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Abstract—This paper describes a multi-threaded parallel
design and implementation of the Smith-Waterman (SN
algorithm on compute unified device architecture
(CUDA)-compatible graphic processing units (GPUs)A
novel technique has been put forward to solve the
restriction on the length of the query sequence iprevious
GPU implementations of the Smith-Waterman algorithm
The main reasons behind this limitation in previousGPU
implementations were the finite size of local memgrand
number of threads per block. Our solution to this
problem uses a divide and conquer approach to compe
the alignment matrix involved in each pairwise segence
alignment, as it divides the entire matrix computaibn
into multiple sub-matrices and allocates the availale
amount of threads and memory resources to each sub-
matrix iteratively. Intermediate data is stored in shared
and global memory on the fly depending on the lengtof
sequences in hand. The proposed technique resultedup
to 4.2 GCUPS (Giga Cell Updates per Second)
performance when tested against the SWISS-PROT
protein database, which is up to 15 times faster t#n a
equivalent optimised CPU-only implementation runnirg
on a Pentium4 3.4GHz desktop computer. Moreover, au
implementation can cope with any query or subject
sequence size, unlike previously reported GPU
implementations of the Smith-Waterman algorithm
which makes it fully deployable in real world
bioinformatics applications.

1.INTRODUCTION

Biological sequence alignment is a widely used
operation in the field of bioinformatics and
computational biology. It aims to find out whethen
or more biological sequences are related or not.
However, biological sequence alignment is also a
computationally expensive application as its cormgut
and memory requirements grow quadratically with the
size of the databases. Given that the latter isvigigp
exponentially year after year, the need for haréwar
acceleration is getting stronger [1].

Graphics Processor Units (GPUs) have been
proposed recently as a high performance and relgitiv
low cost acceleration platform for biological seqgoe
alignment [2]. Among the early attempts we can cite
Liu's OpenGL-based implementation of the Smith-
Waterman algorithm, reported in [3]. More recently
Manavski et al. [4] and Munekawa et al. [5] repdrte
two different GPU implementations of the Smith-

Waterman algorithm using NVIDIA GPUs [6]. The
former used a single thread to compute a complete
pairwise alignment matrix, column by column seyall
and harnessed many threads to compute the alignment
matrices of different pairs in parallel. The latter
implementation harnessed one batch threads (btock)
compute a single alignment matrix in parallel,
exploiting the fact that the computation of the mixat
cells on each anti diagonal are independent of each
other, and hence can be done in parallel. Both
implementations used the compute unified device
architecture (CUDA) API to program GPUs and
targeted GPUs from NVIDIA [8]. These API functions
have contributed greatly to the use of GPUs in gine
purpose computing, opening the way for a new fidld
computational study  coined general-purpose
computation GPU (or GPGPU) which aims at
harnessing GPUs for a wide range of applications
including scientific computing [7], computational
geometry [8], image processing [9] and bioinformesti
[2].

Compared with CPU-based implementations of the
Smith-Waterman algorithm e.g. from Farrar [10],
Manavski et al. [4] and Munekawa et al. [5]
demonstrated good acceleration performamdgch
runs from 2 to 30 times faster than any previous
implementations on commodity hardware. However,
both implementations have a serious limitation lo@ t
length of query sequences that their GPU
implementations can cope with. Indeed, Munekawa et
al. [5] is clearly stated that that query sequerstesild
be shorter than 2048, because of the limitatiothen
maximum number of threads that could be defined in
each block. Moreover, Manavski et al. [4] reports a
similar limitation because of the limited size dfet
local memory. Such limitation renders these
implementations useless in many real world
applications where query sequences are far loiger t
2500 approximately. This paper presents a technique
which overcomes the above limitation of previous
implementations of the Smith-Waterman algorithm.
The main idea behind this is to separate the
computation of the alignment matrix into multiplerfs
if the number of threads and size of local memagy a
not sufficient, and allocate the available resosirte
each sub-matrix in turn.



The remainder of the paper is organized as follows.
First, relevant background on the Smith-Waterman
algorithm is presented. Then, previous work indhea
of GPU-based acceleration of biological sequence
alignment is presented. After that, our novel GPU-
based implementation technique of the Smith-
Waterman algorithm is presented. A comparative
evaluation of our implementation then follows befor
conclusions and ideas for future work are laid out.

2. THE SMITH-WATERMAN ALGORITHM

The Smith-Waterman algorithm [11] is dynamic
programming algorithm which finds the best local
alignment between two sequences. The optimal local
alignment obtained by the algorithm is achievethio
stages. Firstly, an alignment matrix is calculdbeded
on the correlation between the two sequence clagact
(e.g. protein amino acids, DNA base pairs). The
optimal local alignment is found by finding the
maximum element in the alignment matrix, which
attaches a score to the degree of similarity batvike
two sequences, and tracing back the alignment xnatri
until a zero element is found.

More specifically, let D denotes a database sequefc
lengthm:

D: dodid2d3....dn- 1

Let Q denotes a query sequence of lemgth

Q: qoglg2g3....an- 1

Let w(a, h) denotes the substitution scoring matrix
which gives a score describing the likelihood of
substitution between charactexandb;.

Let Ginit andGext denote penalties for opening a new
gap and continuing an existing gap respectively.

With the above, the alignment matrix computation of
the Smith-Waterman algorithm is described by the
following equations:

1. E,j=max{H,j -1-Gnit , Ej -1- Gxt}

2. Fi,j =max{Hi -1,j —Gnit ,F -1j — Gxt}

3. Hi,j =max{0,B,j ,F.,j ,H -1j -1+W(a,jb)}

The values ofii,j , E,j and Fi,j are defined as O if
i<l or j<1.The gap penalty is called linear if
Ginit = Gext , Otherwise, it is called affine. In our
subsequent GPU implementation, we use a linear gap
model, which means that the above equations can be
summarised as:

4,

Hi,j = max{0,H -1,j —G,H j -1-G,H -1j - 1+ W(a,jb)}

From this equation, we observe that the valuediof
depends on the values of its upper neighlboyr-1,
left neighbour Hi-1,j and left-upper
neighboumi -1,j -1, as shown in figure 1.

Hi-1,j1
Wiai, B,

Hi, j-1
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S ¢

Hi-1, j; = Hi,j,

Figl. Data dependency of the Smith-Waterman dynamic
programming algorithm

The above operations are massively parallelisabtes
the anti diagonal elements of the alignment madrix
independent of each other, and hence can be cothpute
in parallel. In addition, the computation of diféert
alignment matrices between a query sequence and
several subject sequences can be done in paradlel t
Since GPUs have the ability to allocate thousarfds o
parallel threads to a particular task, it is a very
appealing acceleration platform for the Smith-
Waterman algorithm. Note finally that the trace lbac
procedure will be done only for one or few subject
sequences, the one(s) with the highest score, but o
thousands or millions of subject sequences, andehen
it is better achieved on the host CPU. The GPU
parallelisation task is hence focused on the algmm
matrices’ calculation.

3. THE PROGRAMMING MODEL OF CUDACOMPATIBLE
GPUS

CUDA (Compute Unified Device Architecture) is a
parallel computing architecture developed by NVIDIA
Corporation [6], which makes the computing engines
of graphics processor units accessible to general
purpose software developers through a standard
programming language e.g. C, with an API to exploit
the architecture parallelism. Like many-core CPUs,
CUDA uses threads for parallel execution. However,
whereas multi-core CPUs have only few threads
running in parallel at any particular time, GPUkwal
for thousands of parallel threads to run at theestme.
The GPU used in our implementation is NVIDIA’s
Geforce 8800GTX (see Figure 2) which has 16 Stream
Multiprocessors (SMs), with each SM having eight
Stream Processors (SPs) used as Arithmetic Logic
Units (ALUs) with 8KB constant cache, 8KB texture
cache and 16KB shared memory (see Figure 2). The
shared memory can be read and written by any thread
in a block assigned to a SM. In addition, each &® h
its own registers (1024) and operates the sameskern
code as the other SPs, but with different data. sets
Access speed to shared memory is as fast as augessi
SP registers as long as there are no bank corffiicts
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In addition to the above, a device memory offecbgl
access to a larger (768 MB) but slower storage. Any
thread in any SP can read from or write to anytlona
in the global memory. Since computational resuts c
be transferred back to CPU memory through it, dloba
memory can be thought as a bridge which achieves
communication between GPU and CPU.

Local memory is allocated automatically if the size
of variable required is bigger than the registee sand
there is no keyword specified for it. It is not bad and

Egs.4 indicates that the computation of matrix cell
Hi,j just depends on the values of its upper

neighbourHi,j -1, left neighboumni-1,; and its left-
upper neighboumni-1,j -1, which means that the

calculation of cells within each anti diagonal of
alignment the matrix can be done in parallel.

Obviously, for the computation of cells on the kattti
diagonal, we need to record the cells on (k-1)#h a
diagonal and the cells on the (k-2)-th anti diagoRar

a query sequence of lengthand a database subject
sequence of lengtim, there arem+ n-1 anti diagonals
which have to be computed serially. Instead ofistpr
all matrix cells, we just need to allocate memanythe
storage of two anti diagonals. As illustrated igu¥e 3,
the computation of cells in the i-th row (i>1) deds

on both the value stored in shared[i-1] and shdred|
Moreover, shared[i] will be updated when the new H
value is computed for the computation of the calls
the i-th row. Therefore, we use a register for each
thread to store the cells on the (k-2)-th anti dieg
and shared memory space for the cells on the ¢k-1)-
anti diagonal. After computing all cells on thehkanti
diagonal, we use the cells on the (k-1)-th antgdieal

cannot be accessed in a coalesced manner likelgloba ;, update the content of registers and the cells on

memory. Texture memory within each SM can be filled
with data from the global memory. It acts like @loa,

current k-th anti diagonal to update the content of
shared memory for the computation of all cells on

and so does constant memory, which means that they (+1)-th anti diagonal. Another register defined in

can speed up the fetch time of data. However, tlsrea
running in the SMs are restricted to read only ssde
these memories. The host CPU, on the other hard, do
have write access to these memories.

4. OUR SMITHHWATERMAN GPU IMPLEMENTATION

Part of our proposed technique for the Smith-
Waterman GPU implementation draws from the
experience of Liu's parallelization strategy repdrin
[3] and the memory distribution scheme of Munekawa
et al. reported in [5]. Before reporting the detaif our
novel technique, we first describe the two main
parallelization strategies adopted for the GPU
acceleration of the Smith-Waterman algorithm.
Afterwards, we will illustrate our improved strajeg
which solves the problem of query size limitation
reported in previous implementations.

A. Parallelization Strategies

kernel for each thread is used to store and upitiate
highest score of each row. Overall, one block of
threads is responsible for computing one matrixd an
each thread contained in it takes charge of the
computation of one row. However, due to the
limitation of the maximum number of threads whieh i
512 for each block, a problem occurs when the query
sequence size is longer than the maximum number of
threads possible. Considering this limitation,
Munekawa et al. [5] utilize built-in variable chafg]

for each thread to expand the maximum query length
possible to 2048 (=512*4). Nonetheless, the problem
remains for longer query sequences. To circumvent t
maximum number of threads limitation, Manavskilet a
[4] proposed a different parallelization stratedy.it,

one single thread is allocated to the computatioihe
entire alignment matrix of a pair of sequences. The
alignment matrix is calculated serially column by
column (see in figure 4). Since the computatioeaxth
column just depends on the previous one, a small
amount of memory size is needed, dependent on the
length of query sequence.



‘ | BLOCKK | | Datebase | DIKjo] | D] | bkl | piE | .. | DIKIM-1]
| | BLock2 | | Datebase | D[ojo] | Dioj1] | Doy2l | poiEl | ... | Dlojim-1]
‘ | BLock1 | | Datebase | ppgo] | opl | oper | oppsp | o [opfm-11 ] | | et
BLOCK 0 Datebase | D[0]0] | D[OJ1] | D[oJ2] | DOI3] | - - D[O][m-1] 1 | -1
Query Shared[0] ( 0 0 0 0 0o | .. 0 m-1 | m-1 | m-1
Q[0] Shared[1] 0 H 0.0 HO0.1 Ho02 | HO3 | . . H0.m-1 m-1 m-1 m-1
Q1] Shared2] () O H1.0 H1.1 H13 | .. HimA | ma | 1 | L
Q2] Shared[d] () 0O H2.0 H22 H23 | .. H2mt | ma | L m-1
Q[3] Shared[4] (— 0 H 3.1 H3.2 H33 | .. H3m-1 | | m-1
............ - m-1
Q[n-1] Shared[n] 0 Hn-1.0 Hn-1.1 Hn-1.2 Hn-13 | . . Hn-1.m-1

Fig3. Parallel implementation of the alignment rixatomputation for k pairs of sequences - the dysladed parts stand for anti
diagonal cells that can be computed in parallel
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Fig4. Parallel implementation of the alignment rixabtomputation — one single thread computes a cetemlignment matrix of
two sequences. Cells in each matrix are computethuoby column using local memory as a buffer fongerary data

Though the computation of cells of each column is and the possible maximum amount of memory available
serial for each thread, massive parallel computaiso  Once the batch of threads allocated completes a sub
achieved by using multiple parallel threads to wialie matrix calculation, the final thread in the bateltards
alignment matrices between a query sequence andhe data in the row which it takes charge and stitre
several subject sequences. In this implementationjnto shared memory or global memory depending en th
however, the amount of parallelism is restrictedtiy  size of database subject sequence, ready for the
size of the local memory shared by all parallee#lis  calculation of the next sub-matrix, and the fitgegd in
which is used to store and load temporary datathe batch loads this data as initial data for the
necessary for the calculation of alignment matrix subsequent sub-matrix calculation.

elements. For different number of parallel threétis, This operation continues in turn until the end loé t
available local memory allocated for each threaubis entire alignment matrix calculation. This process i
fixed, which will be decreased if more threads are illustrated in Figure 5 as below where the finak#d in
running at the same time. As a result, this methisd each batch (threadh) stores the cells of its row.
suffers from a limitation in the maximum possiblees  Afterward, the first thread in the batch loads thes
of query length to be processed. In next sectia@ywil values as initial data for the computation of tinst frow

describe our proposed method for solving this pnobl in the next alignment sub-matrix. It is worth meniing
here that all alignment matrix calculations are alon
B. Our Thread Allocation and Reuse Strategy purely on GPU. The host processor only allocates

memory on the GPU device and predefines the retevan

The parallelization strategy adopted in our desggn database sequences offset which guarantees that eac
similar to the approach adopted by Munekawa €bal.  block operates on right section of the databaseesexe
as we allocate several threads to compute a singldefore launching the GPU kernel.
alignment matrix. However, in our implementation we  Since each SM can have 768 parallel threads running
separate a single alignment matrix computation intoat the same time, we split this amount into batabfes
multiple sub-matrices with a certain number of #ug threads or blocks, where each block computes one
commensurate with the maximum number of threadsalignment matrix. For example, we can split theralte



number of threads into 8 blocks of 96 threads, With  than the allocated space in shared memory. Thexefor
registers allocated to each thread and each blogldc  our acceleration strategy mainly focuses on thigiefft

use almost 2 KB of shared memory. Global memoryallocation of resources to each block to make the
will be used if this amount of allocated shared mgm  maximum use the available parallelism. This can be
space is not enough for any database subject segjuen achieved through setting the number of threadsaghe
Note here that if the length of the database suibjecblock.

sequence is smaller than the number of thread én th Since each SM has 8192 registers and can keep at
block, additional waiting time should be added fioe most 768 threads running at the same time, foreayqu
threads in the batch to finish their computatiortss is sequence of length 512, if we use 1 block of 51@atis,
easy to imagine e.qg. if thread 0 has already cammple 16 registers can be used for each thread. In #se,c

its row calculation, but threa has not completed yet only one sequence alignment can be computed in each
or has not even started its row, then thread Gohext  SM. If we use 8 blocks of 64 threads, also 16 tegss
block would have to wait for thread of the previous can be allocated to each thread, but the number of
block to complete its task before obtaining itstiahi sequence alignments can be processed at the same ti
data for the next batch of processing i.e. rowl. The becomes to 8. Rather than adopting the simple rdetho
waiting time is proportional to the number of thisa used by Munekawa et al. [5] which utilizes the full
minus the length of database subject sequenceeif thmemory resource for each block, we flexibly allecat
length of database subject sequence is smallertttean resources through setting the number of threadsan

maximum thread number, otherwise, it is 0. block, with no limitation on the overall length die
query sequence. Table 1 presents execution timgeeof
C. Load partitioning and speed-up strategy Smith-Waterman algorithm on GPU using our

technique, with different numbers of threads peckl

In our implementation, we use constant cache t@sto For a query sequence of length 1023, 64 threads per
the commonly used constant parameters in order tdlock lead to the best performance.
decrease access time, including the substitutiotmixna
and the query sequence. In addition, we use globallablel. Performance comparison among thread nuaibé4,
memory to store the database sequence as thefsime 0o 128 and 256. All query sequences run against theSSW
latter can be in the hundreds of megabytes. Morgove PROT database [12]
we use texture cache to shade database sequehees. T

bottleneck of speedup in our implementation isstoge Query Thread 64 Thread 128 Thread 296
operation of temporary data by the last thread taed length | Time(sec) Time(sec) Time(sec)
load operation by the first thread in each batetalise 63 2.13 3.1 6.18
the latency between SP registers and global metisory |27 6.11 4.16 715
; 191 9.28 11.94 8.3
much longer than the one between registers angdhar >e5 1245 1293 963
memory. No matter how fast o.ther thread_s execuwte th 517 2512 26.35 2917
kernel code, they have to wait for a point where al | 1023 50.4 53.1 57.8
threads synchronize. Obviously, this only occuremvh
the length of the database subject sequence ieidong
‘ BLOCK k [ Database [ DIKI[0] | DIKI1] | DIKi2] | DIKI3I | . .. [ DIKlim]
‘ BLOCK 2 [ Database | D[2J0] | D[2)1] | D[22l | DRI3] | .. ..
‘ BLOCK 1 [ Database | DMI0] | DMIMl | DMIR21 | DMIEBI | .. .. [ Drm)
BLOCK 0 Database | D[0][0] DI[O][1] D[0][2] ‘ D[0][3] ‘ ...... D[O][m]
Query 0 0 0 0 o [ .. 0

Thread O :—N QJ0] (0] H 0.0 HO.1 H02 | HO03 | . . HO.m

Thread 1 ‘:K Q[1] (0] H 1.0 H1.1 H13 | . . H1.m

Thread 2 :K Q2] (0] H2.0 H22 H23 | . . H2m

Thread 3 :K Q[3] (0] H3.1 H3.2 H33 [ .. H3.m

______ |
Thread n H Qn] o \ H n.0 \ Hn.1 Hn.2 Hn3 | . . Hn.m

Global

Store/Load operation
memory

| B B B B B

0 H n.0 Hni [ Hn2 | Hn3 | .. Hn.m
Thread O ‘ Q[n+1] (o] H n+1.0 Hn+1.1 Hn+12 | Hn+13 | . .. Hn+1.m
Thread 1 ) Q[n+2] (0] Hn+2.0 Hn+2.1 Hn+23 | . . H n+2.m
Thread 2 Q[n+3] (o] H n+3.0 H n+3.2 Hn+33 | . . Hn+3.m
Thread 3 Q[n+4] (0] Hn+4.1 Hn+4.2 Hn+43 | . . H n+4.m
Thread n Q[n+n] (0] ‘ H n+n.0 ‘ Hn+n.1 H n+n.2 Hn+n3 | . . H n+n.m

Fig5. Our thread reuse strategy, store and loathtipas are performed by the final thread and itts¢ thread in each thread batch
(block).



In our implementation, we use vector typlhar2 as
illustrated in Figure 6 to decrease the data féitvles
compared to usinghar. This was empirically found to
be more efficient than using vecidrar4.

Thread 0 Qo] | Do, of | D@ b@l | D@ DBl | ... Dlm-1], Dim]
Thread 1 af | Donof | D@L D@l | ogL DBl | ... D[m-1], Dim]
Thread 2 Q2 | DoLbMl | D2 D@3 | D@L DBl | .. D[m-1], Dim]

.................................... Dim-1], Dim]
Thread n Qn | Do, Do{ | D@, D@ | bWl DBl | .. D[m-1], Dim]

Fig6. Alignment matrix calculation with vector vabie
char2

D. Pseudo Code

Figure 7 shows the pseudo code for the proposed
kernel. According to the length of query sequentg a
the amount of threads, firstly, we compute the eeus
rate of threads in line 3, and then compute the
additional waiting time for the purpose of insuritinge
proper initial data for the computation of the next
iteration in line 5. Each thread reads the corradpwm
cells on the query sequence in line 7. Note thartetlis

a stringent requirement for the computation order
among threads, which is controlled by the varidag

in line 12. Wherkey< 0, this indicates that the thread
still needs to wait (untikey= 0). After that, it starts to
fetch cells in database sequence to perform the
necessary computations. Since we define vector
variable blockdbin line 17, the maximum fetch time
can be decreased frombfetch to dbfetch2. When
key > dbfetch2, this indicates that the thread has
already fetched the final cells and there is narteedo
any extra operations it line 13. In the final it#oa,
some threads may not have any pending tasks, ichwhi
case they just wait for the synchronization operatn

line 30. Line 18-20 show the computation of the
alignment values and the update of the maximumescor
value. After that, new anti diagonals are updatgd b
changing the value of variabliia in line 21 and the
corresponding positions in shared memory in line/AR2
similar procedure is used in lines 23-27 but with
different database sequence cells. Note here tleat w
adequately use the H value stored in registers for
computation instead of using shared memory, which
avoids the risk of data update conflict among tlisea
and improve operation speed. Apart from the
computation duty, the final threadd = threadnuml)
stores H for the purpose of the next iteratiorine 8.
Note that iffetch>0, thread Oalso needs to load the
initial data in line 16. Load and store operati@rs
added at the beginning and the end of the inngu.loo
Finally, every thread copies the highest scoret®f i
rows threadnumifetch + tid+1) to global memory in
line 30. The expression mguarantees that there is no
conflict in device memory writes.

Input:  Query sequence __constant__ query[Len_query];
Database sequence dbTex[offset[bid]];
Substitution matrix scoring[400];
Output: Highest scores s[bid*(Len_query/threadnum-+1)];
1. __shared__int anti_x[threadnum+1]; //(k-1)-th anti diagonal
2. __shared__int anti_y[threadnum+1]; // k-th anti diagonal
3. quefetch=Len_query/threadnum+1; //thread reuse time
4. dbfetch=offset[bid]; /different database sequence
5. wait=|dbfetch-threadnum|;
6. for fetch=0 to quefetch-1 do //for all query cells
7. subque=query[tid+threadnum*fetch];
8. dia=0; //(k-2)-th antidiagonal
9. anti_x[tid]=-2; //tid: thread ID
10.  anti_y[tid]=-2;
11.  for times=0 to dbfetch/2+threadnum+wait do
12. key=times-tid;
13. if key<0 or key>dbfetch/2 then wait or finished;
14. else if tid>Len_query-(fetch*threadnum)-1 then end;
15. else
16. if fetch>0 and tid=0 then load initial data; end if;
17. blockdb=text1Dfetch[key]; // fetch cells in database
18. compute w(subque, blockdb.x);
19. H=max(0, dia+w, anti_x[tid], H-2);
20. score=max(score, H);
21. dia=anti_x[tid]+2;
22. anti_x[tid+1]=H-2;
23. compute w(subque, blockdb.y);
24. H=max(0, dia+w, anti_y[tid], H-2);
25. score=max(score, H);
26. dia=anti_y[tid]+2;
27. anti_y[tid+1]=H-2;
28. if fetch>0 and tid=threadnum-1 then store H; end if;
29. end if;
30. __syncthreads(); //synchronization
31.  end for;
32.  s[bid*threadnum*quefetch+fetch*threadnum-+tid]=score;
33. end for;

Fig7. Pseudo code. Each block executes the code thét
same query sequence and different database segué¢hee
output is the maximum score for each row in eactriradid
and bid represent the ID of each individual thraad block
respectively. Gap penalty is linear and equal toTBe
constant substitution matrix is stored in constaaimory.

5. RESULTS AND DISCUSSION

In this section, we present experimental results of
our Smith-Waterman GPU implementation compared
to the state-of-the-art. In our implementations,used
a Mac Pro desktop computer running Ubuntu 8.10 32-
bit Linux operation system, with an NVIDIA GeForce
8800 GTX GPU with 768MB device memory, with
576MHz core clock frequency, and 900MHz memory
clock frequency. We used NVIDIA SDK 9.5 and
CUDA 1.1 API for our code development.

The experiments reported used query sequences of
lengths ranging from 63 to 511 amino acids. All yue
sequences run against the Swiss-Prot protein sequen
database [12], which approximately 180MB in size,
and contains 399,749 sequence entries with a ¢dtal
144041553 amino acids. The execution times reported
are just for the execution time on GPU.

The version of the Swiss-Prot database used irLiu
al's OpenGL method [3] is release 46.3, March 2005.



contains 176,469 sequence entries, with an average
length of 361 amino acids. The GPU type used iir the
implementations was an NVIDIA Geforce 7800GTX

GPU. For the sake of simplicity, they used a simple

substitution matrix which uses a score of 2 if the

characters from database sequence and query sequend

are identical and -1 otherwise. For our impleméoitat

the performance was tested using the more biolthgica

Execution time Throughput
Query T (sec) P (MCUPS)
length , ,
Proposed| Munekawa's Proposed Munekawa’s
63 2.13 2.96 4059 1838
127 4.16 3.38 4189 3244
191 7.36 3.98 3561 4121
255 9.63 4.66 3634 4725
511 25.12 8.19 2792 5388
4095 202 impossible 27872 impossible

accurate BLOSUM 50 substitution matrix. Moreover,
we tested the performance with a simple version
substitution matrix for the purpose of fair compan
with Liu’s method [3], the results of which are sho

in Table 2. The evaluation of our implementation on
the Geforce 8800GTX GPU shows a speedup factor
from 4x to 20x. However, the two implementations
used GPUs from different generations. In order to
allow for a fairer comparison, we compared our
implementation with more recent GPU
implementations from Munekawa et al. [5] in table 3
and Manavski et al. [4] in table 4.

Table2. Performance comparison between Liu's ohenG
method [3] and our proposed method, both usingn®plsi
substitution matrix

Execution time Throughput

Query T (sec) P (MCUPS)
length Proposed Liu's Proposed Liu's
63 2.13 19.5 4059 196
127 4.16 25 4189 308
255 9.63 36.3 3634 427
511 25.12 59.2 2792 524
1023 50.4 105.1 2786 591
2047 101.12 197.9 2778 628
4095 202 383.1 2782 649

Table 3 presents comparative implementation results
between our implementation and Munekawa et al.’s
which targeted NVIDIA’s Geforce 8800GTX GPU [5].
Here, we can see that for shorter query sequences,
implementation performs better, but as query secgien
length increases, the performance of our
implementation decreases. This is because of the
overheads associated with storing and loading
intermediate data between computation batches when
the query sequence length is greater than the nuafibe
threads, as explained in the previous section.
Nonetheless, we notice that Munekawa et al.’s
implementation cannot cope with query sequences
longer than 2048, whereas our implementation can
cope with any query sequence length. This is a majo
advantage of our method which makes it completely
useful in real world bioinformatics applicationsotsd
that the difference between throughput ratios and
execution time ratios in Table 3 as due to the afse
different versions of the Swiss-Prot databasewith
different sizes.

Table3. Performance comparison between Munekawa'’s
method [5] and our proposed method

Table 4 presents comparative results with another
recent GPU implementation of the Smith-Waterman
algorithm, from Manavski's et al. targeted at an
NVIDIA Geforce 8800GTX GPU [4] which was
explained in detail in section 4.A above. This
implementation has obvious speed advantages as can
be seen from Table 4 thanks to the higher amount of
parallelism allowed by computing several alignment
matrices in parallel coupled with a simpler
synchronization mechanism allowed by the fact that
only one thread is associated to each alignmentimat
calculation. Nonetheless, this implementation exnsff
from the local memory size bottleneck which linthe
size of query sequences to be processed to 2500
approximately. Our implementation on the other hand
does not suffer from any such limitation, and daunst
be fully adopted in a real world bioinformatics
application.

Table4. Performance comparison between Manavski's
method [4] and our proposed method, substitutiotrimaas
used.

Execution time Throughput
Query T (sec) P (MCUPS)
length , ,
Proposed| Manavski'ss Proposed Manavsk|'s
63 8 2.98 1080 1849
127 15.5 5.88 1124 1889
255 35 12.31 1000 1811
511 81.8 24.89 857 1795
4095 633.6| impossible 885 impossibleg

In addition, we have compared the performance of ou
GPU implementation with a widely used optimised
CPU implementation of the Smith-Waterman
algorithm, namely SSEARCH from the FASTA set of
programs [13]. Table 5 presents comparative resilts

our GPU implementation with an equivalent
SSEARCH (version 35.04) implementation on a
Pentium4 3.4GHz desktop computer running Windows
XP Professional. This shows that our GPU
implementation outperforms an equivalent CPU
implementation by up to 15x.



Table5. Performance comparison between SSEARCH and
our proposed method

Execution time Throughput
Query T (sec) P (MCUPS)
1ength | o posed| SSEARCH | Proposed] SSEARCH
63 8 125 1080 70
127 155 210 1124 83
255 35 424 1000 83
361 56.4 536 880 92
511 81.8 779 857 90

6. CONCLUSIONS AND FUTURE WORK

In this paper we have presented a novel technique
for the implementation of the Smith-Waterman
algorithm on CUDA-compatible GPUs. The technique
solves the query length limitation reported in poes
GPU implementation of the Smith-Waterman
algorithm, as it can cope with any query or subject
sequence sizes. Central to this technique is deliand
conquer approach to alignment matrix calculation in
which the size of sub-matrix calculation is dicthtey
the available computing and memory resources in the
GPU hardware, with thread reuse across all subbmatr
calculations. This however comes at a speed ovdrhea
due the storing and loading of temporary intermedia
data in the global memory. Despite this speed pgnal
our GPU implementation still outperforms an
optimised CPU-only implementation by up to 15x.

Future work will harness our divide and conquer
technique with the single thread per alignment ixatr
parallelising strategy outlined in section 4.B, and
compare the results with the implementation repbrte
in this paper. We also plan to accelerate other
biological sequence alignment algorithms on GPUs
including the BLAST algorithm and biological
sequence analysis using Hidden Markov Models
(HMMs).
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