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GPU을 이용한 다중 고정 길이 패턴을 갖는 DNA 시퀀스에 대한 

k-Mismatches에 의한 근사적 병열 스트링 매칭 

Parallel Approximate String Matching with k-Mismatches for Multiple Fixed-Length 

Patterns in DNA Sequences on Graphics Processing Units
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Abstract - In this paper, we propose a parallel approximate string matching algorithm with k-mismatches for multiple 

fixed-length patterns (PMASM) in DNA sequences. PMASM is developed from parallel single pattern approximate string 

matching algorithms to effectively calculate the Hamming distances for multiple patterns with a fixed-length. In the 

preprocessing phase of PMASM, all target patterns are binary encoded and stored into a look-up memory. With each input 

character from the input string, the Hamming distances between a substring and all patterns can be updated at the same 

time based on the binary encoding information in the look-up memory. Moreover, PMASM adopts graphics processing units 

(GPUs) to process the data computations in parallel. This paper presents three kinds of PMASM implementation methods in 

GPUs: thread PMASM, block-thread PMASM, and shared-mem PMASM methods. The shared-mem PMASM method gives an 

example to effectively make use of the GPU parallel capacity. Moreover, it also exploits special features of the CUDA (Compute 

Unified Device Architecture) memory structure to optimize the performance. In the experiments with DNA sequences, the 

proposed PMASM on GPU is 385, 77, and 64 times faster than the traditional naive algorithm, the shift-add algorithm and the 

single thread PMASM implementation on CPU. With the same NVIDIA GPU model, the performance of the proposed approach 

is enhanced up to 44% and 21%, compared with the naive, and the shift-add algorithms.
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1. Introduction

The recent flood of data from genome sequences and 

functional genomics has given rise to the bioinformatics field, 

which combines elements of biology and computer science [1]. 

DNA sequence is one of the bioinformatics primary sources. 

Raw DNA sequences are strings of the four base-letters 

comprising genes {A, T, C, G}. Typically, they are very long. 

For example, the human DNA contains about 3 Gbytes. In 

bioinformatics, approximate string matching for DNA searching 

plays an important role, because it is usually the first step to 

help for DNA analysis, gene transcription, chromatin 

organization, DNA replication, and many other areas[1-3].

Approximate string matching has been widely applied to 

many fields such as virus detection, voice recognition, and 

computational biology [4-6]. Approximate string matching is 

to find all positions of a text where a given pattern occurs, 

allowing a limited number of errors in the matches. These 

errors can caused by insertion, deletion, replacement, and 

transposition. One of the earliest methods that allows only 

substitutions is called approximate string matching with 

mismatches. This approximate string matching is based on 

Hamming distance, which is defined as the number of 

positions where two strings of equal length differ [4,7-11]. In 

[4], three parallel single pattern approximate string matching 

approaches are presented, namely, thread parallel, block- 

thread parallel, and OPT-block-thread parallel approaches. 

The OPT-block-thread parallel approach can take full 

advantage of the powerful parallel capabilities of GPUs. 

Moreover, it balances loads among threads and optimizes the 

execution time with GPU memory model. Three approaches 

give good methods to get Hamming distances between a single 

pattern and every position of the input string. However, the 

processing with multiple patterns is not considered in [4]. In 
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this paper, a parallel approximate string matching algorithm 

for multiple fixed-length patterns matching, called PMASM, 

and its implementations are proposed. The PMASM 

implementations adopt GPUs to compute Hamming distance 

like [4]. However, unlike [4], multiple patterns for DNA 

sequences are effectively processed. In addition, the proposed 

algorithm has a preprocessing step. In the preprocessing step, 

all target patterns are divided into multiple levels. The binary 

decoding of all characters in each level with the set of four 

DNA characters {A, C, G, T} is processed and stored into 

look-up memory. The binary encoding information allows the 

Hamming distances for a substring of input string with all 

target patterns to be updated at the same time for every 

character of the input string. Based on specific features of the 

CUDA architecture, PMASM gives three implementation 

methods: thread PMASM, block-thread PMASM, and shared- 

mem PMASM. The performance of PMASMs is measurked 

using random DNA patterns from [12] and the input string 

from raw DNA sequences [13]. With experiments on a 

GeForce GTX 660 GPU [14], throughput reaches up to 6.17 

Gb/s. Experiments show that the PMASM throughput is 

greatly enhanced, compared to shift-add, and naive 

algorithms. Among the three PMASM implementations, the 

shared-mem PMASM method shows the highest performance 

in the experiments.

2. Problem Definitions

Definition 1: Hamming distance

For two strings  and  . |X| 

and |Y| are length of strings X and Y, respectively. 

|X|=|Y|=n. The Hamming distance between X and Y, ham(X, 

Y), is defined as follows:

  
  

  

 , where      ≠ 
    

                                                    (1)

Definition 2: Multiple fixed-length patterns approximate 

string matching with k-mismatches.

Given a string   , |T|=n, a set of r patterns 

 ,          and a threshold k, 

find all pairs of  , ≤ ≤  ≤ ≤  that 

 ≤ , where substring    and 

pattern  is one of {}.

3. General-Purpose Parallel Computing Architecture

CUDA is the hardware and software architecture for issuing 

and managing parallel computations on GPUs [4, 6]. It 

leverages the parallel compute engine in GPUs to solve many 

complex computational problems in a more efficient way than 

on a CPU. The CUDA threads architecture is organized in 

blocks and grids. A block is a group of threads. A grid is a 

group of blocks. In CUDA, all blocks in a grid can be 

executed in parallel, but there is no communication between 

blocks. In a block, all threads are also executed in parallel. All 

threads in the same block can communicate with each other 

by using shared_memory. CUDA  supports a synchronize 

instructions, named __syncthreads(), for threads in the same 

block to share data with each other.

CUDA has a hierarchical memory architecture, which 

includes texture memory, constant memory, global memory, 

shared memory, local memory, and registers. Each kind of 

CUDA memories has a different location, function, accessibility, 

and speed of data access. Constant and texture memories 

are read-only memories realized by the device memory. 

Global memory is high-capacity memory. Shared memory can 

provides quick memory access between threads. However, it is 

smaller than global memory. Local memory and registers are 

provided for each thread. With various kinds of memories, 

CUDA provides a strong and flexible platform for applying 

data computations in parallel.

4. Previous Works

To achieve single pattern approximate string matching 

with k-mismatches problem, several sequential algorithms 

have been developed. The   time algorithm was 

presented in [7]. In [8], the Shift-Add algorithm was 

developed to perform single pattern approximate string 

matching in  log  worst case time, where   

is the number of bits in a computer word. In [9], the 

Abrahamson algorithm finds the number of mismatches at 

every location in time  log  . Then, the 

Kangaroo algorithm in [10] combines two main techniques: 

filtering and convolutions. The Kangaroo algorithm runs in 

 log   time. In [11], a single pattern matching 

with k-mismatches was performed with  log   
time complexity. In 2012, three parallel single pattern 

approximate string matching approaches using GPUs were 

presented in [4]. The approaches were denoted as thread 

parallel, block-thread parallel, and OPT-block-thread parallel 

approaches. These approaches can take advantage of the 

parallel capability of GPUs and achieve favorable speedup. 

The experiments in [4] showed that the implementations on 

GPUs gave the higher performance due to its powerful 
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parallel capability. There has not been any research for 

multiple patterns approximate string matching with 

k-mismatches, especially on GPUs.

5. Proposed Parallel Approximate String Matching for 

Multiple Fixed-Length Patterns

5.1 Motivation

The motivation of PMASM algorithm is explained with 

Fig. 1. Let us assume that {ACTG, ATCG, CACT} is a set of 

three DNA patterns with a fixed-length of 4. The input 

string is “ACTTGTAC,” where k = 2. With each substring of 

the input string, three Hamming distances for target 

patterns should be calculated. A counter is used to store 

the Hamming distance for each pattern. Thus, three 

counters per each substring are needed. Fig. 1 shows the 

processing of a thread for the substring “ACTT.” At first, all 

counters are initialized to 0. From Fig. 1 (a) to Fig. 1 (d), 

with each next input character, the thread updates counter 

by summating the current value with the fb value between 

the input character and correlative one of patterns. In Fig. 

1 (d), all three values stored in counters are the Hamming 

distances between the substring “ACTT” and patterns 

{ACTG, ATCG, CACT}. Let us define that in a bit_vector of 

s bits, each value with b bits is saved to setup a counter. 

Because a counter is used to store the Hamming distance 

between one pattern and the substring, the maximum value 

of the counter can be equal to the length of an target 

pattern. Therefore, in [8] the value of b can be calculated 

by: 

  log                                   (2)

When a bit_vector contains r counters, parameter s can 

be calculated as: 

                                    (3)

In the example of Fig. 1, with 3 target patterns, the 

thread takes 3 times to calculate fb values and updated 

them into the correlative counters for each character of the 

input string. In general, r times are required for processing 

r target patterns with each character of input string. If fb 

values are stored into the form of bit_vector, called 

fb_vector, all fb values can be updated into r counters at 

the same time with each next character of the input string. 

It is expected that, r Hamming distance counters work in 

parallel to read the same input character.

The proposed PMASM algorithm is implemented with 

three methods on GPUs. PMASM methods are motivated 

from the common idea based on the parallel updating ability 

of bit_vector to accelerate the input string with multiple 

fixed-length patterns. The details of preprocessing phase 

and three PMASM implementation methods are explained as 

follows.

Fig. 1 Example of thread processing with a substring and 

multiple patterns.

5.2 PMASM preprocessing phase

The PMASM preprocessing phase consists of encoding all 

target patterns and storing them into a look-up memory. It 

can be used for speeding up the processing phase. The 

PMASM preprocessing phase can be divided into three steps 

as follows.

At first, all target patterns are divided into multiple levels. 

All characters of position i of the target patterns are grouped 

into level  ≤  . With r target patterns of a 

fixed-length of m, there are m groups, where each group 

has r characters. Let {ACTG, ATCG, CACT} be a set of 3 

DNA patterns. The first characters of {ACTG, ATCG, CACT} 

are grouped into level_0, where level_0 = AAC. And with the 

same way, level_1 = CTA, level_2 = TCC and level_3 = GGT.

Fig. 2 PMASM look-up memory
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Fig. 3 Example of thread PMASM method.

Next, all characters in each group are examined with a 

set of alphabet to get a fb_vector. With the set of DNA 

patterns {ACTG, ATCG, CACT}, all characters in level_0 are 

compared with {A, C, G, T} and combined into fb_vector, 

where fb_lvl0_A = 001, fb_lvl0_C = 110, fb_lvl0_G = 111, 

and fb_lvl0_A = 111.

Finally, all fb_vector are stored into a look-up memory. 

Fig. 2 (a) shows the general architecture of PMASM 

look-up memory. Fig. 2 (b) shows the look-up memory for 

set of patterns {ACTG, ATCG, CACT}. The look-up memory 

can be defined as a two dimensional array, where row and 

column indicate the characters of the DNA alphabet and 

level information, respectively. Therefore, four rows are 

required. Number of columns is equal to length of target 

patterns. Totally, the size of the look-up memory can be 

calculated as number of alphabets * number of levels * 

sizeof(int) = 4 * m * sizeof(int). 

5.3 PMASM implementation methods

 5.3.1 Thread PMASM method

To find all Hamming distances between  

substrings of input string T with |T|=n and r patterns 

{} with         , the thread 

PMASM method adopts  threads in GPUs. Each 

thread is assigned to process one substring of the input 

string. One thread has a bit_vector. A bit_vector has r 

counters; one counter is used to count the number of 

positions, where one target pattern and substring differ. At 

initial state, r counters of bit_vector are set to zero. With a 

pair of input character of the substring and next level, 

thread updates bit_vector with correlative fb_vector from the 

look-up memory by add operation. After all characters of 

the substring are completely processed, the bit_vector 

contains Hamming distances between substring and r target 

patterns. Each thread splits bit_vector into r Hamming 

distances to fill into result_table. With each  

substrings of the input string, r memory locations are 

needed to store the results for r target patterns. The 

result_table can be a 2-dimensional array, where columns 

corresponds to  substrings and each row 

corresponds to each pattern. Size of the result_table is 

calculated by . For the result_table, thread 

compares the Hamming distances with threshold k. If the 

Hamming distance is less than or equal to k, the thread 

fills the number of starting position, otherwise, -1 is stored 

into the result_table.

Fig. 3 shows the thread PMASM method with the 

example of the “Motivation” section. {ACTG, ATCG, CACT} is 

the set of DNA patterns; the input string is “ACTTGTAC”; 

k = 2. Because n and m are 8 and 4, the number of 

threads can be 5. Fig. 3 (a) shows the distribution of five 

threads under the thread PMASM method. The threads 0, 1, 

2, 3, and 4 process the substring “CTTG,” “TTGT,” “TGTA,” 

and “GTAC,” respectively. Fig. 3 (b) shows the processing of 

thread 0. During the processing of thread 0, fb_vector 

values can be referred in Fig. 2 (b). At initial state, 

bit_vector = 000. With the character A and level 0, fb_vector

= 001, so bit_vector is updated by adding its value with 

fb_vector value. bit_vector = 001. Then, with pair of 

character C and next level 1, fb_vector = 011, bit_vector =

001 + 011 = 012. With character T and level 2, bit_vector =

023. With next character T and level 3, bit_vector = 133. 

Then, bit_vector is splitted into Hamming distances, 

   ,    , and    . 

Thread 0 compares each Hamming distance with k of 2 to 

fill out the result_table, where result_table[0][0] = 0, 

result_table[0][1] = -1, and result_table[0][2] = -1.

5.3.2 Block-thread PMASM method

To solve multiple fixed-length patterns approximate 

string matching with k-mismatches, the block-thread 

PMASM method includes blocks. Each block has a 

mission to calculate Hamming distances between a substring 

of input string T and r patterns . There are m 

threads in a block, where each thread is used to get 

fb_vector for each pair of input character and correlate 

level. The thread stores its fb_vector value into a fb_vec_rlt 

array.  The fb_vec_rlt array should be located in the shared 

memory for being accessed by all threads in the same 

block. After filling out the fb_vec_rlt array, one thread 
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calculates bit_vector by summating all fb_vector values from 

the fb_vec_rlt array. The thread splits bit_vector to obtain 

Hamming distances. Then, the Hamming distances are 

compared with the threshold k to fill into result_table.

Fig. 4 Example of block-thread PMASM method.

Fig. 4 shows an example of the block-thread PMASM 

method. In that, {ACTG, ATCG, CACT} are DNA patterns, the 

input string is “ACTTGTAC,” where the threshold k is 2. 

Because n and m are 8 and 4, the number of blocks can be 

5. The distribution of 5 blocks are showed in Fig. 4 (a). Block 

0, 1, 2, 3, and 4 process “ACCT,” “CTTG,” “TTGT,” “TGTA,” 

and “GTAC,” respectively. Because m is 4, the number of 

threads in each block is 4. The execution of threads for 

block 0 is described with Fig. 4 (b). With couples of input 

character and level information, four threads of block 0 

access to look-up memory to get fb_vector. Mapped with pair 

of input character A and level 0, thread 0 has fb_vector of 

001 and stores into fb_vec_relt[0]. With threads 1, 2, and 3, 

fb_vecr_rlt[1] = 011,  fb_vec_rlt[2] =  011, and fb_vec_rlt[3] =

110, respectively. After that, thread 0 sums all fb_vector from 

the fb_vec_rlt and stores into the bit_vector. bit_vector = 133. 

Hamming distances are splitted from the bit_vector and 

compared with k of 2 to fill into the result_table. In this 

example, result_table[0][0] = 0, result_table[0][1] = -1, and 

result_table[0][2] = -1.

5.3.3 Shared-mem PMASM method

The shared-mem PMASM method exploits the relation 

between shared memory and global memory on GPUs to 

enhance the performance of thread PMASM. In theory of 

parallel processing, the factors that affect to the performance 

are frequency and speed of memory access. With the 

limitation of shared memory size, the basic idea of 

shared-mem PMASM method is finding out the part of 

global memory, which threads in the same block frequently 

access in. This part of the global memory is transferred to 

the block's shared memory. By accessing the shared memory 

instead of the global memory, the execution time of threads 

can be reduced.  

Similar with thread PMASM method, the shared-mem 

PMASM adopts  threads to process  

substrings. However, these threads are arranged into blocks to 

effectively use shared memory feature. Let us assume that the 

shared-mem PMASM has q threads in each block. The 

number of blocks is calculated by . In block, 

because threads start at continuous positions in the input 

string, each block need a chunk of  characters of 

input string for the processing of its threads. All the threads 

in the same block access to the chunk frequently. Thus, in 

the shared-mem PMASM method, the chunk is transferred 

from global memory to shared memory. The chunk 

transference must be done before thread processing to avoid 

that threads calculate the wrong Hamming distances. 

Therefore, the __syncthreads() instruction must be used. After 

that, all threads perform the same works as thread PMASM 

method. However, the information of subtrings is captured 

from shared memory.

6. Experimental Results

In this section, the performance of three PMASM 

methods were evaluated on both NVIDIA GPU GeForce GTX 

660 [14] and Intel Xeon CPU E31270 [15]. For the realistic 

experiments, input strings from several raw DNA packages 

[13] were adopted. Target DNA patterns were captured in 

random from [12]. Performance was represented by the 

throughput, which was calculated by the number of bytes 

processed per unit time.

Table 1. Throughput of PMASM methods with random sets 

of patterns.

infor. throughput(Gb/s)

patterns
length of 

pat.
types thread block-thread shared-mem

6 7

Max 4.86 0.24 6.17

Min 4.30 0.23 5.58

Avg 4.76 0.24 6.11

9 7

Max 3.69 0.22 4.59

Min 3.26 0.20 4.48

Avg 3.55 0.21 4.55

6 12

Max 3.41 0.21 4.05

Min 3.22 0.20 3.79

Avg 3.35 0.21 3.97
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Table 2. Throughput of PMASM methods with various sizes 

of DNA string.

infor. throughput(Gb/s)

DNA 
packages 

matches thread block-thread shared-mem

2.60Mb 1.21M 2.90 0.19 3.89

3.02Mb 1.40M 2.83 0.19 4.29

5.14Mb 2.39M 3.28 0.21 4.46

10.28Mb 4.77M 3.35 0.21 4.56

22.97Mb 10.67M 3.43 0.21 4.61

Table 3. Throughputs of PMASM, shift-add, and naive 

algorithms with set of 8 target patterns of a fixed- 

length of 12.

infor. throughput(Gb/s)

DNA 

packages 

no. of 

matches

naive 

CPU

naive 

GPU

shift-add 

CPU

shift-add 

GPU

PMASM 

CPU

shared-

mem

2.60Mb 70.96K 0.01 2.31 0.05 3.12 0.06 3.59

3.02Mb 82.27K 0.01 2.32 0.05 3.09 0.06 3.58

5.14Mb 139.62K 0.01 2.57 0.05 3.08 0.06 3.72

10.28Mb 297.63K 0.01 2.66 0.05 3.25 0.06 3.80

22.97Mb 623.88K 0.01 2.67 0.05 3.19 0.06 3.85

In Table 1, the PMASM throughputs with the same DNA 

package of 10.28 Mbytes, k of 4, and various sets of random 

target patterns were adopted. The throughputs were estimated 

from various kinds of sets of patterns. With each kind of sets 

of target patterns, the maximum, minimum, and average 

values were provided based on throughputs of 10 sets, which 

were captured in random from [12]. With the second set of 

Table 1, the shared-mem PMASM method had the maximum, 

minimum, and average throughputs, which were estimated by 

4.59, 4.48, and 4.55 Gb/s, respectively. The different between 

maximum and minimum values was 0.11 Gb/s, which was 

equal to 2.42% of average value. The comparisons showed that 

the difference between maximum and minimum throughputs 

was really small, compared with average value. Table 2 shows 

the throughputs of PMASM methods on NVIDIA GPU with 

various DNA packages, set of 8 DNA patterns of a fixed- 

length of 9, and k of 4. With 3.02 Mbytes packages, the 

performances of thread, block-thread, and shared-mem 

methods archived 2.83, 0.19, and 4.29 Gb/s, respectively. The 

shared-mem performance had 1.52 and 22.58 times faster 

than that of thread and block-thread PMASM.

With another comparison of Table 3, the number of target 

patterns, pattern length, and input size were 8, 12, and 22.97 

Mbytes, the naive CPU, naive GPU, shift-add CPU, shift-add 

GPU, PMASM CPU, and shared-mem PMASM archived 0.01, 

2.67, 0.05, 3.19, 0.06, and 3.85 Gb/s, respectively.  Therefore, 

the shared-mem PMASM method outperformed naive CPU, 

naive GPU, shift-add CPU, shift-add GPU, and PMASM CPU 

by 385, 1.44, 77, 1.21, and 64.17 times, respectively. Note that 

we implemented the shift-add algorithm [8] for comparison, 

since there is no implementation on CPU and GPU in [8]. The 

comparison shows that the PMASM methods, which are 

adopted on GPUs, gave the greater performance than previous 

algorithms.

7. Conclusions

In this paper, a new parallel approximate string matching 

algorithm for multiple fixed-length patterns and its 

implementation methods with k-mismatches on GPUs are 

presented. The main feature of the proposed PMASM algorithm 

is to make r Hamming distance counters to be updated at the 

same time by using fb_vector from a look-up memory. PMASM 

algorithm has three implementation methods, which show 

three difference ways to process the input string with multiple 

DNA patterns on GPUs. Among three PMASM methods, the 

shared-mem PMASM archived the best throughput. Moreover, 

it has enhanced upto 1.21 and 1.44 times, compared with 

shift-add and naive algorithms in the same NVIDA GPU 

device.
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