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Abstract. Smith-Waterman (SW) algorithm, which calculates the similarity between two given
sequences, is broadly used in bioinformatics research field. However, the time complexity of the SW
algorithm prevents it from being used for long sequence alignment. Since SW algorithm is based on
dynamic programing, using single instruction multiple data parallel computing algorithm can
significantly reduce the computing cost. For this reason, this review introduces three commonly used
parallel computing algorithms based on Compute Unified Device Architecture (CUDA) for SW
algorithm acceleration as well as illustrates their advantages and disadvantages.

Introduction

Sequence alignment and comparison are broadly used in bioinformatics and molecular biology. It
is a way of arranging the sequences of DNA, RNA, or protein to identify regions of similarity that
may be a consequence of functional, structural, or evolutionary relationships between the sequences
[1]. Gaps are inserted between the residues so that same or mismatch characters are aligned in
successive columns. When align a query sequence to all the sequences in a database, the aligner
computes a score which represents the degree of similarity between the two sequences.

Sequence alignment generally falls into two categories: global and local alignment. They both
employed dynamic programming [4] algorithm. Global alignment was proposed by Needleman and
Wunsch in 1970 [2]. Local alignment was designed by Smith and Waterman that identifies regions of
similarity within two given sequences regardless of how much imparity between them [3]. Local
alignments are more useful for the dissimilar sequences that are suspected to contain regions of
similarity or similar sequence motifs within their larger sequence context. Smith-Waterman
algorithm is the evolution of Needleman-Wunsch algorithm by setting zero as the minimum score to
prevent calculated negative similarity. After that, Gotoh [5] improved Smith—Waterman
algorithm(SW) by introducing linear gap-penalty function.

Duo to the high computing cost of SW algorithm, heuristic algorithms were proposed to solve the
problem by executing the local alignment via generating seeds and extending them. For example,
FASTA [6], proposed by Arson and Lipman in 1985 and improved in 1988 [7], and BLAST,
proposed by Altschul et al., [8, 9] in 1990 are two famous heuristic algorithms. However, heuristic
algorithms have to sacrifice the computing accuracy [10] to gain faster computing speed than SW
algorithm.

To obtain both the computing accuracy and speed, serveral special-purpose hardware
implementations have been developed [11], such as field-programmable gate arrays (FPGAS) or
super-computers, Paracel’s CeneMatcher, Compugen’s Bioccelerator and TimeLogic’s DeCypher
[10]. Although these special-purpose hardware can offer high performance parallel alignment
technique, they are too expensive for common users to use.

Compute Unified Device Architecture (CUDA) developed by NVIDIA company can efficiently
work for high performance computing in scientific Computing [12], computational geometry [13],
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bioinformatics [14, 15], petroleum exploration and so on [16]. As a single instruction multiple data
(SIMD) technology [10, 11, 17], it is good at speeding up SW algorithm.

This review focuses on how to employ CUDA technology to accelerate Smith—-Waterman
algorithm. We will introduce three commonly used methods for SW algorithm parallelization.
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Figure 1: Different design philosophies for CPUs and GPUs [19]

Compute Unified Device Architecture (CUDA)

Graphic programming Unit (GPUs) performance’s growth rate is faster than Moore’s law as it
applies to CPUs [16], and now, GPU becomes an alternative for high performance computing.
GPGPU is a technique of using a GPU to perform computation in applications traditionally handled
by the CPU [18]. NVIDIA and AMD, two major GPU manufacturers, both publish their GPGPU
platforms, CUDA [16, 19] and CTM [20] respectively. CTM is based on assembly language which is
not easy to handle, so CUDA is more popular than CTM.

CUDA-enable GPUs integrate a set of multiprocessors. Each multiprocessor contains several
ALUs (Arithmetic Logic Unit), random access memory, cache and control unit (Fig. 1). CUDA
makes it possible to directly access their graphic card and efficiently use massive threads. The GPU
or graphic card seems as an independent device which used to execute the kernel. CUDA platform
uses CUDA C/C++, a minimal set of extension of the C/C++ programming language and a runtime
library [21].

CUDA program consists of two parts, the host code which executes on CPU and the kernel which
executes on GPU. Usually, parallel codes are written in kernel function that can be run in every thread
simultaneously. These threads are organized in a hierarchy consisting of so-called blocks and grids
(Fig. 2). Each thread has its own unique ID (threadldx, blockldx). The threadldx indicates the ID of
the thread in a block and the blockldx indicates the 1D of the block in the grid. CUDA provides each
thread access through its index pair threadldx and blockldx. The kernel call is similar to C language
function call except it must explicitly specify the total size of a grid and block in a couple of triple
angle brackets “<<<” and “>>>" as shown below.

kernel<<<size of grid, size of block, other configurations>>>(parameter list);

The CUDA programming model also assumes that both the kernel and the host code maintain their
own separate memory, called device memory and host memory, respectively. CUDA program can
employ different kinds of device memory. In order to write efficient CUDA programs, it is necessary
for us to understand the different characteristics and performances among different memory types in
CUDA.
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.Figure 2: CUDA thread organization [19]

CUDA-enable GPU accelerating local alignment algorithm

As we mentioned before, local alignment is more accurate than global alignment, while it is not
capable of processing long sequence alignment limited to its computing capacity. One of the most
wildly used methods for local alignment is Smith-Waterman algorithm. Smith—Waterman
algorithm(SW) employs scoring matrix to evaluate the similarity between two sequences [22] as
following.

Consider two strings 5; and S, of length [, and I,. To identify the common subsequences, the
Smith-Waterman algorithm computes the similarity H,4(i.j) of the two sequences, ending at position
i and j of the two sequences 5, and 5,. The computation of H,(i.j), for 1 <i<l;, 1<j<lI,, isgiven
by the following recurrences:

HA{I’rj] = max{ﬂ, E{I'rjj! F(I-,_j],HA{I- - 1!} - 1] + Sbt{'si[i]rSE Li]]},

E{I‘!j] = ITIEX{HA{I._,; - 1) -, E{I'rj - 1] _.IG}.-

F(i,j) = max{H,(i — 1,j) —a,F(i — 1,j) — B}. (1)

where sbt is a character substitution cost table. The initialization of these values is given
H,(i,0) = E(i,0) = H,(0,j) = F(0,j) =0 for0<i<l,,0<j <!, Multiple gap costs are taken into
account as follows: a is the cost of the first gap; B is the cost of the following gaps. This type of gap

cost is known as affine gap penalty. Some applications also use a linear gap penalty, that is, a=p. For
linear gap penalties, the above recurrence relations can be simplified as Eq. 2

H,(0./) = max{0, Hy (i) — 1) — & Hy(i — 1)) — & Hy(i = 1,j — 1) + sbe(5;[115,0D} (2)

where H, (i, ) represents a similarity value. The two segments of S, and S, producing this value
can be determined by a traceback procedure [23].
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Figure 3: SW data dependencies

We must consider that, the order of the computation of the value in each cell of matrix is strict. The
value of any cell must be computed after the value of all cells to the left and above it. Fig. 3 shows the
data dependencies in calculation of the scoring matrix.

Since the time complexity of Smith-Waterman algorithm is O (mn), it is too slow to process long
sequence alignment. In the following, we will describe several parallel computing algorithms to
accelerate Smith-Waterman algorithm.

Coarse-grain Accelerator. This type of method utilizes one independent thread of the GPU to
align one query sequence with one database sequence. For each thread, the DP matrix is divided into
a group of vectors. Every vector is parallel to the query sequence, and the computation of the DP
matrix is processed vector by vector.
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Figure 4: Fine grain method [23].
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Since there will be a large time difference for the various thread to process a short or long sequence,
it will result in the long waiting time for the different threads. For this reason, Manavski et al., [30],
pre-ordered the database sequences by the length of them and grouped them with the almost same
length. And then, they processed these groups with almost same length of sequences one by one by
parallel computing algorithm. Manavski et al., [30] implemented this pre-order strategy and its
performance reaches 1.8 giga cell updates per second (GCUPS). Then, Liu et al., [24-26] and Rognes
et al., [10], implemented this method in the CUDA and microprocessors, respectively.
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Figure 5: Multiple DP matrices connection to amortize the time cost [27]

Fine-grain Accelerator. Fine-grain method benefits the advantage of multithread to compute one
DP matrix in parallel by eliminating the data dependencies. Fig. 3 shows data independencies
between the cells in the same anti-diagonal of the DP matrix. By exploiting the parallel characteristic
of the anti-diagonal, each thread computes a cell in the anti- diagonal and it needs L ; (the length of
query sequence) thread in total.

As is shown by Fig. 4a, the cells in one anti-diagonal are shifted in a column. All the cells in one
anti-diagonal can be computed in each iteration (see Fig. 4b). The data dependencies between
anti-diagonals are shifted into each columns. As shown in Fig. 4c, computing one DP matrix of query
sequence with length N needs N thread. Utilizing 2-dimension character of CUDA multithreading, M
database sequences can be processed simultaneously when employing MxN threads.

This rectangle transformation can utilize the multithreading to speed up alignment. However, a
few threads will still stall when processing non-major anti-diagonal. To solve this problem, Yang Liu
et al., [27] innovated an algorithm for multiple DP matrices connection to amortize the time cost of
stalls as is shown by Fig. 5.
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Figure 6: Parallel alternatives to perform the SW [28]
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Also, Sanchez et al., [28], combines the fine-grain accelerator and coarse-grain accelerator. As
shown in Fig. 6, this mechanism processes the vector in parallel to the query sequence. It processes
the vector from the next column in anti-diagonal direction at the same time. Sanchez et al., [28]
claimed that the implementation obtains a 30% reduction in the execution time relative to the
Coarse-grain [10, 24-27, 30] and Fine-grain [23-29, 31] methods.
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Figure 7: Compute one row of the DP matrix in an iteration [29]

Redefine Recursive Formula Method. When we consider the gap open and gap extension as the
same cost, the formula will become:

hy; = max{hi_u_l +5 [Sq [i].5; [j]], hi_y; —Pihyjoy — P, 0}. 3

In order to compute one row of the DP matrix in an iteration (see Fig. 7), it must overcome the data
dependencies in a row.
define:

Ry = max (ks + 5[5, [1.5:00] heys — n}'

(4)
then,
hy; = max{h“hj, hii—y — P, IZI}. (5)
Use h’ to replace h:
hi; = max{_hai,j’ h'j-1 =P hy5 —2p, ﬂ}. (6)
Finally, we can obtain the final formula:
hy; = max{h’ o1 — PR —2p, Lk — (- Ve kg _jp’ﬂ}. (7

It is clear that all values in ith row are dependent on the values of k';;, and all values of ';; are
dependent on the values h;_, ;, so there is no data dependency in the same row and the values of h’
can be computed in advance. Yeim-Kuan Chang et al., [29] implemented this method and it is 2-4
times faster than other methods.

By using this redefined formula, computing a DP matrix with m rows and n columns just needs n
threads and m time passes. However, the computing time of one row depends on the last cell. Chang’s
method employs prefix max scan method [29] to reduce the computation complexity for each row.

Given the input array [ay, ..., a,], the prefix max scan method generate the output array [M(a4,
a,), M(a4, a;), ..., M(a4, a,)], where M(a,, g;) is the maximal value from a, to a;. Fig. 8 shows the
mechanism of the prefix max scan method. Assume n = 8, the input is the array of ', ; + (n — 1) X g,
h'\,+(n—-2)xg , .., h'y, . The output will be an array of h';; +(n—1)xg ,
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Mh  +(n—1)xgh',+(n—2)xg), .., M(h', +(n—1) X g, k', ). After adding output
array and the array of —(n —1) x g, —(n —2) X g, ..., —(n —n) X g together, the result in ith row
is obtained. The computation time for each row is O(log2n). The total computation time for the matrix
is mxO(log2n) = O(mlog2n).
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Figure 8: Prefix max scan [29]

Query-profile. Query-profile is an auxiliary method for improving the performance of the parallel
acceleration algorithm [10, 24-27, 30]. For example, Query-profile method was employed by Rognes
et al., [10], Manavski et al., [30] and Liu et al., [24-26] for coarse grain acceleration algorithm.

When the same query sequence is compared with many different database sequences, a simple
speed improvement is achieved by creating a kind of score profile for the query sequence. This profile,
which can be considered as a query-specific substitution score matrix, is computed only once for the
entire search. Instead of indexing the original substitution-score matrix by the query-sequence
symbol and the database-sequence symbol, the new matrix is indexed by the query sequence position
and the database sequence symbol. The score for matching symbol A (for alanine) in the database
sequence with each of the symbols in the query sequence is stored sequentially in the first matrix row,
followed by the scores for matching symbol B (ambiguous) in the next row, and so on [10].

Summary

Smith-Waterman algorithm is a high-sensitivity and computationally-intensive sequence
alignment algorithm that is fundamental to the analysis of proteins and genes. Since the high time
complexity of SW algorithm, it is necessary to speed up the process of SW algorithm.

The coarse grained acceleration method utilizes different threads to process several DP matrixes
simultaneously. So there is no data dependency in this method. The fine grained acceleration method
takes advantage of anti-diagonal of the DP matrix to avoid data dependency among threads. Redefine
recursive formula method redefines the recursive formula and eliminates the data dependency among
the cells in a row of DP matrix.

The coarse grained acceleration method performance reaches a peak of 1.8 GCUPS or more [10,
24-27, 30]. The advantage of this method is that it processes several alignments at the same time.
Since there will be a large time difference for the various thread to process a short or long sequence,
the disadvantage of this method is that it will result in the long waiting time for the different threads.

The fine grained acceleration method performance reaches a peak of 0.7 GCUPS or more [23-29,
31]. The advantage of this method is that it utilizes multi-thread to compute a DP matrix to reduce
computing time. The disadvantage is its huge time cost at the beginning and ending of the
computation [23-29, 31].

The redefine recursive formula method redefines the recursive formula of Smith-Waterman
algorithm and reduces the time complexity of Smith-Waterman algorithm from O(mn) to O(mlog2n)
[29]. The advantage is to increase computing efficiency by reducing the algorithm complexity. The
disadvantage is that it cannot give different penalty score for gap open and gap extension.
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In general, there is no optimal parallel computing method to accelerate Smith-Waterman
algorithm. In the recent future, we plan to integrate the advantages of these three algorithm to
speedup the SW algorithm.
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