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Abstract
The recent emergence of long-read sequencing technologies has enabled substan-
tial improvements in accuracy and reduced computational costs. Nonetheless, pair-
wise sequence alignment remains a time-consuming step in common bioinformat-
ics pipelines, becoming a bottleneck in de novo whole-genome assembly. Speeding 
up this step requires heuristics and the development of memory-frugal and efficient 
implementations. A promising candidate for all of the above is Myers’ algorithm. 
However, the state-of-the-art implementations face scalability challenges when deal-
ing with longer reads and large datasets. To address these challenges, we propose 
SeqMatcher, a fast and memory-frugal genomics sequence aligner. By leveraging 
the long registers of AVX-512, SeqMatcher reduces the data movement and memory 
footprint. In a comprehensive performance evaluation, SeqMatcher achieves speed-
ups of up to 12.32x for the unbanded version and 26.70x for the banded version 
compared to the non-vectorized implementation, along with energy footprint reduc-
tions of up to 2.59x. It also outperforms state-of-the-art implementations by factors 
of up to 29.21x, 17.56x, 13.47x, 9.12x, and 8.81x compared to Edlib, WFA2-lib, 
SeqAn, BSAlign, and QuickEd, while improving energy consumption with reduc-
tions of up to 6.78x.

Keywords  Approximate string matching · AVX-512 · Genome assembly · Hyyrö 
algorithm · Myers algorithm · SIMD

1  Introduction

Whole-genome sequencing allows us to know the complete DNA sequence of an 
organism’s genome in a single process from small random fragments known as 
reads. It has fostered numerous scientific advances in several fields such as per-
sonalized medicine [1–6], evolutionary theory [7, 8], and forensics [9–11] and 
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has become even more relevant with the advent of third-generation sequencing 
(also known as long-read sequencing) [12], such as PacBio [13–16] and Nanop-
ore [5, 16–19]. These technologies obtain reads of more than 10,000 base pairs 
(bp) in contrast with typically reaching up to 2x300 bp with Illumina (short reads) 
[20, 21], and they exhibit an impressive accuracy rate of 99.9%, achieved through 
various advancements, including the introduction of PacBio HiFi reads [5, 22] 
and improvements in Nanopore technology.

Advances in this field become increasingly relevant for the reconstruction of 
the complete genome, overcoming the challenges of short-read sequencing. In 
this context, algorithms based on overlap–layout–consensus (OLC) [23, 24] have 
established a prominent niche for advancement of long-read assembly due to their 
ability to handle repetitive sequences and complex genomics regions. However, 
the lack of a reference as a guide continues to pose significant computational 
challenges [25] and becomes more noticeable when the length and the complexity 
of the genome increase. In particular, the overlap step has been identified as the 
major bottleneck. This step involves all-versus-all pairwise alignment to detect 
overlapping regions among reads and leads to an unapproachable resource con-
sumption as the complexity of the genome increases.

Pairwise alignment can be formulated as a string matching (SM) problem, 
typically solved using dynamic programming (DP) algorithms. Notable examples 
include the Levenshtein distance [26], Needleman–Wunsch [27], Smith–Water-
man [28], and Smith–Waterman–Gotoh (SWG) [29]. However, these algo-
rithms exhibit quadratic time and space complexity (i.e., O(m × n) between two 
sequences with lengths m and n). The Hirschberg algorithm [30] enhances the 
space efficiency of the Needleman–Wunsch algorithm through a divide-and-
conquer approach, which becomes especially relevant for long-read alignment. 
Despite this, it still results in quadratic time complexity. One candidate to replace 
classical dynamic programming algorithms is the bit-parallel Myers (BPM) algo-
rithm [31] for approximate string matching (ASM), as well as the enhanced ver-
sion proposed by Hyyrö [32]. Both approaches achieve linear time complexity by 
employing bit-parallel techniques and efficient data structures.

The complexity of ASM has generated different proposals to exploit the inher-
ent parallelism from different perspectives based on CPUs, GPUs, and FPGAs. 
However, despite these advancements, pairwise sequence alignment remains a 
great challenge in OLC algorithms [25, 33]. We acknowledge the computational 
cost imposed by memory accesses in sequence comparison, especially when han-
dling massive sequencing datasets. This challenge becomes more significant as 
the volume of data grows. To tackle this issue, we develop SeqMatcher, an effi-
cient vectorized sequence matching algorithm that takes full advantage of high 
data-level parallelism with Intel’s AVX-512 extensions, enabling rapid compari-
son of millions of sequences.
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Our main contributions can be summarized as follows: 

1.	 SeqMatcher implements both the Myers’ and Hyyrö’s algorithm for efficient com-
putation of the Levenshtein distance using AVX-512 instructions. Our imple-
mentation outperforms the former enabling faster and more efficient analysis of 
sequence similarity.

2.	 SeqMatcher enhances Myers’ algorithm to efficiently handle short and long reads 
while introducing parallelism within each ASM operation. This modification 
enables improved performance and scalability for sequence analysis tasks.

3.	 SeqMatcher expedites two specific use cases of ASM in genome sequence analy-
sis, namely edit distance calculation and path alignment. By enhancing the perfor-
mance of these operations, we enable faster and more efficient sequence analysis 
workflows.

4.	 SeqMatcher implements a fast two-bit mapping proposal that achieves both (i) a 
reduction in memory footprint and (ii) accelerated sequence comparisons.

2 � Background

2.1 � The read matching problem

The objective of approximate string matching (ASM) applied to genomics is to iden-
tify the differences and similarities between two sequences. Let the query sequence 
Q = q1, q2..qm and the target sequence P = p1, p2..pm be two strings of elements 
from the genetic alphabet-adenine (A), guanine (G), cytosine (C), and thymine (T) 
with lengths |Q| = m and |P| = n , and a positive threshold k ≥ 0 . Further, let d(A, B) 
be the unit cost edit distance between strings A and B. Formally, ASM problem tries 
to find all positions j in P such that there is a suffix of P[1...j] matching Q with k-or-
fewer differences, that is, j such that ming�(Q,P[g...j]) ≤ k.

These differences, denoted by edits, can be classified as substitutions, deletions, 
or insertions in one or both sequences, and the cumulative cost of these edits repre-
sents the edit distance. Figure 1 shows an example of edits.

The Levenshtein distance and the Hamming distance are two widely used edit dis-
tance metrics for comparing the similarity between two sequences. The Hamming dis-
tance measures the number of symbol substitutions needed to transform one string into 

Fig. 1   Three types of errors (i.e., edits)
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another, considering only strings of equal length. On the other hand, the Levenshtein 
distance encompasses not only substitutions but also insertions and deletions, allowing 
for comparisons between strings of different lengths. Additionally, the Damerau–Lev-
enshtein distance adds the transposition of two adjacent characters to the Levenshtein 
distance. Determining the Hamming distance is a relatively easy task and has been 
effectively addressed. However, computing the Levenshtein and Damerau–Levenshtein 
distances efficiently remains a challenge, and it is the focus of this article.

ASM is necessary not only for determining the minimum number of edits between 
two genome sequences, but also for identifying the location and type of each edit. Since 
there can be numerous possible arrangements of edits and matches resulting in differ-
ent alignments, ASM typically includes a trace-back step to find the path to the optimal 
alignment. The alignment score for each path is estimated as the sum of edit penalties 
and match scores along the path, based on a user-defined scoring function. The optimal 
alignment will be given by the path with the highest alignment score.

Levenshtein [26], Smith–Waterman [28], and Needleman–Wunsch [27] propose 
common dynamic programming (DP) implementations for ASM, but they all exhibit 
quadratic time and space complexity with respect to the length of the sequence pair, 
O(mn), which raises the need to find lower complexity implementations in order to effi-
ciently support long-read sequencing.

2.2 � Myers’ and Hyyrö’s algorithm

Myers’ algorithm [31] represents an improvement over the common DP-based ASM 
implementations. The Myers algorithm addresses the task of calculating the minimum 
edit distance between a target or reference sequence and a query sequence, allowing for 
a maximum of k errors. It efficiently identifies matches and mismatches between the 
target and the query, taking into account the specified error threshold.

Myers relied on the observation of Ukkonen [34] who noticed that adjacent values 
in a DP matrix can differ by ±1 at most. Based on it, Myers re-encoded the DP scoring 
matrix by accounting only for the vertical and horizontal delta values among the adja-
cent cells.

As a result, each column j in the matrix could be represented by four bit-vectors 
which represent four states: horizontal positive ( HPj ), horizontal negative ( HNj ), verti-
cal positive ( VPj ), and vertical negative ( VNj ). Myers conducted a comprehensive anal-
ysis of the connection between an individual cell and the entire column presented as 
bit-vectors, identifying the specific bit operations needed to compute a column based 
on the bit-vectors of the preceding column.
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Thus, the complete scoring matrix could be obtained by sequentially calculating the 
bit-vector states and determining the scores at the bottom row. These properties allow 
us to represent the DP matrix D from the following bit-vectors:

Notably, the edit distance scores in the last row exhibit only ±1 changes or remain 
unchanged. The algorithm starts with maximum distance in the lower left cell. 
Changes are determined by the last bits of HPj and HNj : +1 if HPj is set, -1 if HNj is 
set, with j in 1...n. Both bits cannot be set simultaneously, and neither can indicate 
no change. Algorithm 1 shows Myers’ proposal.

From a query of length m and a target of length n, initially, both VP0 and VN0 are 
set based on the initial conditions for the cells D[i, 0]. Specifically, VP0[i] is assigned 
the value 1, and VN0[i] is set to 0 for i ∈ 1...m . Additionally, the cell D[m, 1] is ini-
tialized with the value m. Subsequently, transitioning from column j − 1 to column j 
encompasses the execution of the following four steps: 

1.	 Peq encodes the positions of a specific nucleotide within the query sequence. For 
example, given the query sequence AATC, the PeqA bit-vector is 1100 and PeqT 
is 0010. Subsequently, Peq is used to determine where each nucleotide from the 
target sequence matches with the query sequence (line 12 of Algorithm 1).

2.	 The diagonal vector D0j is computed from Peqj , VPj−1 , and VNj−1.
3.	 The horizontal vectors HPj and HNj are computed from D0j , VPj−1 , and VNj−1.
4.	 The value D[m, j] is calculated from D[m, j − 1] and the horizontal delta values 

HPj[m] and HNj[m].
5.	 The vertical vectors VPj and VNj are computed from D0j , HPj , and HNj.

An approximate occurrence of the query concludes at text position j whenever 
D[m, j] ≤ k during the target scan.

Consequently, it results in a time requirement of O(m) to precompute the Peq 
vector, with a total runtime of O(m + n⌈m∕w⌉) , where w represents the word size of 
the machine (e.g., 32 or 64 bits). By enabling the packaging of queries in units of up 
to 64 bits, such as unsigned long long int, the overall time requirements are dimin-
ished to O(m + n) . However, for whole-genome sequencing, even short reads usually 
encompass 150 nucleotides.

VPj[i] = 1 if and only if D[i, j] − D[i − 1, j] = 1,

VNj[i] = 1 if and only if D[i, j] − D[i − 1, j] = −1,

HPj[i] = 1 if and only if D[i, j] − D[i, j − 1] = 1,

HNj[i] = 1 if and only if D[i, j] − D[i, j − 1] = −1,

D0j[i] = 1 if and only if D[i, j] = D[i − 1, j − 1].
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Algorithm 1   Myers’ bit-vector proposal [31]

1: function Myers(Q, P, m, n, k) � P and Q: target and query respectively; n and
m: size of the target and query respectively; k: defined threshold

2: for σ ∈ all characters do � For genome sequencing, all characters =
{A,T,C,G}

3: Peqσ ← 0;
4: end for
5: for i from 1 to m do � preprocessing
6: PeqQ[i] ← PeqQ[i]|0m−110i−1;
7: end for
8: V P ← 1m;
9: V N ← 0m;

10: score ← m;
11: for j from 1 to n do � Searching
12: X ← PeqP [j] | V N ;
13: D0 ← ((V P + (X & V P )) ^ V P ) | X; � Diagonal zero delta vector
14: HN ← V P & D0; � Horizontal negative delta vector
15: HP ← V N | ~(V P | D0); � horizontal positive delta vector
16: X ← HP << 1; � Shifting HP for the next iteration
17: V N ← X & D0; � Vertical negative delta vector
18: V P ← (HN << 1) | ~(X | D0); � Vertical positive delta vector
19: if HP & 10m−1 then � Scoring
20: score ← score+ 1;
21: else if HN & 10m−1 then
22: score ← score− 1;
23: end if
24: if score ≤ k then
25: Report a match ending at Pj ;
26: end if
27: end for
28: return score;
29: end function

Hyyrö [35] improved Myers’ algorithm by reducing the number of nucleo-
tides processed in each column and adopted a banded strategy to compute the 
matrix. The main concept behind this approach is to limit the calculations to a 
specific region called a band by introducing an error factor. This idea is similar 
to Ukkonen’s proposal. By setting the value of k, which represents the maximum 
number of errors allowed, we can define the width of the band. Therefore, instead 
of computing the entire matrix, we only need to calculate the nucleotides that 
lie within the defined band, which limits the number of nucleotides processed in 
each column. This approach significantly reduces the memory required for the 
bit-vectors.

Typically, it is not necessary to consider more than 10% to 20% of the query 
length as an acceptable difference rate for finding similarities. Additionally, it is 
not practical to measure the edit distance for more than k = 32 differences when 
comparing texts or sequences. By limiting the maximum number of errors to 
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k = 32 , the size of the bit-vectors will be small enough to fit into a single machine 
register, leading to a time complexity of O(n).

Thus, this algorithm is separated in two phases, the diagonal and the horizontal phase. 
In the diagonal phase, the calculations progress incrementally downwards in the matrix 
until reaching the lower boundary. Figure 2 illustrates the banded approach. In this exam-
ple, we employ a band length of four nucleotides. We represent the diagonal phase using 
a solid color and the horizontal phase with a zig-zag line pattern. Hyyrö’s proposal is 
shown in Algorithm  2, specifically illustrating the computation of the diagonal phase 
for column j based on the known values of VP and VN from column j − 1 . The score is 
determined by verifying the matrix cell value at the lower boundary of the current posi-
tion, increasing by 1 only in the case of a symbol mismatch. Later, the original Myers’ 
algorithm (described in Algorithm 1) can be used to compute the horizontal phase. After 
completing the diagonal phase, the estimated score can be utilized to check if a cutoff 
point has been reached, allowing for an early termination before proceeding to the hori-
zontal processing phase.

Algorithm 2   Hyyr¨o bit-vector algorithm [35] for Levenshtein distance

*Computing j column from j − 1 column*
X ← PeqP [j] | V Nj−1;
D0 ← ((V Pj−1 + (X & V Pj−1)) ^ V Pj−1) | X | V Nj−1;
HP ← V Nj−1 | (D0 | V Pj−1);
HN ← D0j & V Pj−1;
V P ← HNj | ~ ((D0j >> 1) | HPj);
V N ← (D0j >> 1) & HPj ;

Fig. 2   Banded algorithm scheme
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However, despite that Hyyrö’s strategy reduces the complexity of the algorithm, 
it presents two main disadvantages. First, the search space in the target sequence is 
constrained, so if the alignment regions are located at distant positions between the 
two sequences, accurate identification could be hindered. It involves that a filter-
ing model must be adopted beforehand. Second, from a vectorization standpoint, 
the linear complexity is compromised with long reads when the length of the band 
surpasses the size of CPU registers, as the number of nucleotides to be processed 
in each iteration or in each column surpasses 32 or 64 bits. For example, by set-
ting a threshold of 4% or 5% of the sequence length, as in BitMapper [36], a band 
of 600 nucleotides would be required for a sequence length of 15,000 bp. It hin-
ders the widespread adoption of either approach and emphasizes the need for further 
advancements in alignment refinement algorithms.

2.3 � Vectorization extensions: AVX‑512

Intel AVX-512 is a significant advancement in vector computing which builds upon 
the previous Intel AVX instruction set extension. It enables a single instruction to 
operate on multiple data values simultaneously, just like its predecessors, but with 
an expanded capacity of up to 512 bits. This extension greatly enhances the com-
putational power and efficiency of processors by enabling larger and more complex 
data processing operations, which makes it suitable for processing long queries in 
ASM.

The new masking feature of AVX-512 allows for efficient vectorization of con-
ditional code. It enables an algorithm to selectively operate on relevant elements of 
the vectors faster than AVX and AVX2. The embedded broadcast feature facilitates 
the direct use of scalar values in calculations by means of prefixes, without requir-
ing an extra instruction. The embedded rounding control provides precise control 
over rounding or exceptions for specific instructions, ensuring accurate calculations 
without modifying the control register. Moreover, the availability of new instruc-
tions simplifies complex calculations that previously required multiple instructions, 
leading to streamlined computation and improved performance.

These advanced capabilities of Intel AVX-512 greatly contribute to take advan-
tage of the high amount of bit parallelism available in the Myers’ algorithm without 
the need for any additional hardware implementation.

3 � Related work

Various improvements and optimizations have been proposed in the literature for 
the Myers’ algorithm and the banded version of Hyyrö, particularly in the context of 
short-read sequence alignment. These enhancements aim to accelerate the alignment 
process and improve computational efficiency in specific environments.
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In the realm of CPUs, Edlib, used by Medaka [37] and Dysgu [38], represents 
the forefront implementation of Myers’ bit-vector algorithm. It uses Ukkonen’s 
banded algorithm to reduce the space of search and extends Myers’s algorithm to 
support the global alignment method and the semi-global alignment. Moreover, 
libraries, such as SeqAn [39], also include an implementation of Myer’s algorithm 
using SIMD instructions. Additionally, there are several state-of-the-art CPU 
implementations available for performing sequence alignment. From a SIMD per-
spective, Parasail [40] and KSW2 [41] (component of minimap2 [42]) present 
notable SIMD C (C99) pairwise sequence alignment libraries. Also, BSAlign [43] 
is also introduced as a new tool that utilizes an active F-loop for striped vectori-
zation and a striped move for banded dynamic programming (DP). Other librar-
ies, such as WFA2-lib [44], implement the wavefront alignment (WFA) algo-
rithm. It employs simple computational patterns that can automatically vectorize 
for different architectures without requiring code adaptation. Finally, we can add 
QuickEd [45], a high-performance exact sequence alignment based on the bound-
and-align paradigm.

Furthermore, from a hardware approach GPUs have been widely adopted as hard-
ware accelerators for pairwise sequence alignment. Thus, GPU implementations, 
such as Chacón [46], provide a CUDA version of Myers’ algorithm using a thread 
cooperative approach. Also, GASAL2 [47] provide efficient implementations of other 
sequence alignment algorithms, including Needleman–Wunsch and Smith–Water-
man. Others, such as WFA-GPU [48], present a CPU-GPU co-design capable of per-
forming inter-sequence and intra-sequence parallel sequence alignment. Similarly, 
advancements in FPGA architectures have enabled parallel approaches to sequence 
alignment, with Cai [49], D.P. Bautista [50], and Rufas [51] who provide FPGA-
based implementations of Myers’ algorithm.

Thus, FPGA-based implementations demonstrate significant performance 
improvements in terms of sequence pair comparisons per second. Specifically, 
D.P. Bautista’s implementation achieves 0.3 million comparisons per second for 
sequences pair of 112 × 128, while Cai reports an impressive 70 million compari-
sons per second using the Kintex KCU1500 FPGA, and Rufas achieves 91.5 million 
and 47.4 million comparisons per second using the D5005 and HARPv2 FPGAs, 
respectively, for sequence pairs of sizes 48 × 48, 100 × 120, and 100 × 120. How-
ever, despite these improvements, these results only assess the performance using 
short reads. For example, in the case of Rufas, the longest sequence length is 
300 × 360, achieving performance rates of 16.6 and 47.0 million comparisons per 
second for the D5005 and HARPv2 FPGAs, respectively. Furthermore, these imple-
mentations rely only on the banded version of Myers’ algorithm and do not com-
pute the entire matrix. Additionally, Cai and Rufas implementation does not support 
trace-back. Finally, FPGA-based accelerators require specialized programming and 
hardware, making them less accessible to the scientific community.



	 E. Espinosa et al.  355   Page 10 of 38

On the other hand, CPU- and GPU-based implementations provide a more com-
plete alignment with trace-back, although they exhibit lower performance. Recent 
GPU implementations, such as WFA-GPU, are capable of processing 0.5 million 
sequences per second. While it outperforms other GPU-based approaches, such 
as GASAL2, its performance remains below the results reported by Cai and Rufas. 
Additionally, the CPU version (WFA) outperforms tools such as Parasail, KSW2, 
Edlib, and SeqAn, but achieves a lower throughput of 0.47 million sequences per 
second using 10 threads.

We recognize these limitations and aims to increase the performance of CPU 
approaches with a CPU accelerator that is accessible and user-friendly for the sci-
entific community. Thus, we introduce a CPU-based pairwise aligner that leverages 
the extended AVX-512 registers to perform pairwise alignment using both unbanded 
and banded approaches based on the Myers and Hyyrö algorithms. SeqMatcher (i) 
supports both short and long reads, (ii) includes trace-back functionality to retrieve 
the complete alignment path, and (iii) scales efficiently for large genomes.

4 � SeqMatcher implementation

4.1 � Algorithm overview

The primary purpose of SeqMatcher is to accelerate pairwise sequence alignment 
through a memory-frugal and efficient algorithm. SeqMatcher addresses ASM prob-
lem with the Levenshtein distance [26] as the cost metric, which aims to find the 
minimum number of single-letter substitutions, insertions, and deletions to convert 
the target into the query. Thus, based on Myers’ [31] and Hyyrö’s [32] bit-vector 
algorithms described in Sect. 2.2, SeqMatcher introduce a fast and low-power CPU 
accelerator capable of (i) supporting trace-back, (ii) harnessing the extended regis-
ters of AVX-512 for processing long reads, and iii) enabling data-level parallelism 
with AVX-512 and harnessing the thread-level capabilities of multi-core systems 
with OpenMP to handle a large number of iterations efficiently. Thus, by exploit-
ing the ultra-wide registers of AVX-512, SeqMatcher processes long sequences 
reducing memory overhead, improving computational speed, and enhancing energy 
efficiency.

We describe the implementation of SeqMatcher in Sects.  4.2 and  4.3. It com-
prises three steps: preprocessing, matching, and score estimation. In the first step, 
we read the file with the sequences (in FASTQ or FASTA formats) and we map the 
sequences into two bits, 00 for adenine (A), 01 for cytosine (C), 10 for thymine (T), 
and lastly, 11 for guanine (G). Second, we proceed column by column through the 
DP matrix and calculate each bit-vector using Myers’ approach for the unbanded 
version and Hyyrö’s approach for the banded version. Finally, we estimate the score 
for each comparison.
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Algorithms 4 and 9 show a high level overview of unbanded and banded versions 
of SeqMatcher, respectively.

4.2 � Preprocessing

DNA and RNA sequences are made up of only four nucleotide bases: adenine (A), 
guanine (G), cytosine (C), and thymine (T) in DNA, and uracil (U) instead of thy-
mine in RNA. Consequently, two bits are enough to represent each symbol of a 
sequence instead of the one-byte ASCII representation.

This involves a fourfold reduction in space and, more importantly, it enables the 
processing of a larger number of nucleotides simultaneously in a single register. In 
fact, leveraging AVX-512 long registers we can preprocess sequences in chunks of 
64 nucleotides to end up with 512 nucleotides codified into two 512-bit registers. 
This can be effectively tackled with SIMD instructions, enabling us to: (i) avoid 
expensive branches, (ii) minimize data dependencies, and (iii) get the maximum effi-
ciency from vectorization instructions, in contrast with memory-centric approaches 
like memcpy (std::ptr::copy_nonoverlapping in Rust).

In the 8-bit ASCII code representation, the second and the third least significant 
bits align with the two-bit encoding of characters in the DNA alphabet (A, C, G, T), 
where 00 represents A, 01 is C, 10 represents T, and 11 corresponds to G.

From a SIMD perspective, we resolve the conversion from ASCII to our two-
bit-per-nucleotide representation by applying only two operations to each 8-bit ele-
ment in both, query and target sequences: (i) right shifting the ASCII character once 
and (ii) extracting the least significant bit of it to get the first bit of the nucleotide. 
Then, we repeat the previous sequence of operations to get the second bit of the 
nucleotide. Since we can process 64 ASCII-coded nucleotides in each 512-bit reg-
ister, this results into two 64-bit unsigned integers, which are stored in two separate 
64-bit unsigned integer arrays for the query, called query.bit1 and query.bit2, and 
likewise for the target, called target.bit1 and target.bit2. This separation enables us 
to perform bitwise operations more easily compared to storing the two bits in the 
same array. Then, this process is repeated in chunks of 64 nucleotides until the entire 
sequence pair is translated.

In the next steps of SeqMatcher, we only have to load eight elements from the 
bit1 array to a 512-bit register and other eight elements from the bit2 array to 
another 512-bit register, having 512 nucleotides codified into two 512-bit registers.

4.3 � Matching and scoring

After mapping all query and target sequences to our two-bit representation, Seq-
Matcher compares each pair of sequences in parallel, following a thread-level 
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approach. We distribute the pairs among threads using a static scheduling, since the 
processing time of each sequence pair is similar (read length exhibits low variabil-
ity). The thread work function is shown in Algorithm 3.

To better understand the different kind of variables used in the algorithms, we 
define the following variable types:

•	 u(#) is a #-bit unsigned integer scalar. We use both u(32) and u(64) denoting 
32-bit and 64-bit unsigned integers. We also use u(1) as a boolean.

•	 s(#) is a #-bit signed integer scalar.
•	 V(#) is an array of elements of type #. We use V(u(64)) as 64-bit unsigned inte-

gers allocated in memory, e.g., V(u(64)) bit1 = {u(64) a, u(64) b, u(64) c,...}. 
Arrays are accessed with indexes starting at 1.

•	 S(#) is a struct of type #. In this case, we define two different struct types: 
S(seq) comprises two 64-bit unsigned integer arrays and a 32-bit scalar, S(seq) { 
V(u(64)) bit1; V(u(64)) bit2; u(32) length}, which is used to encode a sequence 
of nucleotides (in our two-bit-per-nucleotide format) and its length; S(align) is a 
struct comprising two 32-bit unsigned integer scalars, S(align) {u(32) pos; s(32) 
score};

•	 R(512) is a 512-bit register.

We also use the ternary conditional operator with the syntax: 
condition ? true_expr ∶ false_expr , where condition can be a logical expression or a 
single variable of types u(#), s(#) or R(512). The single variable evaluates to false if 
it is equal to 0, and true otherwise.

Algorithm  3 outlines SeqMatcher implementation without trace-back. On pro-
cessing each pair of sequences, if the query sequence is larger than 512 nucleotides, 
it is broken down into chunks. The computation of each chunk is performed in a 
banded or unbanded vectorized manner.

We describe both banded and unbanded strategies in Sects. 4.3.1 and 4.3.2. The 
final alignment position is that whose score is minimum (line  14). The less than 
or equal operator is used to get the longest possible alignment. In case the query 
sequence is shorter than 512 (line 18), splitting the query is not necessary.

Additionally, SeqMatcher computes the alignment with trace-back (not detailed in 
the algorithms). Similar to the alignment without trace-back, if the query sequence 
exceeds 512 nucleotides, SeqMatcher divides the sequence into chunks and, in this 
case, selects the longest alignment based on the start and end positions.
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Algorithm 3   SeqMatcher algorithm without path trace-back computation

1: function SeqMatcher(S(seq) query, S(seq) target, u(1) unbanded)
2: u(32) qChunks ← �(query.length+ 512− 1)/512�;
3: u(32) rest ← query.length mod 512;
4: S(align) alignment ← {0, 232 − 1}; � Holds position and score of the final

alignment. Initialization: pos to 0, score to max
5: if qChunks > 1 then
6: for i from 1 to qChunks do � Iterations assigned to threads, e.g., omp for
7: u(32) sz ← (i = qChunks ∧ rest �= 0) ? rest : 512;
8: u(32) pq ← (i− 1) ∗ 8 + 1; � Current query.bit# position
9: if unbanded then

10: tmpAlign ← SeqMatcher unbanded(query, target, pq, sz);
11: else
12: tmpAlign ← SeqMatcher banded(query, target, pq, sz);
13: end if
14: if tmpAlign.score ≤ alignment.score; then
15: alignment ← tmpAlign;
16: end if
17: end for
18: else
19: if unbanded then
20: alignment ← SeqMatcher unbanded(query, target, 1, rest);
21: else
22: alignment ← SeqMatcher banded(query, target, 1, rest);
23: end if
24: end if
25: return alignment
26: end function

4.3.1 � Unbanded algorithm

We develop our unbanded vectorized algorithm, outlined in Algorithm 4, by leveraging 
Myers’ algorithm principles. It proceeds column by column through the DP matrix and 
returns (i) the end position in the target sequence where the query aligns with the target, 
(ii) the edit distance also known as score, and (iii) the start and end locations in the 
target of the optimal matching path. The first two outcomes involve alignments without 
trace-back, while the third outcome denotes an alignment with trace-back. For the sake 
of conciseness, Algorithms 3 and 4 show the approach without trace-back.
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Algorithm 4   Unbanded version of SeqMatcher algorithm for the estimation of the final 
position in the target

1: function SeqMatcher unbanded(S(seq) query, S(seq) target, u(32) pq, u(32)
sz) � query and target: structs with two 64-bit unsigned int arrays
storing preprocessed reads and their lengths; pq: query position to load from; sz:
length of the query sequence chunk

2: u(32) tChunks ← �(target.length+ 512− 1)/512�, pt ← 1;
3: u(32) rest ← target.length mod 512;
4: s(32) score ← 0;
5: S(align) alignment ← {0, 231 − 1} � alignment.score gets max signed integer
6: R(512) V P ← 2512 − 1, V N ← 0, jMask ← 1;
7: R(512) bit1q ← load 64(query.bit1[pq]); � Load 512 nucleotides of ...
8: R(512) bit2q ← load 64(query.bit2[pq]); � the query in 8 packs of 64
9: for t from 1 to tChunks do

10: R(512) bit1t ← load 64(target.bit1[pt]); � Load 512 nucleotides of ...
11: R(512) bit2t ← load 64(target.bit2[pt]); � the target in 8 packs of 64
12: pt ← pt+ 8; � Current target.bit# position
13: for j from 1 to (t = tChunks ∧ rest �= 0) ? rest : 512 do
14: u(1) bit1tj ← bit and(bit1t, jMask) ? 1 : 0; � Get target nucleotide ...
15: u(1) bit2tj ← bit and(bit2t, jMask) ? 1 : 0; � in column j
16: jMask ← rol(jMask); � Rotate 512-bit reg left
17: R(512) peq ← build peq(bit1q, bit2q, bit1tj, bit2tj);
18: R(512) X ← bit or(peq, V N);
19: R(512) D0 ← bit or(bit xor(V P, sum(V P, bit and(X,V P ))), X);
20: R(512) HN ← bit and(V P,D0);
21: R(512) HP ← bit or(V N, not(bit or(V P,D0)));
22: score ← score+(bit and(HP, 2sz−1) ? 1 : 0)−bit and(HN, 2sz−1) ? 1 : 0;
23: if score < alignment.score then
24: alignment.score ← score;
25: alignment.pos ← j + (t− 1) ∗ 512;
26: end if
27: X ← slli(HP );
28: V N ← bit and(X,D0);
29: V P ← bit or(slli(HN), not(bit or(X,D0));
30: end for
31: end for
32: return alignment;
33: end function

First, we load the query into two 512-bit registers (lines 7 and 8, Algorithm 4) 
and calculate each bit-vector column by column. If the query is larger than 512 
nucleotides, SeqMatcher splits it into 512-nucleotide chunks for processing 
(see Algorithm  3). Conversely, we process the target in 512-nucleotide chunks 
by accessing each position using a bitwise and operation, bit_and() , in lines 14 
and 15. This operation employs a mask to extract the initial desired bit (set to 1), 
followed by a left rotation of the mask (line 16), to access the next nucleotide in 
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the next iteration. It considerably reduces the continuous memory accesses inher-
ent when storing the target sequence in memory, reducing access latency.

Since Intel does not provide specific intrinsics for performing one-bit left rota-
tions of the entire 512 register and only provides these intrinsics for operations on 
16/32/64-bit elements, we propose this operation in Algorithm 5 using intrinsics 
that operate on packed 64-bit elements and performing bitwise operations. More-
over, Fig. 3 illustrates a high-level example of the left rotation operation. First, 
we perform a one-bit left rotation on each 64-bit element so that the msb becomes 
the lsb. Second, we create two masks: (i) one, lsb0Mask, with all ones except for 
the lsb of each packed 64-bit integer, and (ii) another, lsb1Mask, with all bits set 
to zero except for the lsb. We then apply these masks to the previously rotated 
register. The result of masking with lsb0Mask, a process we call lsb clearing, 
goes to the 4th step. The other one, as a result of what we call the lsb extracting 
process, is processed in the 3rd step, where it is concatenated with itself, shifted 
right 7 64-bit elements and then truncated to the low 8 elements. This shuffles the 
lsb’s properly so that the 8th element lsb ends up in the 1st element, and the rest 
shift left one element. Finally, in the 4th step, we apply an bitwise or of the two 
resulting registers.

Algorithm 5   Rotate 512-bit left

1: function rol(R(512) reg) � Single-bit left rotation given a 512-bit register reg
2: R(512) lsb0Mask ← set 64(264 − 2), lsb1Mask ← set 64(1);
3: R(512) regRotated ← rol 64(reg, 1); � 1-bit left rotation per 64-bit element
4: R(512) lsbExtracted ← bit and(regRotated, lsb1Mask);
5: R(512) lsbCleared ← bit and(regRotated, lsb0Mask);
6: R(512) lsbAligned ← alignr 64(lsbExtracted, lsbExtracted, 7); � Concatenate

and shift the result right 7 64-bit elements, and store the low 8 elements
7: return bit or(lsbAligned, lsbCleared); � Replace and return
8: end function

Fig. 3   Implementation of the one-bit left rotation operation
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In Myers’ algorithm, Peq is precalculated for each query sequence (see Algo-
rithm  1, lines  2-7), which involves breaking down the query into 4 bit-vectors, 
one per nucleotide, and setting the corresponding element of each bit-vector to 1 
if the nucleotide is present in the given position of the query (e.g., Q = ACT​AGC​ 
leads to PeqA = 100100 , PeqC = 010001,...). Peq is then used to determine match 
positions with a target nucleotide easily.

However, SeqMatcher does not precompute Peq for the query in advance, 
because this approach leads to inefficiencies from a SIMD perspective, where the 
goal is to minimize memory accesses, which substantially impact performance 
with long genomes. Even with cache optimizations, precomputing Peq results in 
at least four main memory accesses per query sequence (one per nucleotide) and 
m additional cache accesses for each column of the target sequence. Thus, and 
provided that the cost of computing Peq to determine the matches with the target 
nucleotide is negligible, we calculate it in each iteration (line 17 in Algorithm 4).

Consequently, once the query is loaded in 512-bit registers and the target nucleo-
tide in the current column is known, SeqMatcher calculates the Peq bit-vector for 
the given target nucleotide using only two bitwise operations on the two registers 
containing the query (see Algorithm 6): (i) two xor operations to determine the pres-
ence of each bit of the target nucleotide in the query and (ii) a nor operation to 
determine the presence of the two bits of the target nucleotide in the query (imple-
mented with an or and an xor because of the absence of nor intrinsics). We illustrate 
a straightforward example in Fig. 4 which finds the positions in the query where the 
nucleotide adenine (A), represented by the two bits 00, appears.

Algorithm 6   Find matches of one target nucleotide in a 512-nucleotide query chunk

1: function build peq(R(512) bit1q, R(512) bit2q, s(1) bit1tj, s(1) bit2tj)
2: R(512) r1 ← bit xor(bit1q, bit1tj ? 2512 − 1 : 0);
3: R(512) r2 ← bit xor(bit2q, bit2tj ? 2512 − 1 : 0);
4: return bit xor(bit or(r1, r2), 2512 − 1);
5: end function

Fig. 4   Example of the Peq bit-vector calculation for the nucleotide adenine, represented by 00
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Once we obtain the value of the Peq bit-vector, calculating each bit-vector of 
the scoring matrix is similar to Myers’ approach (see Algorithm  1). However, 
since Intel does not provide intrinsics for neither full 512-bit register addition 
(line 19, Algorithm 4) nor 512-bit register left shifting (lines 27 and 29), which 
is similar to left rotation, we propose these operations in Algorithms  7 and  8, 
respectively.

In Algorithm 7, we implement left shifting by first performing the left rotation in 
Algorithm 5 and then applying a bitwise and operation with a 512-bit register that 
has all bits to one except for the lsb.

In Algorithm 8, we perform a full 512-bit addition with carry propagation across 
64-bit elements inspired by the hardware Kogge-Stone Adder [52]. First, we add 
registers a and b in packs of 64-bit elements, storing the result in s and ignoring 
overflow. We then generate a bit-mask c to identify elements that generated a carry 
(those where s < a ), and a bit-mask m for elements that reach the maximum pos-
sible value and will generate a carry if the carry-in to them is 1. After that, we sum 
them (with c shifted left by 1) and then xor the result to obtain the final bit-mask m 
holding which elements of s should be added 1. Finally, we perform the operation 
s − max_word ( = s − (−1) ) on every 64-bit element of s whose corresponding m bit 
is set to 1, leaving the rest intact (line 8).

Unlike Hamming distance verification, which relies on matches where the differ-
ence between the start and final positions equals the read length, Myers’ algorithm 
exclusively provides the final position of a match. Specifically, Myers’ algorithm 
determines the minimal number of errors (score) for a fixed final position and a free 
start position. However, to reveal the alignment path, determining the start position 
of the solution in the target is essential. To achieve this, SeqMatcher searches the 
target backward from the final position using Myers’ algorithm on the reverse query 
and target sequences (not shown in the algorithms).

Algorithm 7   Shift 512-bit left

1: function slli(R(512) reg) � Single-bit left shift given a 512-bit register reg
2: R(512) lsb0Mask ← 2512 − 2; � All 1s but the lsb
3: return bit and(rol(reg), lsb0Mask); � Set lsb to 0 and return
4: end function
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Algorithm 8   Little-Endian 512-bit Full Adder

1: function sum(R(512) a, R(512) b) � Sum of two 512-bit registers a y b
2: R(512) max word ← 2512 − 1;
3: R(512) s ← add 64(a, b); � Add registers in packs of 64-bit elements
4: s(8) c ← cmp lt 64(s, a); � Compare 64-bit elements for less-than, and store

the results in an 8-bit mask
5: s(8) m ← cmp eq 64(s,max word); � Compare for equal to max word
6: s(32) carry ← m+ c ∗ 2; � Shift c left by 1
7: m ← m^carry; � Bitwise xor
8: return mask sub 64(s,m, s,max word); � Subtract packed

64-bit integers in max word from packed 64-bit integers in s, using writemask m.
Elements in s whose corresponding m bit is not set are left intact

9: end function

Algorithm 9   Banded version of SeqMatcher algorithm for the estimation of the final 
position in the target

Fig. 5   Example of band displacement. Using a 4-bit band, we apply a rotate tight (ror) instruction to 
shift the current bit-vector (0101), moving the new bit (1) from the lsb position in the next bit-vector to 
the msb position in the current bit-vector
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1: function SeqMatcher banded(S(seq) query, S(seq) target, u(32) pq, u(32) sz)
� Same parameters as SeqMatcher unbanded

2: R(512) V P ← 2512 − 1, V N ← 0, jMask ← 1;
3: s(32) score ← 0;
4: S(align) alignment ← {0, 231 − 1} � alignment.score gets max signed integer
5: u(32) tChunks ← �(target.length+ 512− 1)/512�, pt ← 1, j ← 1, count ← 1;
6: u(32) column ← query.length, k ← 512;
7: R(512) bit1q ← load 64(query.bit1[pq]); 	 Load 512 nucleotides of ...
8: R(512) bit2q ← load 64(query.bit2[pq]); 	 the query in 8 packs of 64
9: R(512) bit1qn ← load 64(query.bit1[pq + 8]); 	 Load next 512 ...

10: R(512) bit2qn ← load 64(query.bit2[pq + 8]); 	 nucleotides of the query
11: for t from 1 to tChunks do
12: R(512) bit1t ← load 64(target.bit1[pt]); � Load 512 nucleotides of ...
13: R(512) bit2t ← load 64(target.bit2[pt]); � the target in 8 packs of 64
14: pt ← pt+ 8; � Current target.bit# position
15: while column > k do
16: u(1) bit1tj ← bit and(bit1t, jMask) ? 1 : 0; � Get target nucleotide...
17: u(1) bit2tj ← bit and(bit2t, jMask) ? 1 : 0; � in column j
18: jMask ← rol(jMask);
19: R(512) peq ← build peq(bit1q, bit2q, bit1tj, bit2tj);
20: R(512) X ← bit or(peq, V N);
21: R(512) D0 ← bit or(bit xor(V P, sum(V P, bit and(X,V P ))), X);
22: D0 ← bit or(D0, V N);
23: score ← score+ 1− bit and(D0, 2sz−1) ? 1 : 0;
24: if score < alignment.score then
25: alignment.score ← score;
26: alignment.pos ← j;
27: end if
28: R(512) HP ← bit or(V N, not(bit or(D0, V P ));
29: R(512) HN ← bit and(D0, V P );
30: X ← srli(D0);
31: V P ← bit or(HN,not(bit or(X,HP ));
32: V N ← bit and(X,HP );
33: bit1qn ← ror(bit1qn);
34: bit2qn ← ror(bit2qn);
35: bit1q ← bit or(srli(bit1q), bit and(bit1qn, 2511));
36: bit2q ← bit or(srli(bit2q), bit and(bit2qn, 2511));
37: if count = 512 then � Load next 512 nucleotides from the query
38: count ← 0;
39: pq ← pq + 8;
40: bit1qn ← load 64(query.bit1[pq + 8]);
41: bit2qn ← load 64(query.bit2[pq + 8]);
42: end if
43: count ← count+ 1;
44: column ← column− 1;
45: j ← j + 1;
46: end while
47: end for
48: return alignment;
49: end function
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4.3.2 � Banded algorithm

Based on Hyyrö’s proposal, SeqMatcher employs a vectorized banded variant of 
Myers’ algorithm that is described in Algorithm 9, which shows the implementa-
tion of the diagonal step. Like the unbanded variant, it yields two key outputs: (i) the 
optimal end location for each query in the target and (ii) the edit distance, or score.

Similar to Hyyrö’s proposal, SeqMatcher consists of two phases: (i) diagonal, 
where it utilizes a band of 512 nucleotides, and (ii) horizontal, where it employs the 
Myers’ approach to process the remaining nucleotides. With a value k as threshold 
for the differences set at 3–5% of the length of the target sequence, SeqMatcher can 
handle sequences of up to 17,000 nucleotides. For longer sequences requiring a band 
larger than 512 nucleotides, we use a similar strategy to that outlined in Sect. 4.3.1 
for alignment without trace-back.

The loading and reading of the target remain similar to the previous unbanded 
algorithm (see Algorithm 4); however, the query loading process involves additional 
steps. To efficiently shift the band along the query, SeqMatcher performs a right 
shift operation and incorporates the new bit on the left in each iteration (see lines 35 
and 36). Since the nucleotides are stored in the register from lsb to msb, we incor-
porate the new bits at the msb position. Figure 5 provides a high-level overview of 
this operation. First, SeqMatcher performs a right rotation on the next register (from 
which we can extract the next bit to incorporate) and a right shift on the current 
register, respectively, using Algorithms 10 and 11. Next, it extracts the msb from the 
rotated register using an and operation and incorporates it into the shifted register 
with an or operation. 

The computation of each bit-vector is similar to Hyyrö’s algorithm and can be 
performed using AVX-512 intrinsics, except for the addition and right shift opera-
tions (see lines 30 and 21), which are implemented by Algorithms 8 and 11, respec-
tively, as previously discussed.

Finally, the score is estimated by verifying the matrix cell value at the lower 
boundary of the current position, increasing by 1 only in the case of a symbol mis-
match. This value can be identified by checking the last bit ( 2sz−1 ) state of D0. The 
diagonal state is 0 if the distance increases, and 1 if it does not.

When the lowest boundary is reached, the horizontal phase should be com-
puted by implementing the unbanded version described in Algorithm  4, but it is 
restricted inside the width of the band. Similar to the unbanded version (described 
in Sect. 4.3.1), we employ here a sequential approach intra-sequence. 
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Algorithm 10   Rotate 512-bit right

1: function ror(R(512) reg) � Single-bit right rotation given a 512-bit register reg
2: R(512) msb0Mask ← set 64(263 − 1), msb1Mask ← set 64(263);
3: R(512) regRotated ← ror 64(reg, 1); � 1-bit right rotation per 64-bit element
4: R(512) msbExtracted ← bit and(regRotated,msb1Mask); � Extract the msb

from each 64-bit element
5: R(512) msbCleared ← bit and(regRotated,msb0Mask); � Clear the msb bit

on each 64-bit element
6: R(512) msbAligned ← alignr 64(msbExtracted,msbExtracted, 1); �

Concatenate and shift the result right 1 64-bit element, and store the low 8
elements

7: return bit or(msbAligned,msbcleared) � Replace and return
8: end function

Algorithm 11   Right shift a 512-bit register

1: function srli(R(512) reg) � Single-bit left right given a 512-bit register reg
2: R(512) msb0Mask ← 2511 − 1; � All 1s but the msb
3: return bit and(ror(reg),msb0Mask); � Set msb to 0 and return
4: end function

5 � Experimental evaluation

5.1 � Methodology

5.1.1 � Data input

The experiments are conducted with simulated datasets of different lengths. Spe-
cifically, we use the Pan troglodytes [53] reference genome to generate random 
target sequences of varying lengths with SimLord [54]. Subsequently, we obtain 

Table 1   Summary of dataset 
characteristics

Read set Target set

Length (bp) Number Length (bp) Number

300 1,000,000 320 1,000,000
300 1,000,000 360 1,000,000
512 1,000,000 620 1,000,000
512 1,000,000 660 1,000,000
5,000 1,000,000 10,000 1,000,000
5,000 1,000,000 12,000 1,000,000
5,000 1,000,000 15,000 1,000,000
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query sequences by extracting sub-sequences of a specified length from each target 
sequence, selecting random start and end positions with an error range of 0.5–1%, 
which corresponds to the typical error rate observed in newer sequencing technolo-
gies [16, 25]. We provide a summary of different sets of sequences used in Table 1.

5.1.2 � Performance assessment

Measurement metrics We evaluate the performance of SeqMatcher on two levels: (i) 
validating the potential of our vectorization approach and (ii) assessing the perfor-
mance of thread-level parallelism. Moreover, we evaluate the performance by com-
paring our approach against state-of-the-art methods by means of: (1) the alignment 
speed, measured in sequence pairs comparisons per second, or pairs comparisons 
per second (PCPS), for simplicity, (2) energy consumption, measured in Joules (J), 
and (3) RAM peak. For the energy consumption analysis, we use the perf profiler, 
specifically measuring the energy consumed by the processor package using the 
energy-pkg event.

Baseline implementations
We compare SeqMatcher with a non-vectorized baseline implementation (both 

non-band-based and band-based), as well as with two state-of-the-art implementa-
tions of Myers’ algorithm: (i) the Edlib [55] and SeqAn [56] libraries and (ii) other 
aligners, including BSAlign [43], QuickEd [45], and WFA2-lib [44].

For the Edlib library, we use the C++ API, and we compute the edit distance 
and the alignment’s end position (without trace-back), as well as the start and 
end positions (with trace-back) using the options EDLIB_TASK_DISTANCE and 
EDLIB_TASK_LOC, respectively. Additionally, we utilize the three available modes 
to analyze the impact on performance: (i) the default global Needleman–Wunsch 
(NW), (ii) Infix (HW), and (iii) Prefix (SHW) by the options: EDLIB_MODE_NW, 
EDLIB_MODE_HW, and EDLIB_MODE_SHW, respectively. Although Edlib uses 
a band, we evaluated it with both the banded and non-banded versions to show the 
performance improvements of SeqMatcher

Similarly, for QuickEd, BSAlign and WFA2-lib, we utilize their C API and exe-
cute them in both banded and unbanded modes.

Finally, in the case of SeqAn, we leverage the test suite provided by the library 
developers [57]. We employ the AVX-512 implementation of SeqAn with a score 
size of 32 bits. Our evaluation utilizes the align_bench_par and align_bench_
par_trace tools (which perform alignments in parallel using OpenMP) to estimate 
the alignment without trace-back and with trace-back, respectively.

Results variability To mitigate the variability of the results, we perform 15 
executions for each dataset and algorithm implementation and calculate the aver-
age of all runs.
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5.1.3 � Resources and configuration

Our evaluation is performed in an Intel Xeon Gold 6230R server featuring AVX-
512 vectorization extensions. It is equipped with 2 processors, each featuring 26 
cores, resulting in a total of 52 cores. Hyperthreading is disabled. The processors 
operate at a base frequency of 2.10 GHz per core, with the ability to reach up to 4 
GHz. Additionally, the nodes are equipped with 192 GB of RAM. Each node also 
has access to 950 GB of local scratch storage, providing ample space for tempo-
rary data storage and processing.

Compiling SeqMatcher We utilize Intel icpx compiler version 2024.1 for 
the compilation of SeqMatcher. We incorporate the -mavx512f flag to enable the 
use of AVX-512 instructions and the -mfma flag to activate Fused Multiply-Add 
(FMA) instructions.

Compiling Baseline Reference We compile the scalar implementation and 
Edlib code using the Intel icpx compiler version 2024.1. However, for the SeqAn 
test suite, we used GCC g++ version 13.2.0, as recommended by the developers 
for AVX-512 architecture instructions. Similarly, we compiled BSAlign, WFA2-
lib, and QuickEd using GCC gcc version 13.2.0.

Table 2   Memory footprint of datasets encoded in ASCII and our two-bit proposal

Query set Target set ASCII (GB) 2-bits (GB)

Number Length (bp) Number Length (bp)

1,000,000 300 1,000,000 320 0.58 0,14
1,000,000 300 1,000,000 360 0.61 0.157
1,000,000 512 1,000,000 620 1.05 0.26
1,000,000 512 1,000,000 660 1,09 0.27
1,000,000 5,000 1,000,000 10,000 13.97 3.49
1,000,000 5,000 1,000,000 12,000 15.83 3.96
1,000,000 5,000 1,000,000 15,000 18.63 4.66

Table 3   Data packing time for each dataset

Target set Query set

Number Length (bp) Time (sec) Number Length (bp) Time (sec)

1,000,000 300 0.362 1,000,000 320 0.356
1,000,000 300 0.362 1,000,000 360 0.356
1,000,000 512 0.361 1,000,000 620 0.369
1,000,000 512 0.363 1,000,000 660 0.368
1,000,000 5,000 0.497 1,000,000 10,000 0.455
1,000,000 5,000 0.523 1,000,000 12,000 0.471
1,000,000 5,000 0.531 1,000,000 15,000 0.476
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5.2 � Data packing results

We present here the outcomes of the performance evaluation and analysis for our 
novel approach of packing sequences on the CPU using AVX-512. It allows us to 
(i) reduce the memory footprint and (ii) enhance the number of nucleotides that 
can be simultaneously processed.

Table 2 shows an estimation of the memory footprints resulting from encoding 
target and query sequences using ASCII and our two-bit proposal, specifically for 
the datasets described in Table 1 in Sect. 5.1.1 of this article.

Our method leverages the power of AVX-512 instructions to significantly 
reduce data packing time. Table  3 presents the time that SeqMatcher employs 
for packing each sequence on the CPU using AVX-512 across different datasets. 
Since only a few seconds are required to pack the sequences, the data packing 
time is completely eliminated.

5.3 � Performance results

5.3.1 � Single threading results

In this section, we compare SeqMatcher with our scalar implementation (in both 
non-banded and banded versions) of Myer’s algorithm to identify the significant 
speed improvements resulting from the AVX-512 vectorization. Throughout this 
section, we will refer to this implementation as the scalar version.

Moreover, we conduct a comparative analysis with state-of-the-art imple-
mentations of Myers’ algorithm, namely: (i)Edlib and SeqAn, as well as other 
aligners such as WFA2-lib, BSAlign, and QuickEd. We evaluate the read align-
ment throughput in terms of PCPS in both, unbanded and banded versions of 

Fig. 6   Throughput (PCPS) comparison of the unbanded version of SeqMatcher. On the left, we compare 
SeqMatcher’s performance without trace-back computation against the scalar implementation, SeqAn, 
and Edlib across three alignment modes: NW (global), SHW (prefix), and HW (infix). On the right, we 
compare SeqMatcher with trace-back computation to SeqAn, Edlib across the SHW and HW alignment 
modes, and the aligners: WFA2-lib, BSAlign, and QuickEd. *The x-axis labels represent the lengths of 
the query and target sequences, respectively
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SeqMatcher. Since this evaluation uses a single thread, we only employ the read 
sets of 5,000x10,000, 5,000x12,000, and 5,000x15,000 for the banded evaluation.

For the evaluation of the unbanded version of SeqMatcher, we compare it with 
the unbanded scalar version. Additionally, we compare it with Edlib (which uses 
a banded approach by default), SeqAn, QuickEd, WFA2-lib, and BSalign. For 
Edlib, we compute alignments both with and without trace-back using infix (HW) 
and the prefix (SHW) methods, while for the global (NW) method, we compute 
alignments without trace-back only. For QuickEd, WFA2-lib, and BSalign, we 
compute alignments with trace-back using their default modes. Figure  6 shows 
the number of PCPS for the estimation of the alignment without trace-back (left) 
and with trace-back (right). In general, SeqMatcher demonstrates the best overall 
performance. 

In this analysis, SeqMatcher shows a performance improvement of 12.32x com-
pared to the scalar version. Myers’ fast bit-vector algorithm requires a O(m) to 
precompute the peq vector for one query sequence, resulting in an overall runtime 
of O(m + n⌈m∕w⌉) , where w represents the word length. Thus, we expect an ideal 
acceleration close to eightfold, which is overcome by the two-bit mapping, vectori-
zation capabilities, and the enhanced optimizations of SeqMatcher.

Moreover, despite Edlib leveraging Ukkonen’s banded algorithm to constrain the 
search space and the parallelization capabilities of Myers’ algorithm, SeqMatcher 
achieves speedups of up to 7.59x, 4.35x, and 4.07x over Edlib in NW, HW, and 
SHW modes, respectively, for alignments without trace-back. For alignments with 
trace-back, the performance improves but decreases slightly, still maintaining accel-
erations of up to 3.88x and 2.16x in HW and SHW modes, respectively. The strat-
egies for computing trace-back differ between SeqMatcher and Edlib. While Seq-
Matcher applies Myers’ algorithm again, Edlib uses Hirschberg’s algorithm.

In addition, SeqMatcher achieves speedups of up to 7.89x over SeqAn for align-
ments without trace-back, and up to 13.47x, 17.56x, 8.81x, and 7.02x over SeqAn, 
WFA2-lib, QuickEd, and BSAlign, respectively, for alignments with trace-back.

Fig. 7   Throughput (PCPS) comparison of the banded version of SeqMatcher with the scalar implementa-
tion, BSAlign, QuickEd, and Edlib across three alignment modes: NW (global), SHW (prefix), and HW 
(infix). *The x-axis labels represent the lengths of the query and target sequences, respectively
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In our analysis of the poor performance of WFA2-lib, we found that its perfor-
mance improves significantly when using a read set of the same length but with 
highly similar sequences. For example, with a read set of 300x320 where the 
query aligns perfectly with the target, WFA2-lib outperforms SeqMatcher, achiev-
ing a 2.21-fold increase in speed with short reads. However, as the read set length 
increases, its performance drops significantly, and this decline becomes more nota-
ble when both the sequence length and similarity are increased. Thus, we find that 
the performance of WFA2-lib is highly sensitive to both sequence length and, par-
ticularly, to the number of discrepancies.

This is because the use of bit-vectors in Myers’ algorithm results in a time 
complexity of O(m + n⌈m∕w⌉) , and O(n⌈m∕w⌉) for SeqMatcher, which does not 
precompute the peq bit-vector, where w is the machine word size. Also, the degree 
of similarity between sequences does not affect the performance of SeqMatcher. In 
contrast, the complexity of the WFA2-lib implementation is O(ms + s2) , where s is 
the optimal alignment score. Thus, although WFA2-lib benefits from automatic vec-
torization, the increasing of divergent regions directly impact its performance, which 
also increase with increasing sequence size. On the contrary, SeqMatcher achieves 
linear time complexity when the sequence length is less than or equal to 512 nucleo-
tides, enabling greater scalability as the sequence length increases.

On the other hand, QuickEd and BSAlign exhibit similar performances, both 
lower than Edlib. Although the length and number of discrepancies affect QuickEd’s 
performance, the efficient implementation of the bound-and-align paradigm enables 
better scalability for longer and noisier sequences compared to WFA2-lib. Finally, 
SeqAn exhibits the poorest performance for alignments without trace-back.

For the evaluation of the banded version, we compare SeqMatcher with the 
banded scalar version, as well as with Edlib, BSAlign, and QuickEd. For Edlib, simi-
lar to unbanded version, we employ different alignment methods: global (NW), infix 
(HW), and prefix (SHW). For BSAlign and QuickEd, we use their banded modes. 
Figure 7 shows the results for the estimation of the alignment without trace-back. 
Since the memory consumption of QuickEd with long reads exceeds the capacity of 
our system, we reduce the number of comparisons from 1,000,000 to 10,000. Fur-
thermore, we exclude WFA2-lib from this benchmark due to its excessive execution 
time. 

In a similar fashion to the unbanded evaluation, SeqMatcher demonstrates supe-
rior performance, achieving a speedup of up to 26.70x compared to the scalar ver-
sion. As in the unbanded evaluation, we expected an acceleration of approximately 
eightfold, which is surpassed due to the optimizations implemented in SeqMatcher’s 
algorithm, and the processing of the target sequence. Similarly, SeqMatcher over-
come Edlib with a acceleration of 29.21x and 10.03x in NW and HW modes. This 
acceleration decreases to 2.11x with respect to Edlib in SHW mode. This difference 
is due to Edlib SHW aligning only a specific part (the prefix), which has a more 
noticeable impact on performance with long target sequences. Therefore, since the 
processing of the target sequence is sequential, the importance of efficient reference 
management becomes especially evident with very long references. SeqMatcher 
searches the query sequence across the entire target sequence, similar to both Edlib 
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in HW mode and the scalar version, but with AVX-512 optimization on the refer-
ence, significantly enhancing its performance.

In addition, when benchmarked against BSAlign, SeqMatcher achieves speedups 
of up to 9.12x and delivers similar performance improvements relative to QuickEd 
as it does to Edlib in SHW mode.

Finally, we analyze the accuracy of both the banded and unbanded versions of 
SeqMatcher across all datasets in determining the final position. We find that, in our 
dataset, the accuracy of the banded version is reduced by 3–10% compared to the 
unbanded version. In this regard, the use of the banded approach should be carefully 
considered based on the specific application.

5.3.2 � Multi‑threading results

In this section, we conduct a comprehensive evaluation on a multi-core system with 
52 cores using the fork-join model within the OpenMP API to efficiently distribute 
loop iterations among available threads.

Fig. 8   Throughput (PCPS) comparison of the unbanded version of SeqMatcher using both short and long 
reads with 52 threads. Above, we compare SeqMatcher’s performance without trace-back computation 
against the scalar implementation, and Edlib across three alignment modes: NW (global), SHW (prefix), 
and HW (infix). Below, we compare SeqMatcher with trace-back computation to Edlib across the SHW 
and HW alignment modes, and BSAlign.*The x-axis labels represent the lengths of the query and target 
sequences, respectively. The y-axis is displayed on a logarithmic scale
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We evaluate the performance of SeqMatcher across various datasets in both 
banded and unbanded configurations within a multi-core environment.

For the unbanded version, we evaluate the speedup across varying numbers of 
cores and assess the performance when using 52 cores to align both short and long 
reads, with and without trace-back.

In the 52-core performance analysis, we compare SeqMatcher against the sca-
lar implementation and Edlib. We exclude QuickEd from this analysis of short and 
long reads due to its excessive memory consumption with long reads, as discussed 
in the previous section (5.3.1). Additionally, we exclude WFA2-lib and SeqAn from 
the analysis due to their extended execution times.

Figure  8 shows the number of PCPS for the alignment estimation without 
trace-back (above) and with trace-back (below). Similar to the results obtained 
using a single thread, SeqMatcher demonstrates superior performance in align-
ing short reads. For long-read alignments, while Edlib in HW mode underper-
forms compared to SeqMatcher, Edlib in SHW mode yields better results. This is 
due to two main reasons. First, SeqMatcher computes the entire matrix, whereas 
Edlib leverages Ukkonen’s banded algorithm to narrow the search space. Addi-
tionally, as observed in the unbanded analysis, Edlib in HW mode searches the 
entire target sequence, while in SHW mode, it restricts the alignment by treat-
ing the query as a prefix of the target. Nevertheless, SeqMatcher’s 512-nucleotide 
sequence chunk-splitting strategy demonstrates better performance than Edlib in 
HW mode. Moreover, similar to the single-thread analysis, SeqMatcher outper-
forms BSAlign even when no banded strategy is applied.

In the speedup analysis, we calculate the speedup of the different implementa-
tions as the number of threads increases. Since the execution time of some tools 
in the unbanded version with long reads is excessively high, we do not include 
speedup results for the longest reads in this analysis. Thus, Fig.  9 shows the 
speedup of the different implementations as the number of threads increases with 
respect to the execution with a single-thread with SeqMatcher, for both alignment 
without trace-back (left) and with trace-back (right). 

We observe that the speedup remains relatively consistent across all thread 
counts, with only a slight decrease. Compared to the scalar version, the speedup is 
almost identical (12.31x with a single thread vs. 12.14x with 52 threads). Moreo-
ver, for alignment without trace-back, the speedup of SeqMatcher decreases only 
slightly to 6.57x, 4.0467x, and 3.605x with 52 cores compared to Edlib in NW, 
HW, and SHW modes, respectively. This reduction is expected, as using AVX-512 
instructions increases power consumption (see Sect. 5.5). As a result, the proces-
sor lowers its clock speed and/or voltage to manage the higher energy usage and 

Fig. 9   Speedup comparison across datasets as the number of threads increases. On the left, we compare 
the speedup of SeqMatcher without trace-back computation against the scalar implementation, Edlib 
across three alignment modes: NW (global), SHW (prefix), and HW (infix), and SeqAn, relative to the 
single-thread execution of SeqMatcher. On the right, we compare the speedup of SeqMatcher with trace-
back computation against SeqAn, Edlib in the SHW and HW alignment modes, as well as WFA2-lib, 
BSAlign, and QuickEd, all relative to the single-thread execution of SeqMatcher 

▸
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avoid overheating. In the case of SeqAn, the speedup increases to 8.91x, which is 
expected since SeqAn also utilizes SIMD instructions.

In the case of alignment with trace-back, SeqMatcher shows similar results, 
with a slight decrease to 6.87x and 8.32x with 52 cores compared to BSAlign and 
QuickEd, respectively.

For the banded version, we evaluate the speedup across varying numbers of cores. 
In this analysis, we compare SeqMatcher against the scalar implementation, as well 
as the libraries Edlib, and BSAlign. Figure 10 presents the speedup for the banded 
version, using the single-thread execution of SeqMatcher as a reference for align-
ment without trace-back. As in the unbanded evaluation, the speedup remains rela-
tively consistent across all thread counts. The acceleration compared to the scalar 
version is almost identical (26.70x with a single thread vs. 26.76x with 52 threads). 
In comparison with BSAlign and Edlib, the speedup only decreases slightly, reach-
ing 12.60x with respect to BSAlign, and 24.22x and 8.62x with respect to Edlib in 
NW and HW modes, respectively.

5.4 � Memory footprint

Table 4 presents the peak RAM usage of the evaluated algorithms. Since the RAM 
peak is slightly higher between the unbanded with respect to banded versions for the 
long reads evaluated, we only report the RAM peak for the alignment computation 
with trace-back using the unbanded approach. The exception is made for the sca-
lar version and Edlib in NW mode, where only the alignment without trace-back is 
considered.

These results experimentally confirm the significantly reduced memory footprint 
of the AVX512-accelerated implementation of Myers’ algorithm compared to both 
the scalar implementation and Edlib when aligning the read sets s320, s360, s620, 
and s660. This improvement is due to SeqMatcher’s use of AVX-512 vectorization, 
which processes intermediate vectors (e.g., VP, VN, HP, HN) directly in 512-bit 
SIMD registers, avoiding the need to store them in RAM as required by the scalar 

Table 4   Memory consumption of pairwise alignment algorithms for unbanded approach

Dataset names have been abbreviated with compact labels: s320 corresponds to "300 ×  320," s360 
to "300 ×  360," s620 to "512 ×  620," s660 to "512 ×  660," s10000 to "5000 ×  10000," s12000 to 
"5000 × 12000," and s15000 to "5000 × 15000"

Algorithm s320 s360 s620 s660 s10000 s12000 s15000

SeqMatcher 0.943 0.989 1.422 1.466 16.608 17.995 20.095
Baseline 8.212 8.242 8.720 8.766 18.781 20.555 20.555
Edlib NW 8.252 8.275 8.750 8.805 18.815 20.590 20.588
Edlib HW 8.346 8.372 8.887 8.903 18.863 20.637 20.636
Edlib SHW 8.350 8.373 8.887 8.903 18.862 20.634 20.635
WFA2 0.739 0.792 1.236 1.284 22.384 24.667 28.725
BSAlign 0.634 0.680 1.114 1.146 14.759 16.664 19.728
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version and Edlib. However, as sequence lengths increase, the difference in peak 
RAM usage narrows (20.095 MB vs. 20.555 MB for the 5,000x15,000 read set).

In contrast, WFA2-lib demonstrates a smaller memory footprint than Seq-
Matcher for short reads. However, as the sequence length increases, the alignment 
score s grows, resulting in increased memory usage due to WFA2-lib’s O(s2) space 
complexity.

Finally, BSAlign achieves the best performance, with a memory footprint slightly 
smaller than that of SeqMatcher.

5.5 � Energy consumption results

We assess the energy footprint of SeqMatcher and compare it with the scalar version 
and for the four evaluated software reference tools: Edlib, and BSAlign. We exclude 
SeqAn from direct evaluation because we evaluate the performance of SeqAn on an 
existing benchmark. Similar to the previous sections, where we used long reads, we 
exclude WFA2-lib and QuickEd from our analysis.

Fig. 11   Processor energy usage of the unbanded version of SeqMatcher with both short and long reads 
using 52 threads. Above, we compare the energy usage of SeqMatcher without trace-back computation 
against the scalar implementation and Edlib across three alignment modes: NW (global), SHW (prefix), 
and HW (infix). Below, we compare SeqMatcher with trace-back computation to Edlib across the SHW 
and HW alignment modes, as well as to BSAlign. *The x-axis labels represent the lengths of the query 
and target sequences, respectively. The y-axis in the figure is presented on a logarithmic scale
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We evaluate the energy consumption of the processor package and calculate the 
total energy in joules (J) and power in watts (W), for both banded and unbanded 
approaches.

For the unbanded version, we calculate the energy consumption for both the 
alignment without trace-back and the alignment with trace-back. Figures 11 and 12 
display the total energy consumption and power for the alignment without trace-
back (above) and with trace-back (below), respectively.

We observe that SeqMatcher achieves a significant reduction in energy consump-
tion, both for alignments with and without trace-back. Specifically, for the alignment 
without trace-back, SeqMatcher reduces energy usage by up to 2.59x, 2.17x, 2.65x, 
and 1.53x compared to the scalar implementation and Edlib in NW, HW, and SHW 
modes, respectively. Furthermore, for the alignment with trace-back, SeqMatcher 
outperforms BSAlign, and Edlib in HW and SHW modes, achieving reductions of up 
to 4.13x, 3.74x, and 1.41x, respectively. 

However, while the overall energy consumption of SeqMatcher is lower com-
pared to other programs-likely due to its significantly reduced computation time-in 

Fig. 12   Power usage of the unbanded version of SeqMatcher with both short and long reads using 52 
threads. Above we compare the power consumption of SeqMatcher without trace-back computation 
against the scalar implementation and Edlib across three alignment modes: NW (global), SHW (prefix), 
and HW (infix). Below, we compare the power usage of SeqMatcher with trace-back computation to 
Edlib across the SHW and HW alignment modes, as well as to BSAlign. *The x-axis labels represent the 
lengths of the query and target sequences, respectively
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terms of energy consumption per unit of time, SeqMatcher exhibits higher power 
usage. This is primarily attributed to the use of AVX-512 instructions, which involve 
more complex operations and result in higher power demands during execution, 
despite the shorter runtime.

Similarly, for the banded version, we evaluate the energy consumption of Seq-
Matcher against the scalar implementation, BSAlign, and Edlib. Figure 13 depicts 
the power consumption (top) and total energy consumption (bottom). As observed, 
SeqMatcher achieves energy savings of 1.37x, 3.77x, 6.78x, and 1.83x compared to 
BSAlign and Edlib in NW, HW, and SHW modes, respectively. However, as in the 
unbanded analysis, SeqMatcher exhibits the highest power consumption.

6 � Conclusions and future work

De novo genome assembly represents a crucial step in any bioinformatics work-
flow. Furthermore, with the continuous reduction in sequencing costs and the advent 
of new long-read sequencing technologies, its widespread adoption has become 

Fig. 13   Comparison of energy usage and power consumption for the banded version of SeqMatcher 
using 52 threads, against the scalar implementation, BSAlign, and Edlib across three alignment modes: 
NW (global), SHW (prefix), and HW (infix). *The x-axis labels represent the lengths of the query and 
target sequences, respectively. The y-axis above is displayed on a logarithmic scale
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prevalent within the scientific community. However, pairwise alignment algorithms 
still face crucial challenges in reducing execution time and memory consumption.

In this work, we present SeqMatcher, designed to efficiently handle large-scale 
genome pairwise sequence alignment. Thus, SeqMatcher provides a fast bit-vector 
algorithm to compute the Levenshtein distance between pairs of sequences using 
AVX-512 intrinsics.

We evaluate SeqMatcher across multiple datasets and compare it to its scalar ver-
sion, other implementations of Myer’s algorithm, and additional novel aligners. Our 
findings reveal that, despite an increase in power consumption, SeqMatcher achieves 
superior performance in aligning both long- and short-read datasets compared to 
state-of-the-art methods.

However, a key limitation of our work is the lack of certain intrinsics for per-
forming addition, rotation, and shift operations on full registers, rather than on 16-, 
32-, or 64-bit packets. This has necessitated the implementation of these operations 
using multiple intrinsics, which introduces additional complexity and may reduce 
the overall efficiency of the system, particularly when processing large datasets. As 
future work, we will explore the inclusion of new vector instructions for accelerating 
full add, shift, and rotate operations in the open RISC-V standard.

Additionally, by using a 2-bit mapping, the ’N’ values are ignored, which could 
impact performance. We plan to study the effect of this limitation in future work.
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