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ABSTRACT
Needleman-Wunsch dynamic programming algorithm measures the
similarity of the pairwise sequence and finds the optimal pair given the
number of sequences. The task becomes nontrivial as the number of
sequences to compare or the length of sequences increases. This research
aims to parallelize the computation involved in the algorithm to speed up
the performance using CUDA. However, there is a data dependency issue
due to the property of a dynamic programming algorithm. As a solution,
this research introduces the heterogeneous anti-diagonal approach, which
benefits from the interaction between the serial implementation on CPU
and the parallel implementation on GPU. We then measure and compare
the computation time between the proposed approach and a
straightforward serial approach that uses CPU only. Measurements of
computation times are performed under the same experimental setup and
using various pairwise sequences at different lengths. The experiment
showed that the proposed approach outperforms the serial method in terms
of computation time by approximately three times. Moreover, the
computation time of the proposed heterogeneous anti-diagonal approach
increases gradually despite the big increments in sequence length, whereas
the computation time of the serial approach grows rapidly.
This is an open access article under the CC–BY-SA license.

1. Introduction
Bioinformatics is a discipline that applies the principles of computer science, mathematics, and
engineering to answer questions related to Biology [1]. Notably, the pairwise sequence alignment is one
very common yet the most essential task [2]. It is a technique that computes for the most optimal
alignment, given a pair of genetic sequences [3]. The goal is to identify regions of similarity from the
genetic sequences that may be a consequence of functional, structural, or evolutionary relationships
between the sequences, believing that the similar alignments and functionalities [4].
Various approaches were introduced for the sequence alignment, such as a dynamic programming
approach and a heuristic approach at the expense of accuracy [5]. Two widely known dynamic
programming based pairwise sequence alignment algorithms are Needleman-Wunsch (NW) algorithm
[2] for the global alignment and Smith-Waterman (SW) algorithm [6] for the local alignment [7]. Both
algorithms find the most optimal alignment given a pair of sequences, and their computation time is
proportional to the length of two sequences to be aligned [8]. Therefore, the computation time may
increase significantly when the sequence length reaches more than millions. Tools that employ heuristic
approaches such as FASTA [9] and BLAST [10] have shown to perform 40 times faster than the Central
Processing Unit (CPU) based serial implementation of the SW algorithm [11]. However, the outputs
of these tools are approximations of the optimal solution [5].
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The advancements in hardware paved the way for massive computation power [12]. Notably, the
improvements in the performance and capabilities of the Graphics Processing Unit (GPU) placed itself
to be the leading competitive computing hardware of chip-level parallelism [13]. It reduces the
computation time by concurrently executing multiple processes utilizing threads and processing units
[14]. Numerous attempts were made to adapt these parallelism techniques to improve the performance
of the sequence alignment algorithm [15][16].
Researchers initially debated on the CPU and GPU implementations [17]–[19]; however, it shifted
to a paradigm of combining CPU and GPU to achieve further computation gains. This is also known as
heterogeneous computing [20]. The heterogeneous computing environment orchestrates the
interconnected machines such as CPU and GPU to perform an application whose subtasks have diverse
execution requirements [21]. However, software development infrastructure for the parallel
programming and libraries supporting the multiple vendors’ hardware platforms are needed for parallel
architectures and heterogeneous computing [22].
Compute Unified Device Architecture (CUDA) is one recently introduced framework that makes
use of parallel compute engines in NVIDIA GPUs to solve complex computational problems efficiently
[23]. CUDA is mapped to various applications and enhances the performance significantly. We also aim
to benefit CUDA to improve the performance of the NW algorithm [24][25]. However, the parallel
execution of sequence alignment algorithms may cause a problem. The problem is related to the data
dependency issue. It may lead to the exploration of different parallelization and vectorization techniques
[2].
Numerous researches have been conducted to enhance the performance of sequence alignment
algorithms by parallelization. In Ling et al. [26], the NW algorithm was implemented on a CUDAcompatible GPU employing a divide-and-conquer technique. It divides the entire matrix computation
into sub-matrices. A certain number of threads and amounts of memory are allocated in each sub-matrix
for parallel execution. The computation time improved 15 times faster than the CPU implementation.
In Chen et al. [27], all the elements in the same column of the dynamic programming matrix were
computed in parallel independently. It enhanced the NW algorithm performance faster by 37 times.
Similarly, Che et al. [28] states that the implementation of dynamic programming based sequence
alignment in CUDA showed 2.9 times faster in computation time compared to the single-threaded CPU
based implementation. In addition, to GPU implementation of the NW algorithm, Jararweh et al. [8]
represented two-dimensional array as a one-dimensional array for memory optimization, which positively
affected the overall performance. The performance became 72.5 times faster than the sequential
implementation.
Another research is about accelerating global sequence alignment using Cuda which was conducted
by Siriwardena and Ranasinghe [7] stated that the use of different memory types in GPU gives different
results. The performance got twice faster when global memory was used, while the use of shared memory
achieved 4.2 times faster compared to the CPU based implementation. The entire matrix is divided into
blocks, and they are computed in parallel using an anti-diagonal (AD) technique [29]. Research Fakirah
et al. [30] used a method similar to Siriwardena and Ranasinghe [7], and it was able to achieve the
performance gain of 93.7 percent at a sequence length of 20,000.
This paper proposes a heterogeneous AD technique to improve the NW algorithm performance. The
main difference is that this research divides the matrix into blocks in a different way, and thus, the
parallelization is performed differently. A similar approach to our study was taken by Fakirah et al. [30].
It, however, differs in the implementation of vectors and the type of graphics card used. This research
only uses three vectors for the entire process, which may contribute to memory optimization as well.
The rest of this paper is organized as follows. The first few sections discuss the conventional NW
algorithm, techniques, and approaches. Then the experimental setup is presented. The serial
implementation is done in Java programming language, while the proposed heterogeneous AD
implementation is done in C/C++ programming language with CUDA. Finally, results and conclusions
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ISSN 2442-6571

International Journal of Advances in Intelligent Informatics
Vol. 6, No. 1, March 2020, pp. 97-108

99

will follow. Terms such as CPU and host are used interchangeably to avoid possible confusion, while
terms such as GPU, device, and kernel are used interchangeably as well.

2. Method
2.1. Needleman-Wunsch (NW) Algorithm
NW algorithm is a well-known dynamic programming algorithm used for global sequence alignment
[2]. NW algorithm aims to find the most optimal alignments between the two given genetic sequences
among the many possible alignments and the score given to the most optimal alignment is called the
maximum score.
NW algorithm makes use of a two-dimensional array, each cell holding two different values: a score
and a pointer. The pointer is a directional navigator that points to the left, top, or diagonal (upper-left).
It indicates where the current cell’s maximum score came from. These pointers are used during the
trace-back step to retrieve two aligned genetic sequences. On the other hand, scores are the values
assigned to each cell. NW algorithm requires a predefined score schema to compute for the score. The
schema includes 1) miss, 2) gap, and 3) match.
Three different scores are computed based on the scoring schema and the maximum score is chosen.
The first of the three scores is the horizontal gap score that is the sum of the cell to the left and the gap
score. The vertical gap score that is the sum of the cell to the up and the gap score, while a diagonal
(upper-left) score that is the sum of the diagonal (upper-left) cell score and either match- or miss-score.
Match-score is added if the pairwise sequences at the current index match; otherwise, the miss-score is
added. Such computation continues until all the cells are filled up. Once finished, the value at the most
bottom-right cell is the maximum score.
The NW algorithm has three steps: initialization, fill, and traceback. However, only initialization and
fill steps are discussed in this paper. This is because the traceback step does not involve computations.
2.2. Row-Wise (RW) Technique
The RW technique solves the problem using two vectors, each acting as a reference and a current
row. The reference row is used to compute for the current row. Once the current row’s computation is
done, it becomes a reference row for the next new current row. In other words, the role of row changes
on every-iteration from current to reference and vice versa. This process continues until all rows are
filled up. The whole process is divided into initialization and fill steps.
The very first row is initialized during the initialization step, as shown in Fig. 1, and it serves as a
reference row. The very first column of the row is set to 0, while the rest are set using a gap-score. Then,
the fill-step begins having the second row as a current row. The first row now serves as a reference row.
Equation (1) is used during the computation. REF refers to the reference row, and CUR refers to the
current row.

Fig. 1. Row-Wise Technique
Lee et al. (Serial and parallel implementation of Needleman-Wunsch algorithm)
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In addition to data dependency, using two vectors allows longer input sequences. The maximum size
of a matrix is 232 bytes of a 2D matrix as the product of the row and column elements. The size implies
that the product of input pairwise sequence lengths is limited to 2 32 bytes. This is because the lengths
of pairwise sequences correspond to the number of row and column elements of a 2D matrix. Therefore,
representing the pairwise sequences as two distinct vectors allows each to have a length of at most 232
bytes.
𝐶𝑈𝑅 (𝑖) = 𝑀𝐴𝑋 (𝑅𝐸𝐹 (𝑖 − 1) + 𝑠(𝑥𝑟𝑜𝑤 , 𝑦𝑖 ), 𝑅𝐸𝐹 (𝑖) + 𝑔𝑎𝑝, 𝐶𝑈𝑅 (𝑖 − 1) + 𝑔𝑎𝑝)

(1)

2.3. Anti-Diagonal (AD) Technique
The AD technique addresses not only the sequence length limitation problem but also the data
dependency issue for the parallel implementation [7]. Here, cells that fall under the anti-diagonal line
form a row and represent as a vector, as shown in Fig. 2. In AD technique discussion, the terminology
both row and vector refer to a group of cells that fall under an anti-diagonal line.

Fig. 2. Anti-Diagonal Technique

There are three vectors used during the computation, two for the references and one for the current
row. One of the reference vectors is used for the diagonal score called REF_D, while the other one is
used for the horizontal and vertical score called REF_HV. The CUR is the current row that is currently
computed. AD technique is divided into initialization and fill steps.
During the initialization step, two reference vectors are filled up, as shown in Fig. 2. The first two
initialized anti-diagonal vectors serve as a REF_D and a REF_HV, respectively. The former is set to 0,
while the two cells in the latter are set to gap score. After the initialization, the filling step begins with
the third anti-diagonal row serving as a current row.
The filling step may further be divided into FORMER, MID, and LATTER phases. These phases
are distinguished by the length of the vertical sequence, as shown in Fig. 3. Each anti-diagonal row is
given a sequential index from 0 to N, where N refers to the total number of anti-diagonal rows minus
one. The anti-diagonal rows with an index less than the length of vertical sequence fall under the
FORMER phase. The row with an index equal to the length falls under the MID phase. Lastly, the rest
of the anti-diagonal rows fall under the LATTER phase. Their indices are greater than the length of
the vertical sequence. Each phase makes use of different equations: (2), (3) and (4) are used for the
FORMER, MID, and LATTER phases respectively:
𝐶𝑈𝑅 (𝑖) = 𝑀𝐴𝑋 (𝑅𝐸𝐹_𝐷 (𝑖 − 1) + 𝑠 (𝑥𝑟𝑜𝑤 , 𝑦𝑐𝑜𝑙 ), 𝑅𝐸𝐹_𝐻𝑉 (𝑖 − 1) +
𝑔𝑎𝑝, 𝑅𝐸𝐹_𝐻𝑉 (𝑖) + 𝑔𝑎𝑝)




𝐶𝑈𝑅 (𝑖) = 𝑀𝐴𝑋 (𝑅𝐸𝐹_𝐷 (𝑖 − 1) + 𝑠 (𝑥𝑟𝑜𝑤 , 𝑦𝑐𝑜𝑙 ), 𝑅𝐸𝐹_𝐻𝑉 (𝑖) + 
𝑔𝑎𝑝, 𝑅𝐸𝐹_𝐻𝑉 (𝑖 + 1) + 𝑔𝑎𝑝)
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Fig. 3. Anti-Diagonal Technique Phases

2.4. Serial Approach (Java)
The serial approach is implemented serially and uses CPU only. It is implemented in two different
ways. The first serial implementation employs an RW technique. The very first row is initialized, as
shown in Fig.1, and the computation starts from the second row. Cells in a row are computed from left
to right sequentially before moving to the next row.
The second serial implementation employs an AD technique. The first two AD rows are initialized,
as shown in Fig. 2, and computation starts from the third AD vector. Cells within the AD vector are
computed sequentially before moving to the next AD vector. Computations for both implementations
will continue until all the cells are calculated.
2.5. Heterogeneous Anti-Diagonal Approach (CUDA C/C++)
The heterogeneous anti-diagonal approach is implemented in a CPU-GPU heterogeneous [20]
manner using CUDA C/C++. At first, five different vectors (one dimension) are initialized on GPU
memory: two vectors for pairwise sequences and three vectors (interchangeably used as REF_D, REF_H,
and CUR, refer to Section 2.3). The host then determines details (e.g., number of threads, roles of three
vectors, etc.) and invokes kernel for parallel computation. Invocation occurs iteratively in a sequential
manner from the top-left to bottom-right direction, as shown in Fig. 4 (number of invocations, number
of AD vectors, and number of iterations are equal).

Fig. 4. Heterogeneous Computing Model

Lee et al. (Serial and parallel implementation of Needleman-Wunsch algorithm)
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CUDA allows a host to access memories residing in a device memory [24]. Each thread is assigned
with a local memory called a register, and all threads in all blocks have access to a global memory to
enable block-level communication [23]. Other memory types are shared memory, texture memory, and
constant memory; however, these are out of scope in this research.
Registers are used temporally to store scores (discussed in Section 2.1), and global memory stores
five distinct vectors throughout the computation. The length of two vectors equals to the length of two
input sequences, respectively, while the length of three AD vectors equals the sum of two sequence
lengths. AD vector is stored as a vector, and cells in the vector are the threads.
Robust computation of CUDA comes from multi-threading, i.e., blocking and threading features. A
kernel consists of blocks, and each block contains numerous threads [24]. Ideally, each of the unlimited
blocks contains thousands of threads executed simultaneously; however, it varies on the GPU model in
reality. GPU used in this research supports a single kernel that is capable of 65,535 blocks as maximum
and at most 1,024 threads per block. For the implementation, the number of blocks is computed based
on the number of threads. Here, the number of threads equals the number of cells in an AD vector. For
example, 2,048 threads form two blocks, and 4,022 threads form four blocks.
The sequence of host invoking device and assigning of three AD vectors’ roles are shown in Fig. 5.
In Fig. 5, A={a1, a2, …, ana} and B={b1, b2,…, bnb} are the input sequences, and colors indicate to which
vector the cells belong: red (REF_D), blue (REF_HV), green (CUR), light gray (to be visited), dark
gray (done), black rectangle (maximum score), and AD vector index represent the sequential order of
device invoked by the host. REF_D, REF_HV, and CUR are interchangeably used. Cells in CUR are
computed in parallel, referencing REF_D and REF_HV.

Fig. 5. Heterogeneous Anti-Diagonal Approach.

The first two iterations invoke the device for initialization (initialization step), and the filling step
begins at the third iteration. The AD vector at nth iteration is assigned as CUR, and two previous AD
vectors are used as REF_D and REF_HV. This guarantees that all reference scores such as diagonal,
vertical, and horizontal scores are computed in prior and allows parallel computation for new scores
without any data dependency issues. On the following iteration, REF_HV becomes REF_D, CUR
becomes REF_HV, and REF_D becomes CUR, and values are disposed of. The process continues
throughout the entire iterations, and the maximum score is eventually obtained. The host also
determines indices used for peeking global memory for sequence characters during the computation.
Based on the implementation, the length of AD vectors exceeds the required number of threads most
of the time. We manage this issue by enabling the cells (i.e., threads) that need to be computed and
disable excessive ones.
2.6. Experimental Setup
Pair of genetic sequences consisting of four characters, i.e., A, C, G, T, are randomly generated. The
length of generated genetic sequences starts at 10,000 and gradually increments to 100,000 by 10,000,
Lee et al. (Serial and parallel implementation of Needleman-Wunsch algorithm)
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followed by the sequences with the lengths of 200,000 and 300,000. The correctness of serial and
heterogeneous implementations are measured by comparing their maximum scores. Both applications
are expected to output the same value. The computation time for both implementations is obtained
from the average of five executions. This is to avoid any misleading results because even the same
application may perform at a different speed. Computation time measures the time spent by both CPU
and GPU at fill step only for all implementations. All experiments are conducted on a PC with a 1.80GHz
Intel Core i5-3337U CPU, 8GB RAM, and running x64-based Windows 7. Nvidia GeForce 710M with
2GB memory is used

3. Results and Discussion
3.1. Results
Table 1 shows the averaged computation time for a given sequence length. Fig. 6 shows the
computation time of the NW algorithm’s serial and heterogeneous implementations using an AD
technique. The computation time includes both initialization and the filling steps. The computation
time of heterogeneous implementation increases gradually as the number of input sequences increases.
On the other hand, the computation time of CPU implementation starts to increase rapidly at a certain
length. From the results, we also derived the following equations:
𝑦 = 0.019 𝑥 – 4,093





𝑦 = 0.296 𝑥 – 12,147





where the (5) is for the heterogeneous implementation while the (6) is for the serial implementation,
and x is the sequence length. Both equations are shown in Fig. 6 in dotted lines. They represent the
tendency of computation time against the varying sequence length.
Table 1. Averaged Computation Time in Seconds
Implementations
Serial

Sequence Length
RW Technique

a

Heterogeneous
AD Technique

AD Technique

100,000

119

103

33

200,000

362

411

129

300,000

804

895

299

400,000

1,732

1,555

577

500,000

2,145

2,429

896

600,000

3,103

3,519

1,190

700,000

4,277

4,817

1,544

800,000

5,529

6,394

2,117

900,000

7,057

8,231

2,759

1,000,000

9,419

9,716

3,301

2,000,000

-b

40,013

13,238

3,000,000

-b

87,247

29,499

a.

b.

An additional experiment performed as discussed in section 3.3
An experiment was not performed due to the limited experimentation time

In addition to computation time, an experiment was conducted to measure the overhead during the
data transfer. The data transfer includes copying input pairwise genetic sequences from host to device
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and retrieving maximum score from device to host. This experiment confirmed that the overhead does
not have a significant impact on the overall computation times.
Overhead during the input data transfer increases gradually as the input length increases; however, it
is a negligible amount. For example, the overhead at sequence length of 100,000 and 500,000 are only
0.05 seconds and 0.248 seconds, whereas it took 33 seconds and 896 seconds, respectively, for the
computation. In percentage, both overheads are less than 0 percent of the computation time. It reached
1.451 seconds at 3,000,000 length sequence, which is 0.005 percent of the computation time 29,499
seconds.

Fig. 6. Computation Time Comparison

The overhead while retrieving the maximum score from device to host is much less than the input
data transfer. Besides, data transfer time remains the same regardless of the input data length because it
retrieves merely a single value from the device to host. Fig. 7 shows a gradual increase in overhead for
input data transfer while there is no overhead difference during maximum score transfer.

Fig. 7. Data Transfer Overhead Time

Fig. 8 shows how the sum of overheads and computation time affects the original result. The result
confirms that heterogeneous implementation still outperforms the serial implementation despite the
overheads, proves that the overheads during the data transfers are negligible.

Lee et al. (Serial and parallel implementation of Needleman-Wunsch algorithm)
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Fig. 8. Computation Time with Overheads Comparison

3.2. Analysis and Discussion
We first briefly analyze the time complexity of both implementations. The serial implementation
consists of two nested loops. The outer loop iterates n times, where n is the sum of pairwise sequence
lengths. At each iteration, the inner loop iterated at most m times, where m equals the number of shorter
sequence length between the two in O(nm). Similarly, the heterogeneous implementation uses a nested
loop. The outer loop iterated n times. However, the inner loop performs in a parallel manner. Therefore,
the worst case of this implementation would be O(np), assuming that p is the worst case among the
parallel executions of the inner loop.
The actual computation time of heterogeneous implementation seemed to increase exponentially at
first because it increased by 239 percent from 10,000 to 20,000 length sequences. However, the
computation time of 30,000 length sequence has increased only by 128 percent when compared to 20,000
sequence length. On the following inputs, computation time started to rise consistently, eventually
increasing at an average of 30 to 40 percent, as presented in Fig. 6, where the slope of the equation is
neither steep nor flat, but it gradually increases.
The computation time of serial implementation increased rapidly at first. From the sequence length
of 100,000 to 200,000, the computation time increases from 103 seconds to 411 seconds, which is a 299
percent increase. However, this increasing percentage reduced to 118 percent from 200,000 to 300,000
long input sequences, eventually decreasing to 30 to 40 percent. Even though the rising percentage is
similar to that of heterogeneous implementation, the actual value is much more significant. This big
difference in real value makes the equation’s slope steep, which also implies that the computation time
increases rapidly as the input length increases.
Overall, the heterogeneous implementation performs approximately three times faster than the serial
implementation. Both applications seemed to show equally at first based on the output; however, the
difference between the two graphs increases as the input sequence length increases. The computation
time difference at 100,000 sequence length was only 70 seconds. However, the heterogeneous
implementation outperforms the serial implementation by 282 seconds when the input is 200,000 long.
Then, the difference in computation time increases to 57,748 seconds with an input length of 3,000,000.
This implies that GPU is maximized on intense computation tasks.
3.3. Additional Experiment
An additional experiment was performed to compare the performance of the serial implementation
of the NW algorithm using RW and AD techniques. This required a further application of the RW
technique, while previously obtained AD technique results are reused. Other conditions were equally
applied, as discussed in the previous sections of this paper.

Lee et al. (Serial and parallel implementation of Needleman-Wunsch algorithm)
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Fig. 9 shows that although the RW technique seemingly performs faster than the AD technique
when the sequence length is approximately 500,000, the computation time gets closer again with
1,000,000 sequence length. The result implies that the heterogeneous implementation outperforms the
serial implementation regardless of technique types. The exact computation time is found in Table 1.

Fig. 9. Computation Time in Row-Wise and Anti-Diagonal Techniques in CPU Implementation

4. Conclusion
This paper aimed to compare serial and heterogeneous implementations of the NW algorithm using
an AD technique. The serial application was executed on CPU, while heterogeneous implementation
involving both CPU and GPU executions. The experiment showed that the heterogeneous AD
implementation of the NW algorithm using three vectors outperforms the serial implementation by
approximately three times in terms of computation time. The computation time of a serial
implementation increases rapidly as the sequence length increments, while the computation time of a
heterogeneous implementation increases gradually. Furthermore, utilizing only three vectors throughout
the process allowed accommodating longer sequences. As a recommendation, using an advanced GPU
is suggested for better performance. It allows multi-kernel invocation supporting the concurrent
execution of multiple kernels. Besides, the proposed technique could be experimented on different GPU
memory types as [7] showed that the performance might be faster or slower depending on the GPU
memory type used
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