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Abstract—With the development of three-generation genome
sequencing technology, targeted sequencing has become a fun-
damental need in virus detection, metagenomics expansion, and
human polymorphisms detection. However, previous studies on
CPU/GPU platforms have much lower throughput than Nanopore
sequencers, and hardware designs have high design cost and
flexibility issues. In this paper, we propose Crescent, a GPU-
based targeted sequence selector. Specifically, on the algorithm
level, we modify the popular-used algorithm without significantly
decreasing the accuracy and then propose four key observations.
On the architecture level, based on four key observations, we
propose two-stage parallelism mechanisms (i.e., inter-task and
intra-task) and other optimization strategies (i.e., data reuse and
redundant computation elimination) to accelerate our modified
algorithm. Our experimental results show that the throughput
of Crescent on NVIDIA A100 is 10.84× and 2.30× higher
than a state-of-the-art 16-thread and 72-thread CPU baseline,
respectively.

Index Terms—Oxford Nanopore Sequencing, SDTW, GPU
Acceleration

I. INTRODUCTION

Genome sequencing technologies, which determine the
DNA sequence of an organism, play an essential role in
personalized medicine [1]–[3], [10], evolutionary theory [4],
and forensics [5]. Since the contiguous DNA reads produced
by Nanopore sequencing can reach approximately hundreds of
thousands of bases [6] compared to the hundreds of bases of
the traditional second-generation sequencing technology [7]. It
has become a promising three-generation sequencing technol-
ogy, which can significantly improve the quality of sequenced
genome assemblies and reveal a broader spectrum of disease
and evolutionary mutations [29]–[32].

Since the basecalling process (i.e., converting current signals
to base pairs) takes up 30% ∼ 90% of the whole genome
analysis process, it is essential to sequence only the target
genome [18], [38]. Targeted sequencing (aka. Read Until)
has become an essential scenario for Nanopore sequencing,
which means filtering out unwanted reads and keeping the
desired reads [14], [15], [17], [21], [22], [25]. This technique
is widely used in virus detection, specific bacteria expansion
in the metagenomics community [16], and precise detection

of human polymorphisms, structural variants [20], and methy-
lation [33].

Distinct from the outputs of the second-generation sequenc-
ing, which are hundred of bases determined by fluorescent
labeling [7]. The output of the Nanopore sequencer (e.g.,
MinION [8]) is a string of current signals characterizing the
input bases. Since Nanopore protein pores can hold about
six to ten bases, each current value represents more than one
base, which poses a challenge for targeted sequencing. Two
broad types of studies have been conducted for Nanopore
targeted sequencing: (1) basecalling-alignment-based and (2)
raw-signal-based. (1) Basecalling-alignment-based refers to
the conversion of current signals into bases using basecalling
tools (e.g., Bonito [9] and Guppy [11]) followed by align-
ment software (e.g., BWA-MEM [12] and MiniMap2 [13])
to determine whether a genome is targeted or not. These
works [14] are characterized by high accuracy, but the complex
software process also limits their latency and scalability. (2)
Raw-signal-based has become a hot topic of current research
because of its simplicity and efficiency. It directly compares
the current signals generated by sequencers with targeted
genomes. Loose et al. [15] and SquiggleFilter [18] use sDTW
and its variant algorithms to perform direct signal comparison.
Sigmap [21] and UNCALLED [17] improve the speed and ac-
curacy of exact matching of specific sub-fragments by building
FM-index data structures for targeted genomes in advance.
SquiggleNet [19] trains a deep learning model through the
datasets of targeted and non-targeted signals in advance and
ultimately recognizes targeted sequencing signals. Squiggle-
Filter [18] proposes a hardware-friendly sDTW algorithm and
designs a hardware implementation that provides significant
throughput.

However, these methods do not meet the demand for tar-
geted sequencing in terms of throughput and low cost. For
example, the throughput of Loose et al. [15] is 40× lower
than the throughput of the current MinION sequencer. UN-
CALLED [17] and Sigmap [21] have improved throughput by
introducing the FM-index data structure, but the throughput is
still lower than MinION and requires a complex pre-processing
process. SquiggleFilter [18] has outstanding improvements in
throughput. But the high chip design cost and lack of flexibility
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become its problems.
To improve throughput and maintain the programmability

of this rapidly evolving algorithm, in this paper, we propose
Crescent, a GPU-based targeted Nanopore sequence selector.
First, we modify the sDTW algorithm of SquiggleFilter [18]
and then propose four key observations (noted as Observation-
1 to Observation-4). Second, based on Observation-1, we
propose Inter-Query Parallelism to exploit the parallelism of
the modified sDTW algorithm at the GPU block level, allowing
multiple Query to be compared in parallel using a single GPU.
Based on Observation-2, we propose Intra-Query Parallelism
to leverage the parallelism at the GPU thread level, allowing
non-dependency columns to be computed in parallel. Third,
we utilize Observation-3 and Observation-4 to further decrease
our single iteration latency from the perspective of data reuse
and redundant computation elimination.

Our specific contributions are listed as follows.

• We propose a GPU-based targeted nanopore sequence se-
lector called Crescent. We first analyze the rapidly evolv-
ing Read Until algorithm and point out the shortcomings
of existing algorithms and ASIC implementations. Based
on the observation and improvement of the algorithm,
our proposed design not only achieves high-throughput
acceleration on GPU but also ensures accuracy.

• We propose both inter- and intra-query parallelism de-
signs. For the inter-query design, we propose a query
partition method and query-block mapping method to
make full use of the limited GPU blocks. For the intra-
query design, we propose a specific tiling method and
data caching method to improve parallelism as well as
memory utilization.

• In addition, we propose query reuse and algorithm-
specific redundant computation elimination strategies to
reduce memory footprint and parallel reduction, leading
to performance improvement.

• Experimental results show that Crescent achieves 172,062
∼ 438,250 bases/s, which is 10.84× and 2.30× more
than a state-of-the-art CPU baseline with 16 and 72
threads, respectively. The throughput of Crescent is much
higher than a Nanopore MinION sequencer (230,400
samples/s) [18], which means that one GPU card can af-
ford the targeted sequencing of two Nanopore sequencers.

II. BACKGROUND

In this section, we first introduce the essential role of
the Read Until process in Nanopore sequencing. Second,
we introduce the widely used targeted sequencing algorithm
sDTW [18], and please refer to [17], [19], [21], [22] for more
details. Finally, we introduce the latest NVIDIA Ampere GPU
architecture.

Read Until. Read Until is a feature of the ONT sequencer
that analyzes reads (DNA/RNA fragments) in real-time during
sequencing. If a non-viral read is detected, the sequencer will
eject it, thus saving the time and cost of sequencing non-viral
reads (> 99% of all reads). Unfiltered viral reads are used

to construct the entire viral genome using reference-guided
assembly (alignment and variant calling).

Algorithm 1 sDTW Algorithm [18]
Inputs: R (reference), Q (query)
Outputs: min (minimum matching cost)
1: M ← R.size()
2: N ← Q.size()
3: S ← zeros(N,M)
4: S[0, 0]← abs(Q[0]−R[0])
5: prev ← zeros(N)
6: curr ← zeros(N)
7: bonus← 10
8: for i in 1 : N do
9: S[i, 0]← S[i− 1, 0] + abs(Q[i]−R[0])

10: for j in 1 : M do
11: for i in 1 : N do
12: move← S[i− 1, j − 1]− prev[i− 1]× bonus
13: < S[i− 1, j]
14: if move then
15: curr[i]← 0
16: S[i, j]← abs(Q[i]−R[j]) + S[i− 1, j − 1]
17: −prev[i− 1]× bonus
18: else
19: curr[i]← min(10, prev[i] + 1)
20: S[i, j]← abs(Q[i]−R[j]) + S[i− 1, j]

21: prev ← curr
22: curr ← zeros(N)

23: return min(S[N, :])

Algorithm Introduction. The subsequence Dynamic Time
Warping (sDTW) algorithm allows classification between the
measured signal (Query) and the pre-calculated reference
signal (Reference). It allows the entire query signal to be
aligned with any small part of the reference signal. The
Algorithm 1 shows how to match a signal (Query) to the local
position of a reference sequence (Reference). First, lines 1-
4 initialize the score matrix S and calculate the first value
of the matrix. Second, lines 4-7 introduce two intermediate
variables, prev and curr. Third, lines 8-9 initialize the first
column of the matrix S. Fourth, lines 10-21 are the process of
calculating the minimum matching cost. Finally, return the best
result S[N, :]. Since signals with higher average translocation
rates generally have higher matching costs. To ensure sDTW
matching costs solely to represent the matching quality and are
independent of translocation rate, a ”match bonus” mechanism
is implemented to reward multiple signal matches to the same
reference base. A constant (10 in Line 7) is used to represent
the upper bound of consecutive matches. As demonstrated in
Lines 12-20, the move variable is used to indicate whether the
optimal match comes from S[i-1,j-1] or S[i-1,j] (Lines 12-13).
If it comes from S[i-1,j], then it means that there are multiple
signals aligned to a single reference base (Lines 18-20), and
conversely, a single signal aligned to a single reference base
(Lines 14-17).
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NVIDIA Ampere GPU architecture. Graphics processing
units (GPUs) were developed for rendering graphics but are
now being used to accelerate many other applications due to
their massively parallel architecture [35]. Fig. 1(a) shows the
classical NVIDIA Ampere architecture. The difference from
the classical CPU is that a large amount of SM (e.g., 128 in
A100) is used for parallel computation. As shown in Fig. 1(b),
the SM is organized in groups into several Sub-Cores. Each
SM also includes an L1 cache and shared memory. Fig. 1(c)
illustrates the Sub-Core architecture, in which programmers
can allocate computing tasks to the computation units (i.e.,
INT32, FP32, FP64, and Tensor Core), and scheduling will be
done jointly by LD/ST, Warp Scheduler, and Dispatch Unit,
etc. The functions performed on the GPU are called kernels.
The data to be processed by the kernel is first copied from
the host memory to the global memory of the GPU. The
CPU (called the host) then starts the kernel. Once the kernel
is complete, the results are copied from global memory to
host memory. Data transfer between CPU and GPU is through
PCIe, which is an order of magnitude slower than accessing
GPU global memory. Therefore, we should fully use GPU
memory to efficiently process large data sets and reduce the
data transfer between CPU and GPU [34].
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Fig. 1. (a) NVIDIA A100 GPU Architecture; (b) A single Stream Multipro-
cessor (SM) architecture; (c) A single Sub-Core architecture.

III. METHODS

A. Algorithm Modification

To overcome the effect of conversion rate, Algorithm 1
introduces the bonus mechanism of matching consecutive
signals to the same reference base. SquiggleFilter [18] shows
that the introduction of this mechanism can improve the
matching performance of the algorithm by a small sample
length, but limits the possibility of accelerating this algorithm
on the GPU. As shown in Algorithm 2, we remove the
bonus mechanism in order to allow this algorithm to be
fully parallelized on the GPU. To compensate for the loss
of accuracy due to the removal of the bonus mechanism, we
used a longer sample length that can capture more matching

information to determine whether it is a targeted genome or
not. We evaluate the accuracy of the modified algorithm in
Sec. IV and describe the data dependency is described in
Sec. III-B.

Algorithm 2 Modified sDTW Algorithm
Inputs: R (reference), Q (query)
Outputs: min (minimum matching cost)
1: M ← R.size()
2: N ← Q.size()
3: S ← zeros(N,M)
4: S[0, 0]← abs(Q[0]−R[0])
5: for i in 1 : N do
6: S[i, 0]← S[i− 1, 0] + abs(Q[i]−R[0])

7: for i in 1 : N do
8: for j in 1 : M do
9: S[i, j]← abs(Q[i]−R[j])+
10: min(S[i− 1, j − 1], S[i− 1, j])

11: return min(S[N, :])

B. Key Observations

Based on the analysis of Sec. III-A for the modified sDTW
algorithm and GPU architecture, we get the following four key
observations.

Observation-1. A typical computational scenario of tar-
geted sequencing is that several different queries generated
by multiple sequencers are aligned with an identical targeted
genome at the same time, and the computation of the different
queries is also independent of each other.

Observation-2. From Fig. 2(b), we can see that the result
of S[i,j] depends on the previous i iteration to produce S[i-1,j-
1] and S[i-1,j], while there is no dependency with S[i,j-1] of
the current i iteration.

Observation-3. As shown in Fig. 2(a), the sDTW algorithm
contains two iterations, i.e., the outer iteration of Query (noted
as i) and the inner iteration of Reference (noted as j). The
inner j iteration calculates the distance between each signal
of Reference and the current signal of Query. The outer i
iteration changes the signal of Query for each computation
with Reference. This means that the inner iteration j requires
the same Query. In addition, the outer iteration i needs to be
executed serially because of the dependency between them.

Observation-4. Since an integer number of samples (i.e.,
2000, 5000, and 9000) [18] is usually used for identifying
target signals, not all minimum costs need to be calculated.

C. Crescent Design Overview

Based on Observation-1, the computation of the different
queries is independent of each other, we use inter-block
parallelism of the GPU to perform the matching task of
different Query simultaneously (see Sec. III-D). Based on
Observation-2, there is no dependency between calculations
in the same row, we exploit the intra-block parallelism of the
GPU to perform chunked parallelism for a single task (see
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Fig. 2. (a) Algorithm execution for sDTW; (b) Single-iteration dependency
(corresponds to the red box in (a)).

Sec. III-E). Based on Observation-3 and Observation-4, the
same query fragment needs to be repeated with the reference
and the sample length of the final result is discrete, we propose
data reuse and redundant computation elimination strategies to
further improve the throughput, respectively (see Sec. III-F).

D. Inter-Query Parallelism

A common scenario for target sequencing is to match sev-
eral different queries from the sequencer with a pre-processed
reference (i.e., target genome) and finally output a score for
each query to determine whether it is a target genome. As
shown in Fig. 3, the Reference sequence and Queries 0-4 are
first loaded from global memory into Blocks 0-4, and then the
matching process is processed in each block, while all blocks
are computed in parallel. In addition, due to the limited number
of blocks (e.g., five in our toy example), only part of the
sequence can be computed at a time, so we divide all queries
into different tasks, Task 1 will be executed after Task 0 is
finished in our example. The output of each query determines
whether it is a targeted genome, and they are written back to
global memory after the computation is finished. Fig. 3 is not
shown since the memory cost is small.

Reference
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Block 
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Block Task Grouping

Fig. 3. Inter-query parallelism.

E. Intra-Query Parallelism

Task Tiling. The typical reference genome, such as lambda
phage, has a length of 48502 samples [23]. The query is
usually only a fragment of the length of the reference, as
the fragment is long enough to distinguish whether it is a
targeted genome or not. Typically, the query length is taken
as 1000 ∼ 9000 samples [18]. Due to the limited number of
parallel threads within a block (e.g., 1024 in NVIDIA A100)
and shared memory (e.g., 48KB in NVIDIA A100), we use
the following chunking technique for reference and query.

• Since the number of parallel threads within a block is
much smaller than the reference length, the reference
sequence needs to be executed into chunks. As shown
in Fig. 4(a), the Reference is divided into five fragments,
R 0 to R 4. The lengths of R 0 to R 3 are all equal to the
number of threads (e.g., 512 or 1024), and the length of
R 4 is the final remaining length divided by the number
of threads.

• Since the reference in the block is executed literately,
subsequent tiles require the results of previous tiles. For
example, the computation of the first row of Tile 1
involves the result of the last row of Tile 0. Obviously,
longer query iterations will result in more intermediate
results to be cached. Due to the limited shared memory
within a block (e.g., 48KB in NVIDIA A100), we can not
iterate the entire query at once. As shown in Fig. 4(a),
the Query is also divided into two separate fragments Q
0 and Q 1.

To summarize, the matching process between a reference
sequence and a query sequence is divided into ten sub-tasks
serially executed by a block from Tile 0 to Tile 9.

Parallelism in One Tile. Fig. 4(b) gives the execution
process of Tile 0 in Fig. 4(a). S(i,j) denotes the computation
result of the i-th thread at the j-th iteration. For example, as
shown in the first column, T 0 computes S(0,1), T 1 computes
S(1,1), T 2 computes S(2,1), and T 3 computes S(3,1), and
these four threads compute in parallel to obtain the result
in the first column. The result of the first column is stored
temporarily. In the second iteration of the threads, the result
of the previous iteration is obtained, and then the next column
is computed, and so on. Fig. 4(c) depicts the computation
from S(i,1) to S(i,2) using four threads. The results of the first
iteration are stored in shared memory, and the T 0 - T 3 threads
depend on the result of the first column when they compute
the second column. The results of four parallel threads are
temporarily stored in registers and then written back to shared
memory.

Since each thread has strictly the same computation over-
head and has no load imbalance problem, we do not introduce
a finer-grained warp scheduling mechanism. We specify the
number of threads directly by the number of rows in the tile,
and take the number of threads to be an integer multiple of
32 to ensure efficient warp scheduling.

Data Caching for Tiles. To support the tiling technique
shown in Fig. 4(a), the computation in each Tile needs to
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Fig. 4. Intra-query parallelism. (a) Block iteration for a single query; (b) Thread-level parallelism of Tile 0 blocks; (c) Computation and data movement of
the first iteration.

cache some intermediate results. We describe how to cache
these data reasonably in the following.

• Since the computation of the first line of Tile 1 depends
on the last line of Tile 0 (the first lines of other Tiles
has the same phenomenon), we need to cache S(3,j) as
shown in Fig. 4(b) into shared memory at the end of
each iteration. Since we chunk the query in advance, the
overhead is acceptable (e.g., about 4KB for a query chunk
length of 1000).

• Since the computation of the first column of Tile 5
depends on the last column of Tile 0 (the first columns
of the other Tiles has the same phenomenon), we need to
cache the S(i,4) in Fig. 4(b). The computation of Tile 5
to Tile 9 needs to be started after the completion of Tile
0 to Tile 4, and the reference sequence length is usually
greater than 20000. Therefore, writing these data back
to shared memory is not acceptable. We choose to write
these data to global memory. Since these data are only
written back to global memory in the last column of the
tile and read in the first column, the long access latency
to the global memory will not affect the performance too
much.

• As shown in Fig. 4(a), the computation of the top-leftmost
element of Tile 6 depends not only on Tile 1 and Tile 5
but also on the bottom-rightmost corner element of Tile
0 1. Considering that the dependent element has only one
value, which is already loaded when Tile 5 is computed,
we can cache this particular value in a private variable
after the computation of Tile 5 is finished.

F. Other Optimization Strategies

Query Reuse. As shown in Fig. 4(a), the order of tile
computation is 0 to 9. This means that the reference sequence
is executed in fragments, and the same query data needs
to be computed against different fragments of the reference.
This inspires us to reduce the data loading time and improve
bandwidth utilization by reusing query sequences. As shown
in Fig. 5, we reuse the Q 0 in the computation of Tile 0 to
Tile 4 and go by iteration to load R 0 to R 4 of the Reference.

1This phenomenon also appears on several blocks from Tile 7 to Tile 9.

Similarly, we reuse the Q 1 in the computation for Tile 5 to
Tile 9.
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Fig. 5. Query reuse in intra-signal parallelism.

Redundant Computation Eliminate. The purpose of the
sDTW algorithm is to find the best matching for the query
and reference sequences, so we need to find the minimum
value of each column after computation. Using parallel thread
reduction in GPU to find the minimum value of each column is
very time-consuming, which will seriously affect the efficiency
of column iteration. We found that since we only need to get
the minimum value of a specific column (e.g., 1000, 5000, and
9000) [18], we do not need to compute the minimum value of
all columns. As shown in Fig. 6, since we only need to get
the minimum value of column S(i,4), all three columns from
S(i,1) to S(i,3) can eliminate the finding minimum process.
We use thread reduce to perform the parallel computation to
find the minimum of the column S(i,4).
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Fig. 6. Eliminate redundant finding minimum computation.
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IV. EVALUATION RESULTS

A. Methodology

Benchmark Datasets. We used five datasets to evaluate the
performance of Crescent, which are Lambda Phage (DB1),
Human mastadenovirus B (DB2), Human coronavirus OC43
(DB3), SARS-CoV-2 (DB4), and Tai Forest ebolavirus (DB5).
The DB1 and DB4 datasets contain MinION R9.4.1 data from
SquiggleFilter [18] and the Cadde Centre [23]. We obtained
DB2, DB3, and DB5 reference sequence data from NCBI [28]
and then used DeepSimulator 1.5 [27] to simulate the MinION
R9.4.1 current data. We also used Human DNA datasets [24]
from the ONT open dataset to evaluate the accuracy of
Crescent.

Baseline Platform. Our first evaluation platform is an
RHEL 7 with a 36-cores 72-threads Intel(R) Xeon(R) Gold
6354 CPU @3.00GHz with 256 GB host memory and an
NVIDIA A100 GPU with 32GB HBM memory, which are
noted as Crescent-CPU-72 and Crescent-GPU-A100 in the
following paper. Specifically, the NVIDIA A100 GPU has
6912 CUDA Cores and 432 Tensor Cores, and a boost
frequency of 1.41GHz. Our second evaluation platform is a
Ubuntu server (18.04) with an 8-cores 16-threads Intel(R)
Core(TM) i7-10700F @2.90GHz with 110 GB host memory
and an NVIDIA Ampere RTX3090 GPU with 24GB GDDR5
memory, which are noted as Crescent-CPU-16 and Crescent-
GPU-3090. Specifically, the NVIDIA Ampere RTX3090 GPU
has 10496 CUDA Cores and a boost frequency of 1.70GHz.

Crescent is implemented with C++ and CUDA C. The GPU
device kernel is compiled with CUDA (v11.3), and the CPU
host code is compiled with GCC 7.5.0 with the compilation
option of ”-std=c++14 -O3”. We evaluate the open source
code of SquiggleFilter [18] on two platforms, and they are
denoted as SquiggleFilter-CPU-16 and SquiggleFilter-CPU-
72, respectively.

B. Overall Results

Crescent Throughput on CPU and GPU. Fig. 7(a) shows
the throughput of the CPU and GPU implementation of
Crescent. Since Crescent-CPU-16 and Crescent-CPU-72 only
leverage the parallelism between queries, they both suffer
from sDTW being a compute-bound task, and thus both have
relatively low performance. The performance of Crescent-
CPU-16 on DB1 to DB5 is only 2333 ∼ 5000 samples/s
due to the low parallelism. Compared to Crescent-CPU-16, the
performance of Crescent-CPU-72 on five data sets is about 4×
∼ 5× of Crescent-CPU-16. This is due to Crescent-CPU-72
having a quadruple number of threads and a relatively high
processor frequency compared to Crescent-CPU-16. Since
Crescent exploits parallelism between and within queries and
fully leverages data reuse and computation elimination, it
achieves significant performance gains over CPUs. We ex-
ecute 10,000 queries for five datasets on two GPUs. The
experimental results showed that the Crescent-GPU-3090 per-
formed 130507 ∼ 333873 samples/s on DB1 to DB5 and the
Crescent-GPU-A100 performed 172062 ∼ 438250 samples/s

on DB1 to DB5, achieving about 13× and 18× throughput
improvements respectively compared to the Crescent-CPU-72.
Although the performance of a Sub-Core is lower than a single
CPU core, Crescent improves performance by increasing inter-
query parallelism (e.g., 128 in NVIDIA A100) and intra-
query parallelism (e.g., 1024 in NVIDIA A100). Considering
running Crescent on different GPUs, the Crescent-GPU-A100
achieves a performance increase of 1.31× compared to the
Crescent-GPU-3090 has a higher memory bandwidth.

Crescent Throughput vs SquiggleFilter. Fig. 7(b) com-
pares Crescent with the CPU implementation of Squiggle-
Filter [18]. Since the software of SquiggleFilter uses Python
multiprocessing and a high-performance numba implementa-
tion, it outperforms about 8× compared to the CPU of Cres-
cent. The throughput of Crescent-GPU-3090 and Crescent-
GPU-A100 are 8.26× and 10.84× higher than the throughput
of SquiggleFilter-CPU-16, respectively, and 1.75× and 2.3×
higher than SquiggleFilter-CPU-72. This is because Crescent
exploits both block-level and threads-level parallelism on the
GPU (about 128 × 1024), effectively counteracting the low
performance of a single Sub-Core. In addition, data reuse and
redundant computation elimination also reduce the impact of
low single-core performance.

Accuracy. Crescent eliminates the bonus mechanism com-
pared to the original sDTW algorithm [18], and we evaluate
whether the modified algorithm still has better classification
performance by measuring the F-score. Fig. 8 shows the
maximum F-score of our algorithm on five different datasets,
DB1-DB5. As the sample length increases, Crescent can
distinguish DB1-DB5 and human DNA fragments accurately,
and the classification accuracy is gradually increasing when
it has a longer sample length. The commonly used sample
length 5000 has 90% in accuracy on both DB1-DB5. It can
be seen that although Crescent modified the algorithm, the
classification accuracy is still high.

C. Optimization Analysis

Impact of the Number of Threads. The degree of GPU
parallelism depends on the block size, which means the
number of threads that are paralleled in one block. The
maximum number of parallel threads per block in the NVIDIA
Ampere GPU architecture is 1024. As shown in Fig. 9,
Crescent achieves maximum throughput on the five datasets
DB1-DB5 when the block size is 1024. And as the block
size gradually gets smaller, the number of parallel threads
decreases until the block size is 128, and there is no significant
change in throughput. This is because although the number
of threads per block decreases, the GPU can start more
blocks, achieving almost the same parallelism. Moreover, SM
execution is performed in warps (e.g., 32 in A100), and a
too large block size does not improve performance and is
limited by the warp scheduling efficiency. As shown in Fig. 9,
a significant reduction in throughput occurs as the number of
threads per block drops to 64 and below. Although a smaller
thread number allows a single SM to provide more blocks,
the shared memory of each SM has an upper bound, and a
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Fig. 7. The throughput comparisons on different platforms and datasets. (a) Crescent CPU vs. Crescent GPU; (b) SquiggleFilter [18] CPU vs. Crescent GPU.
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Fig. 8. Classification accuracy of Crescent on different datasets and sample
lengths.

portion of shared memory per block is consumed independent
of the block size (about 9KB when the query fragment length
is 1000), this results in a single SM not being able to utilize
all threads in parallel, thus affecting performance.
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Fig. 9. The impact of different numbers of threads on the throughput of
Crescent.

Impact of Redundant Computation Elimination. Cres-
cent uses the redundant computation elimination when com-
puting the matching cost, specifying the interval at which the
minimum value of a column needs to be computed. As shown
in Fig. 10, the redundancy elimination strategy is not used
when the value of the sample scale is 1, i.e., the minimum
value of each column is computed. The throughput of the five
datasets DB1-DB5 is at the lowest level because computing

the minimum is time-consuming and dominates the column
iteration time. As the sample scale is increased from 1 to 2000,
it can be seen that the throughput will gradually increase with
the value of the sample scale. In practice, the sample scale
is 1000 or 2000, which will allow the redundancy elimination
mechanism to improve the performance by about 4× and have
no loss of accuracy.
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Fig. 10. The impact of redundant computation elimination strategies on the
throughput of Crescent.

V. RELATED WORK

After Nanopore published its first sequencer in 2014, Loose
et al. [15] proposed the first software for targeted sequencing.
This work uses DTW and sDTW for the targeted sequencing
process for the first time, but the throughput using an 8-core
ARM processor is 40× slower than the MinION sequencer.
With the accuracy and speed of the basecalling algorithm
improving, some works [14], [26], [36], [37] use basecalling
followed by alignment for targeted sequencing. This type of
method can achieve high accuracy but latency and scalability
become bottlenecks. Inspired by the alignment software (e.g.,
BWA-MEM [12] and MiniMap2 [13]), Sigmap [21] and
UNCALLED [17] split the targeted sequencing into three
processes: event segmentation, FM-index search, and seed
clustering. Although these methods are more accurate and effi-
cient, they require the generation of pre-processing files (about
3.2 GB) and a long sample length [18]. SquiggleFilter [18] first
used the domain specific architecture to accelerate the process,
achieving astonishing speedup ratios and respectable accuracy
rates, but the hardware design has an expensive cost and is
poorly programmable. In this paper, we use GPU for the first
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time to accelerate the targeted sequencing process based on
Loose et al. [15] and SquiggleFilter [18]. On a single server-
class GPU, Crescent achieved satisfactory results in terms of
both accuracy and throughput, which can simultaneously sup-
port the targeted sequencing of two MinION sequencers [18].

VI. CONCLUSION AND FUTURE WORK

The rapid development of Nanopore genome sequencing
technology has made the acceleration of genome analysis
processes a hot research topic in computer architecture and
biology. In this paper, we propose Crescent accelerate the
targeted sequencing process. Our design consists of two parts.
First, we modify the traditional algorithm to give the possi-
bility of acceleration on GPU. Then, we propose four strate-
gies (i.e., inter-query parallelism, intra-query parallelism, data
reuse, and redundant computation elimination) to accelerate
the modified algorithm. The experimental results demonstrate
that the throughput of Crescent outperforms the state-of-the-
art 16-thread CPU and 72-thread CPU baseline at about
10.84× and 2.30× on the NVIDIA A100, respectively. We
plan to implement the new algorithm on some low-end GPUs
(i.e., NVIDIA Jetson AGX Orin) to demonstrate that average
labs with limited computing resources can benefit from this
advancement. We also plan to develop a CPU-GPU hybrid
method to further improve the throughput of Crescent in the
future.
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