBio (SRR24601242, 57 GB) and ONT
(SRR22063092, 12 GB).

Table 2. Eight Different Benchmark Datasets of Fastq
. . Number of
Database  Species Size (GB) Blocks
DBO Homo sapiens 51.00 203
DB1 Citrus reticulata 22.00 89
DB2 Pinus taeda 6.90 22
DB3 Camelus dromedarius 39.00 122
DB4 Triticum dicoccoides 6.90 27
DB5 Escherichia coli 0.72 2
DB6 Pseudotsuga menziesii 1.90 12
DB7 Venustaconcha 50.00 191
ellipsiformis

6.2 Overall Results

Speedup Compared with Software. Figs.11(a) and
11(b) illustrate the speedup of MatchC and LutC, re-
MatchC, iSCoder’s multi-PE
achieves an average speedup of 131x over the multi-
thread software baseline across eight DBs. Even one-
PE is also faster than multi-thread software (4.5x). 2)
For LutC, the average speedup of multi-PE over mul-
ti-thread is 191x, with the one-PE achieving 29x. DB5
is a special case where both multi-thread and multi-
PE perform significantly lower than other DBs. This

spectively. 1) For

= Multi-Thread = One-PE m=m Multi-PE

DB0 DBl DB2 DB3 DB4 DB5 DB6 DB7
(a)

DB0O DB1 DB2 DB3 DB4 DB5 DB6 DBT
(b)

Fig.11. Overall speedup of our In-SRAM design. Results are
normalized to that of a single-thread CPU. (a) Speedup of in-
SRAM MatchC. (b) Speedup of in-SRAM LutC. In the MatchC
mode, one-PE corresponds to a single SRAM array, while the
number of SRAM arrays for the multi-PE depends on the num-
ber of Fastq data blocks. In the LutC mode, one-PE corre-
sponds to a set of 16 SRAM arrays, with the number of SRAM
arrays for the multi-PE being a multiple of 16. Each SRAM ar-
ray is configured with 512 columns, including 256 additional
columns, and the N in the N-Tuple scheduler is set to 16, as
shown in Table 1.

is because each block is performed in parallel, but it
has the fewest blocks (only 2, as shown in Table 2).
When considering the latency of compressing a Fastq
file, this parameter limits multi-PE’s performance
over multi-thread software, whereas the one-PE is un-
affected. Moreover, the multi-PE performance of
MatchC is noticeably lower than average on DB6,
while LutC does not show this effect due to differ-
ences in utilization rates between MatchC and LutC
multi-PEs on DB6. Specifically, each MatchC PE on-
ly requires one SRAM array, while LutC requires 16.
Table 1 shows that the total number of arrays is 256,
meaning that the maximum PE count for MatchC
and LutC multi-PEs is 256 and 16, respectively. With
12 blocks in DB6, LutC can utilize 75% of its PEs,
while MatchC can only utilize 4.7%. For other DBs,
such as DB7 with 191 blocks, MatchC PE utilization
rises from 4.7% to 74.6%, while LutC PE utilization
only increases from 75% to 100%, resulting in differ-
ent magnitudes of improvement. Finally, we estimate
the speedup of complete sequencing compression

Ohttps://github.com/nh13/DWGSIM, Nov. 2025.
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workflows across eight different databases (DBs) un-
der two configuration modes. In our setup, MatchC
and LutC are processed using iSCoder, while entropy
coding is implemented in hardware near SRAM, with
the remaining workflows executed on the CPU. As il-
lustrated in Fig.12, 1) the speedup ranges from 1.4x
to 4.5x, depending on the workflows that are not ac-
celerated such as descriptors generation (DG) and da-
ta movement, and 2) the speedup achieved in the re-
order mode is lower than in the low-latency mode.
This is primarily due to the inclusion of global assem-
bly for SEQ in the reorder mode, which increases the
execution overhead of the DG stage.

== Reorder Mode = Low-Latency Mode

Speedup
=B RN SO N

DB0O DB1 DB2 DB3 DB4 DB5 DB6 DBT7

Fig.12. Speedup of complete compression workflows.

Compared with Hardware. We compare iSCoder
with an FPGA-based hardware accelerator (Repaq29))
designed for the genomic sequencing compression al-
gorithm, and an ASIC-based hardware accelerator
(BeeZipl2ll) proposed for general-purpose compression
algorithm. As shown in Table 3, iSCoder achieves the
highest compression ratio (21.51x) while consuming
significantly less power than Repaq. Although its
higher compression ratio is at the cost of lower
throughput compared with BeeZip, it can achieve re-
al-time genomic sequencing data compression(29,

Power and Area. Table 4 shows iSCoder’s esti-
mated power and area, with total values of 13.82 W
and 63.05 mm?, respectively, and additional logic area
accounting for nearly 15%. Moreover, the average
power reduction for MatchC and LutC is 38x and
40x, respectively. The SRAM’s power consumption is

Table 3. Comparison with Other Compression Accelerators
Accelerator  Throughput (GB/s) Power (W) C. Ratio
Repaq/®! 0.105 225.00 10.71
BeeZipl?! 6.330 1.99 4.93
iSCoder 0.109 13.82 21.51

Note: Evaluated on Homo sapiens (NA12878). C.Ratio: compres-
sion ratio.

Table 4. Estimated Power and Area Result
Component Power (W) Area (mm?)
Logic 6.50 9.77
SRAM 7.32 53.28
Total 13.82 63.05

determined by static and dynamic power from acti-
vating rows and columns.

6.3 Optimization Analysis

MatchC Mode. Fig.13 shows the impact of differ-
ent hardware designs on speedup and memory access
proportion relative to the multi-thread software base-
line. We can derive two conclusions. 1) The imbal-
ance between computation and memory access is
widespread and significant in genomic MatchC algo-
rithms. In the basic design, memory proportions ex-
ceed 90% for datasets DBO through DB7 while com-
putation proportions are less than 10%. And this im-
balance results in the single-PE basic hardware de-
sign performing up to 10x slower than the multi-
thread baseline. 2) Our optimization works. The PMS
design yields over two orders of magnitude improve-
ment in single-PE performance compared with the ba-
sic design, while the multi-PMS achieves a speedup of
45x to 280x over the multi-threaded baseline. Differ-
ences in speedup across datasets result from varia-
tions in the number of parallelizable data blocks.
With greater data parallelism in our in-SRAM design
(256 vs 72 on the CPU), speedup scales significantly
when blocks exceed 72.

— Basic === Multi-Basic /= PMS == Multi-PMS —%— Basic Mem —%— PMS Mem —
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Fig.13. Speedup of the MatchC optimization and proportion of memory access. Basic: single PE of the basic design in the MatchC
mode. Multi-Basic: 256 PEs of the basic design. PMS: single PE of the preload & mask strategy optimized design. Multi-PMS: 256
PEs of the PMS design. Basic Mem: the memory access proportion of the basic design. PMS Mem: the memory access proportion of

the PMS optimized design.
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LutC Mode. Fig.14 shows the speedup compared
with the single-issue baseline and collision rate of six
different LutC basic and optimized designs. We can
draw three conclusions. 1) The load imbalance issue is
prevalent and significant, as evidenced by the colli-
sion proportion ranging from 34% to 89% across all of
the test datasets. 2) The performance of the multi-is-
sue design is limited by the load imbalance issue. As
the collision proportion increases, the speedup of the
basic design decreases (e.g., from DB6 to DB5). 3)
Our hybrid solution works, and each of the three
strategies within it can improve performance. The
performance improvement of DB2 is particularly sig-
nificant because it has a large number of identical
symbols (high collision rate). On the one hand, se-
vere load imbalance can provide more room for the
second strategy of the hybrid solution to improve the
performance. On the other hand, similar input tuples
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can better benefit from the additional intra-array par-
allelism brought by the hybrid-1.

6.4 Design Space Exploration

In this subsection, we try to make tradeoff be-
tween speedup and area on several parameters respec-
tively, including additional SRAM array column num-
ber, the scheduled tuples number in parallel and
SRAM array number. The evaluated data is obtained
on DBO (Homo sapiens), as shown in Fig.15.

Number of Additional SRAM Columns. In Subsec-
tion 3.2, we proposed a column-shifting method to ad-
dress the imbalance between computation and memo-
ry access in in-SRAM MatchC processing, achieved
by increasing the SRAM array width (adding addi-
tional columns). Theoretically, this increase in col-
umn count has two effects. 1) The count of SRAM ar-
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Fig.14. Speedup compared with the single-issue baseline and collision rate of different LutC optimizations. Basic: the basic multi-is-
sue design in the LutC mode. MCS: the multi-copies strategy optimized design. ACS: the array-combined strategy optimized design.
Hybrid-1: the optimized design using the first strategy of the hybrid solution described in Subsection 4.2. Hybrid-1+2: the optimized
design using the first strategy and the second strategy of the hybrid solution. Hybrid-14-24-3: the optimized design using all of the
three strategies of the hybrid solution. Collision proportion: the probability that adjacent input tuples share the same addrl, and
higher collision proportion values indicate greater load imbalance for each array.
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ray refreshes decreases. For instance, with no addi-
tional columns, the array must be refreshed accord-
ing to the match with the maximum length. However,
with 64 extra columns, assuming each maximum
match is of length 2, refreshes are needed only once
every 32 iterations. 2) Execution time for each itera-
tion increases. Since each array refresh involves writ-
ing new data column-by-column, a higher column
count increases the count of cycles. These two factors
have opposing effects on performance, and we con-
duct experiments to analyze their influence on perfor-
mance and memory access proportion, as shown in
Fig.15(a). The results indicate that the speedup peak
occurs with 256 additional columns. While perfor-
mance remains high at 320 columns, it incurs unnec-
essary area and power overhead due to increased
SRAM size. Thus, we select 256 columns as the trade-
off parameter, yielding an SRAM array size of 128 KB.

Number of Parallel Tuples. This parameter, as de-
scribed in Subsection 5.3 when discussing the N-tu-
ple scheduler hardware module, represents the maxi-
mum number of tuples iSCoder can schedule at once
in the LutC multi-issue mode. These tuples are then
processed by the 128KB-SRAM array accelerator for
encoding. Given the iSCoder’s low latency, multi-lev-
el parallelism, and optimized solutions for the load
imbalance issue, performance should increase as N
grows, as shown in Fig.15(b). However, since the
scheduler module relies on a crossbar, a larger N in-
creases the size of the crossbar logic and the complex-
ity of arbitration (mapping N tuples to 16 arrays),
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not only resulting in extra area requirements, but the
delay of the scheduler also increases, where a value of
N = 32 even reduces the speedup. As a result, we se-
lect 16 for N.

Number of SRAM Arrays. As this parameter in-
creases, iSCoder scales to larger configurations, lead-
ing to higher area overhead. However, we observe
that the speedup does not always grow linearly. Let
us take the commonly used DB0 (203 blocks) as a
specific example. 1) For MatchC, each PE consists of
a single array. As shown in Fig.15(c), the area scales
nearly linearly with the number of SRAM arrays.
However, the maximum speedup is achieved around
256 arrays because each PE can process at most one
atomic block (203/256 < 1) under parallel execution.
2) For LutC, each PE comprises 16 arrays, shifting
the inflection point to 4096 (256x16 = 4096). Al-
though further increasing the number of SRAM ar-
rays can continue improving speedup for databases
with more blocks, the area eventually reaches the lim-
its of a single chip, as illustrated in Fig.15(d).

6.5 Sensitivity Analysis

Error Rate Sensitivity. Fig.16(a) shows the im-
pact of error rates on the speedup. For MatchC,
which processes read IDs, error rates have minimal ef-
fect (only 5% speedup variation) since errors rarely
occur in this field. The slight variation stems from
other little segments from SEQ. In contrast, LutC’s
performance varies significantly (up to 45%) because
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Fig.16. Speedup of different sequencing (a) error rate, (b) read length, (c) data size (GB), and (d) data from other sources (P:

PacBio, O: ONT).
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it works mainly on the quality score (QS) field. Low-
er error rates lead to higher QS values; for example,
at a 0.1% error rate, QS values cluster around 40
(within [28, 43]), allowing optimal distribution of 16
lookup tables across 16 SRAM arrays.

Read Length Sensitivity. Read length is another
parameter in Fastq data, and Fig.16(b) illustrate its
impact on the speedup of MatchC and LutC. Similar
to error rate sensitivity, the influence of read length
on MatchC is minimal (3%) due to delta encoding ap-
plied to the ID field before MatchC processing. Addi-
tionally, since iSCoder is a segmented, parallel,
streaming encoder, variations in QS length due to
read length changes have a limited effect on speedup
(5% between the maximum and the minimum com-
pared with the average).

Data Size Scaling. We evaluate the scalability of
iSCoder on larger datasets by processing eight Homo
sapiens sequencing Fastq files ranging from 50 GB to
400 GB. The accelerator is configured according to
Table 1. As shown in Fig.16(c), the speedup of iS-
Coder remains relatively stable in both MatchC and
LutC modes. This is because these two algorithms are
invoked per block in MPEG-G, and each block typi-
cally has a constant and relatively small size.

Other Sources. We further evaluate iSCoder on
genomic sequencing data from two additional sources
beyond Illumina, including four PacBio files (each has
one block) sampled from citrus reticulata
(SRR24601242, 57 GB) and four ONT files (also one
block) sampled from Citrus reticulata (SRR22063092,
12 GB). As shown in Fig.16(d), the speedup in the
MatchC mode remains stable across different sources.
This is because MatchC operates on descriptors gen-
erated from the SEQ and ID fields, which are less de-
pendent on the sequencing technology. However, the
speedup varies for LutC due to its primary focus on
QS, whose encoding schemes differ across sources.

7 Related Work

Compression Accelerator. Designing the hardware
accelerators for data compression is a common approach
and can be divided into general-purposelll: 1921 and
domain-specificl!3: 14, 291 types. As an FPGA-based ge-
sequencing data
Repaq? implements another sequencing data com-
pression algorithm instead of MPEG-G using FPGA,
achieves similar throughput but lower compression ra-
tio than iSCoder. As general-purpose accelerators,

nomic compression accelerator,
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Abali et al.'Cl proposed a hardware accelerator inte-
grated into its POWER9 and z15 processors for
GZIP, which combines the near-history and the far-
history CAM to handle character matching for
LZ77122l, This design achieves a 388x and a 13x
speedup over a single core and the full processor chip,
respectively. However, the far-history CAM relies on
a hash-based pseudo-CAM with lower performance,
and the high-performance near-history CAM uses a
comparator array based on registers with high hard-
ware overhead, which limits its size. In contrast, iS-
Coder employs an in-SRAM-based CAM, providing
larger data storage capacity and higher parallelism.
In-SRAM Accelerator. In recent years, several ac-
celerators based on in-SRAM
emerged, such as Compute Cachell?], Neural Cachell6],
and Gencachell7l. Compute Cache repurposes existing

computing have

cache arrays into active, large-scale vector computa-
tion units to perform various basic operations (ISA).
Additionally, Neural Cache and Gencache integrate
in-cache designs for operators in deep neural net-
works and sequence alignment algorithms, respective-
ly. Similar to these designs, our work utilizes bit-line
SRAM circuit technology and achieves acceleration.
However, iSCoder implements and optimizes two new
algorithms instead of simple operations using the in-
SRAM technology and focuses not only on intra-
SRAM-Array but also on scheduling inter-Arrays, dis-
tinguishing it from previous approaches.

8 Conclusions

This paper proposed a genomic sequencing data
compression accelerator iSCoder to mitigate MPEG-G
pipeline bottlenecks via in-SRAM computing. We
identified and analyzed MatchC and LutC as two bot-
tleneck algorithms in this pipeline, proposed two opti-
mized in-SRAM algorithms, and designed a unified-
oriented hardware architecture for these two algo-
rithms, considering the characteristics of genomic da-
ta. Compared with 72-core Intel processors running at
3.0 GHz, experimental results show that iSCoder
achieves an average speedup of 131x for MatchC and
191x for the LutC, respectively.
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