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Abstract
Sequence alignment is a fundamental and often time-consuming
step in genomic data analysis. Typically, it adheres to the seed-and-
extension paradigm and numerous accelerator-based approaches
have been proposed to optimize either of the kernels. However, these
approaches often increase costs and contribute minimally to the
overall alignment process. To address this, we have designed an opti-
mized full pipeline, FastBWA, which seeks to enhance performance
while keeping costs low and explores the potential of CPU com-
puting resources. Our implementation demonstrates that FastBWA
achieves up to 2.5× and 1.8× in end-to-end alignment throughput
compared to BWA-MEM and its newer version, BWA-MEM2.
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1 Introduction
Sequence alignment is an essential building block of genomic data
analysis [13, 27], which involves mapping sequence fragments
(reads) to the reference genome. In essence, it is similar to finding the
optimal matching position for a specific short substring within a large
string. BWA-MEM [18] and its updated version, BWA-MEM2 [26],
are widely used software for processing next-generation sequencing
(NGS) data, following the classic seed-and-extend paradigm [16–
18]. During the seeding phase, BWA-MEM employs the FM-Index
search [7] algorithm to identify exact matches between small seg-
ments (seeds) of the reads and the reference. In the seed-extension
phase, the Banded Smith-Waterman (BSW) algorithm [5] is used to
extend both ends of the seed until the entire read is covered. Finally,
matches with the highest scores are selected as the alignment results.

Numerous optimization initiatives [2, 3, 6, 8, 9, 11, 12, 14, 18–
21, 24–27] have been proposed to enhance the performance of
several key kernels of BWA-MEM. The Enumerated Radix Trees
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(ERT) [23] and BWA-MEME [14] based on learned indices intro-
duced new seeding algorithms that take advantage of large mem-
ory consumption to reduce irregular memory access. Meanwhile,
SeedEx and Darwin aim to accelerate the Smith-Waterman algo-
rithm through hardware-based approaches. However, optimizations
focused on specific kernels do not always result in substantial per-
formance improvements for the entire process. Furthermore, large
memory demands and additional hardware accelerators may increase
the costs of sequence alignment. Therefore, we seek a new approach
in this paper, considering the characteristics of genomic data, to find
a better solution that balances performance and cost.

From a holistic perspective, we should rethink that sequence align-
ment does not necessarily require high-end acceleration cards for
acceleration. Given that CPUs are currently more accessible and cost-
effective, they may present a more promising solution. For example,
in Amazon/Azure cloud, the prices of GPU and FPGA instances are
about 7.32× and 5.72× that of CPU instances, respectively [1]. In this
paper, we propose FastBWA, a practical cost-efficient end-to-end
solution for accelerating second-generation sequencing alignment
on CPU servers with the following optimizations: (i) For the seeding
phase, we propose the FMT-Index data structure to eliminate irregu-
lar memory access, followed by a direct-extend strategy to leverage
genomic data features to further accelerate seeding performance.
(ii) For the seed-extension phase, we propose the vectorized BSW
algorithm to accelerate this phase using intra-query parallelism and
a sliding window mechanism on CPUs. (iii) For the whole process,
we design a decoupled pipeline to alleviate the read-and-write stalls.
In addition, FastBWA ensures 100% identical output to the de facto
standard software BWA-MEM, making it a state-of-the-art (SOTA)
version of BWA-MEM and BWA-MEM2.

2 Design of FastBWA
Seeding Phase: The design philosophy of our seeding phase is to
achieve comparable performance while maintaining low memory
consumption, which allows us to make our design more practical
and cost-efficient. We use the 𝑁 -step FM-Index algorithm as the
basis of our design and set 𝑁 to be two (i.e., the Ferragina-Manzini-
Twice-Index, FMT-Index), which represents the optimal trade-off
between single memory access throughput and memory footprint [4].
As the seed length increases, over 80% of the seeds quickly drop
to one in the number of exact matching positions (hits) in the refer-
ence. At this stage, the original FM-Index algorithm still requires
irregular memory accesses to extend each base. To address this, we
employ a direct-extend strategy to align the remaining bases with
the corresponding reference bases sequentially. This approach effec-
tively reduces multiple memory accesses to a single access, thereby
improving overall performance.
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Seed-Extension Phase: BWA-MEM employs the Banded Smith-
Waterman (BSW) [5] algorithm for seed extension. Due to significant
differences in seed length and position within the reads, the lengths
of the remaining sequences (queries) exhibit substantial variability.
BWA-MEM2 [26] adopts an inter-query approach to parallelize the
computation across multiple queries. This method suffers from low
pruning efficiency since the pruning positions vary across different
queries, and queries within the same vector lane must wait for the
completion of the last query. Remarkably, the computational perfor-
mance of this approach is even inferior to the non-parallel version
of BWA-MEM under whole-exome sequencing (WES) data. We
introduced an intra-query methodology that minimizes computa-
tional bubbles and can handle the pruning strategy for each query
individually. Rather than performing a lookup for the location of
the maximum value during the BSW computation of each individ-
ual vector lane, we update it only when a larger alignment score
occurs. Fewer SIMD bubbles and redundant computations improve
the overall performance of the seed-extension phase.
Pipeline Optimization: The read-and-write process becomes the
performance bottleneck after optimizing the seeding phase and the
seed-extension phase. To address this issue, we propose a new work-
flow to maximize the overlap between I/O operations and computa-
tion, thereby effectively reducing these stalls. During the sequence
alignment process, various data blocks (i.e., input reads and output
SAMs) are temporarily stored in memory, introducing frequent mem-
ory allocation and release, which may lead to performance loss in
the multi-threading environment. BWA-MEM2 pre-allocates buffers,
but they are difficult to adjust flexibly. When involved in realloca-
tion and release operations, they can also lead to performance loss.
To tackle this problem, we introduce an elastic memory allocation
mechanism. This is based on an observation that in the sequence
alignment process, both reads and SAMs are small (1K bytes) string
sequences with different lengths. When reads are loaded for the first
time, we allocate memory for each read according to its actual size.
After these reads are processed, the corresponding small memories
are reserved and used as independent buffers to store the reads for
the next time they are loaded.

3 Evaluation
Datasets: To compare the performance of FastBWA and other base-
lines, We use the reference human genome assembly (human_g1k_v37 [22])
and five datasets to evaluate the execution time [10]. Table 1 shows
the details of the five Homo sapiens datasets we adopted. Our
datasets include three next-generation sequencing lengths (i.e., 101
bp, 144 bp, and 150 bp) and two sequencing categories (i.e., whole-
genome sequencing (WGS) and whole-exome sequencing (WES)).

Table 1: Five experimental datasets of Homo sapiens [10].

Label Type Len. Num. Source

D1 WES 144 bp 90M SRR25735653
D2 WGS 101 bp 90M ERR194147
D3 WGS 150 bp 90M SRR25735658
D4 WES 150 bp 90M SRR25735654
D5 WGS 150 bp 90M ERR9129380

Baseline: We use four SOTA baselines to compare their performance
with FastBWA: BWA-MEM [18], BWA-MEM2 [26], ERT-BWA-
MEM2 [23], and BWA-MEME [14]1 [21]. We use GCC 11.4 and
the -O3 parameter to compile and run all the CPU baselines on an
AMD Ryzen Threadripper 3970X 32-core workstation.
Results: Figure 1 shows the end-to-end execution time for all five
datasets. We can observe that: (i) Compared to the other four base-
lines BWA-MEM [18], BWA-MEM2 [26], ERT-BWA-MEM2 [23],
and BWA-MEME [14], FastBWA achieves speedups of up to 2.28×,
1.84×, 1.69×, 2.17×, and 2.94×, respectively. The average execution
time speedup of FastBWA is 2.96×, as it optimizes the seeding phase,
the seed-extension phase, and the system level. (ii) FastBWA has sta-
ble performance improvements on WGS and WES datasets (2.09×
to 2.28× compared to BWA-MEM). In contrast, BWA-MEM2, ERT-
BWA-MEM2, and BWA-MEME all perform poorly on the WES
datasets. The WES datasets generate more seeds with length dif-
ferences in adjacent regions, exacerbating the redundant computa-
tion problem of the inter-query SIMD implementation in the seed-
extension phase.

In addition to comparing performance on the same platform, we
also used Alibaba Cloud to assess costs. FastBWA and the baselines
utilized hardware platforms with minimum requirements to process
the same amount of data. Since FastBWA does not require large
memory or additional hardware devices and achieves optimal per-
formance under the same CPU hardware conditions, it incurs the
lowest cost when processing the same amount of data. FastBWA
achieves up to 2.28×, 1.84×, 2.52×, 3.23× cost reduction, respec-
tively. This emphasizes the cost-effectiveness of FastBWA compared
to baselines. These results demonstrate the efficacy of FastBWA in
delivering high performance at a lower cost, making it a valuable
tool for genome sequence alignment in bioinformatics.
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Figure 1: The performance details of BWA-MEM [18], BWA-
MEM2 [26], ERT-BWA-MEM2 [23], BWA-MEME [14], and
FastBWA in all five datasets.
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1We notice that BWA-MEM-SCALE [15] is a SOTA baseline but it can not run on
our experimental platform due to program errors. Since its throughput in the first two
epochs is close to that of ERT-BWA-MEM2 (about 98%), we use ERT-BWA-MEM2 to
estimate its performance.
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