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Abstract. Whole genome comparison compares (aligns) t w o genome se-

quences assuming that analogous c haracteristics ma y b e found. In this

pap er, w e presen t an SIMD v ersion of the Smith-W aterman algorithm

utilizing Streaming SIMD Extensions (SSE), running on In tel P en tium

pro cessors. W e compare t w o approac hes, one requiring explicit data de-

p endency handling and one built to automatically handle dep endencies

and establish their optimal p erformance conditions.

1 In tro duction

Sequence similarit y searc hes are frequen tly p erformed in Computational Biol-

ogy . They iden tify closely related genetic sequences, assuming that high degree

of similarit y often implies similar function or structure. T o establish similarit y

an alignment sc or e is calculated. Exact algorithms to calculate the alignmen t

score, based on the dynamic programming, are v ery slo w (ev en on fastest w ork-

stations). Hence, heuristic alternativ es are used; but they ma y not b e able to

detect distan tly related sequences. Among exact metho ds, the Smith-W aterman

algorithm is one of the most p opular. Ho w ev er, due to its compute-in tensiv e na-

ture, it is rarely used for large scale database searc hes. In this pap er w e describ e

an e�cien t implemen tation of the Smith-W aterman algorithm that exploits the

�ne-grained parallelism. W e use In tel's MMX/SSE2 SIMD extensions to sp eedup

the algorithm within a single pro cessor.

2 Related w ork

P arallelization of the Smith-W aterman algorithm pro ceeds on t w o fron ts: �ne-

grained and coarse-grained parallelism. In the �ne-grained approac h the pairwise



comparison algorithm is parallelized and eac h pro cessing elemen t p erforms a part

of matrix calculation to help determine the optimal score. This approac h w as

widely used on single instruction m ultiple data parallel computers at the time

when they w ere v ery p opular. F or m ultiple instruction, m ultiple data computers,

subsets of the database are indep enden tly searc hed b y pro cessing elemen ts.

Fiv e arc hitectures used for sequence comparison w ere describ ed in Hughey [1]:

(1) sp ecial purp ose VLSI, (2) recon�gurable hardw are, (3) programmable co-

pro cessors, (4) sup ercomputers and (5) w orkstations. Sp ecial purp ose VLSI pro-

vides the b est p erformance but is limited to a single algorithm. The Biological

Information Signal Pro cessing (BISP) system w as one of the �rst systolic ar-

ra ys used for sequence comparison. Recon�gurable hardw are is t ypically based

on Field Programmable Gate Arra ys (FPGAs). They are more v ersatile than

sp ecial purp ose VLSI and can b e adapted to di�eren t algorithms. A n um b er of

FPGA systems, suc h as DeCypher [3], accelerate Smith-W aterman algorithm,

rep orting sev eral orders of magnitude sp eedup. These systems can easily b e

p orted to new er generations of FPGAs with only a minim um re-design. Pro-

grammable co-pro cessors striv e to balance the �exibilit y of recon�gurable hard-

w are with the sp eed and high densit y of pro cessing elemen ts. Kestrel [19] is a

512 elemen t arra y of 8-bit PEs that w as used for sequence alignmen t. F or high

p erformance computers let us men tion the BLAZE [4], an implemen tation of

the Smith-W aterman algorithm, written for the SIMD MasP ar MP1104 com-

puter with 4096 pro cessors. As far as w orkstations are concerned, W ozniak [5]

presen ted an implemen tation that used the SIMD visual instruction set of Sun

UltraSparc micropro cessors to sim ultaneously calculate four ro ws of the dynamic

programming matrix. Rognes and Seeb erg [6] used the SIMD m ultimedia exten-

sion instructions on In tel P en tium micropro cessors to pro duce one of the fastest

implemen tations on w orkstations. Net w orks of w orkstations ha v e also b een used

e�ectiv ely b y Strump en [7], who utilized a heterogeneous en vironmen t consisting

of more than 800 w orkstations, while Martins and colleagues [8] presen ted an

ev en t-driv en m ultithreaded implemen tation of the sequence alignmen t algorithm

on a Beo wulf cluster consisting of 128 P en tium Pro micropro cessors.

3 The Smith-W aterman algorithm

Initially , Needleman and W unsc h [9] and Sellers [10] in tro duced the global align-

men t algorithm based on the dynamic programming approac h. Smith and W a-

terman [11] prop osed an O(M 2N ) algorithm to iden tify common molecular sub-

sequences, whic h to ok in to accoun t ev olutionary insertions and deletions. Later,

Gotoh [12] mo di�ed this algorithm to run at O(MN ) b y considering a�ne gap

p enalties. These algorithms dep ended on sa ving the en tire M � N matrix in

order to reco v er the alignmen t. The large space requiremen t problem w as solv ed

b y My ers and Miller [13] who presen ted a quadratic time and linear space algo-

rithm, based on a divide and conquer approac h. Finally , Aho, Hirsc h b erg and

Ullman [14] pro v ed that sym b ol comparing algorithms (to see if they are equal

or not), ha v e to tak e time prop ortional to the pro duct of their string lengths.



Let us no w describ e the Smith-W aterman algorithm (an example of its op er-

ation w as depicted in Figure 1). Let us consider t w o genomic sequences A and B

T C G A C A T A

A

C

G

G

A

T

C

A

0 0 0 1 5 0 12 5 5

0 0 5 0 1 7 0 0 0

0 0 0 5 2 0 0 0 0

0 0 0 6 0 2 1 4 6

0 0 1 0 6 0 8 2 13

0 5 0 1 0 3 6 8 1

0 0 5 0 0 10 3 1 0

0 0 0 0 5 0 5 0 5

0 0 0 0 0 0 0 0 0

Fig. 1. Comparison Matrix: Optimal score: 13, Matc h: 5, Mismatc h: -4, P enalt y: 0+7k .

Optimal Alignmen t: A C A T A, A C - T A

of length M and N resp ectiv ely , to b e compared using a substitution matrix @,

and utilize the a�ne gap w eigh t mo del. The gap p enalt y is giv en b y: Wi + kWe

where Wi > 0 and We > 0. Wi is the p enalt y for initiating the gap and We is

the p enalt y for extension of the gap, whic h v aries linearly with the length of the

gap. The substitution matrix @lists the probabilities of c hange from one �struc-

ture� in to another in the sequence. There are t w o families of matrices used in the

algorithm: the P ercen t A ccepted Mutation (P AM) and the Blo c k Substitution

Matrices (BLOSUM). Maximization relation is used in order to calculate the

optim um lo cal alignmen t score according to the follo wing recurrence relations

(the highest v alue in the H matrix giv es the optimal score):

E(i; j ) = H (i; j ) = F (i; j ) = 0 ; for i = 0 or j = 0

E(i; j ) = max
�

E(i � 1; j ) � We

H (i � 1; j ) � Wi � We

�

F (i; j ) = max
�

F (i; j � 1) � We

H (i; j � 1) � Wi � We

�

H (i; j ) = max

8
>><

>>:

0
E(i; j )
F (i; j )

H (i � 1; j � 1) + @(A i ; B j )

9
>>=

>>;

These recurrences can b e understo o d as follo ws: the E ( F ) matrix holds the

score of an alignmen t that ends with a gap in the sequence A ( B ). When cal-

culating the E(i; j ) th ( F (i; j ) th) v alue, b oth extending an existing gap b y one

space, or initiating a new gap is considered. The H (i; j ) th cell v alue holds the



b est score of a lo cal alignmen t that ends at p osition A i , B j . Hence, alignmen ts

with gaps in either sequence, or the p ossibilit y of increasing the alignmen t with

a matc hed or mismatc hed pair are considered. A zero term is added in order

to discard negativ ely scoring alignmen ts and restart the lo cal alignmen t. One

of p ossible man y optimal alignmen ts can b e retriev ed b y retracing steps tak en

during computation of matrix H , from the optimal score bac k to the zero term.

T o quan tify the p erformance of dynamic programming algorithms, the mea-

sure: mil lions of dynamic pr o gr amming c el l up dates p er se c ond ( MCUPS ) has

b een de�ned. It represen ts the n um b er of cells in the H matrix computed p er

second, and includes all memory op erations and corresp onding E / F matrix cell

ev aluations.

4 SIMD-based approac h

Multimedia extensions ha v e b een added to the Instruction Set Arc hitectures

(ISAs) of most micropro cessors [15]. They exploit lo w-lev el parallelism, where

computations are split in to sub w ords, with indep enden t units op erating on them

sim ultaneously (a form of SIMD parallelism). In tel in tro duced the P en tium MMX

micropro cessor [16] in 1997. The MMX (MultiMedia eXtensions) tec hnology

aliased the eigh t 64-bit MMX registers with the �oating p oin t registers of the x87

FPU, allo wing up to eigh t b yte op erations p erformed in parallel. SIMD pro cess-

ing w as enhanced with the addition of the SSE2 (Streaming SIMD Extensions)

in the P en tium 4 micropro cessor. It allo ws handling sixteen sim ultaneous b yte

op erations in 128-bit XMM registers. Note ho w ev er that b ecause of the smaller

n um b er of a v ailable bits, o v er�o ws or under�o ws o ccur more frequen tly . They

are handled b y t w o metho ds: wr ap ar ound arithmetic , whic h truncates the most

signi�can t bit; and satur ation arithmetic . In the latter case the result saturates

at an upp er or lo w er b ound and the result is limited to the largest/smallest

represen table v alue. Hence, for unsigned in teger data t yp es of n bits, under�o ws

are clamp ed to 0, and o v er�o ws to 2n � 1. Satur ation arithmetic is adv an ta-

geous b ecause it o�ers a simple w a y to eliminate unneeded negativ e v alues and

automatically limits results without causing errors, and th us is used in our im-

plemen tation. Finally , let us note that compiler supp ort for SIMD instructions

is still somewhat rudimen tary , and th us hand co ding in assem bly language using

SIMD instructions is often required.

4.1 Challenges in P arallelizing the Smith-W aterman Algorithm

P arallelizing the dynamic programming algorithm is done b y calculating m ul-

tiple ro ws of the H matrix sim ultaneously . Figure 2 sho ws the data dep en-

dencies of eac h cell in the H matrix. V alue in the (i; j )th
cell dep ends on

(i � 1; j � 1)th ; (i � 1; j )th
and (i; j � 1)th

cell v alues. Hence, b efore a cell can

b e computed, cells immediately ab o v e, to the left and diagonally across m ust

b e a v ailable. This �gure also sho ws wh y a systolic-arra y w ould b e ideal for this

t yp e of calculations. The alignmen t matrix H , can b e ev aluated in parallel ro ws

(columns) or an ti-diagonals.



Fig. 2. Data dep endencies in the similarit y matrix.

4.2 Diagonal Approac h

When computation pro ceeds diagonally across the alignmen t matrix the in ter-

dep endencies are automatically handled. The main disadv an tage is that substi-

tution scores cannot b e accessed linearly from memory , but ha v e to b e inde-

p enden tly loaded for eac h diagonal cell. Sym b ols from t w o sequences ha v e to

b e read, and a lo ok-up in to the substitution table made in order to calculate

the corresp onding matc h or mismatc h score. This pro cedure has to b e rep eated

for ev ery elemen t in the diagonal b efore parallel computation can pro ceed. The

second disadv an tage is that the size of the diagonal v aries at the b eginning and

the end of the matrix sw eep. F or example, if parallel computation in v olv es four

cells at a time, the �rst three diagonals of the alignmen t matrix with one, t w o

and three cells resp ectiv ely do not con tain enough cells to load the 4-w a y SIMD

w ord. T o solv e this problem three dumm y sym b ols b oth at the b eginning and

the end of the query sequence are added. F urthermore, appropriate en tries m ust

b e added in the similarit y table b et w een the dumm y sym b ol and eac h sym b ol

in the alphab et (the dumm y sym b ol included), with a score of zero, so that the

optimal score remains unc hanged. Computation then pro ceeds along successiv e

diagonals through the en tire length of the query sequence. The next four ro ws

of the matrix are then computed in the same manner. If the database sequence

length is not a m ultiple of the SIMD w ord length, the sequence m ust b e concate-

nated at the end with an appropriate n um b er of dumm y sym b ols. This pro cess is

illustrated in �gure 3 (panel a). SIMD op erations can b e p erformed with signed

or unsigned in tegers. T o a v oid reducing the maxim um represen table in teger v alue

all elemen ts in the similarit y matrix are biased b y a p ositiv e v alue (forcing them

to remain p ositiv e). The bias is then subtracted without a�ecting the optimal

score.



a) b)

Fig. 3. Fine-grained parallelization of the Smith-W aterman algorithm using 4-w a y sub-

w ord pro cessing. a. Diagonal approac h. b. Horizon tal approac h.

In order to obtain optim um p erformance, a n um b er of tec hniques ha v e b een

used to sp eedup the co de. (1) T o optimize utilization of cac he memory arra ys

E and H are in terlea v ed as an arra y of structures. (2) SIMD w ords in memory

are aligned at appropriate b oundaries: 64-bit memory access with MMX regis-

ters requires the target address to b e aligned at 8 b yte b oundaries and 128-bit

memory access with XMM registers requires alignmen t at 16 b yte b oundaries.

(3) to reduce e�ects of memory latency memory references for sub w ord access

(one addition, one m ultiplication and t w o memory reference instructions in the

outer lo op, along with three memory read instructions in the inner lo op) can b e

appropriately re-arranged.

4.3 Horizon tal Approac h

When computation pro ceeds horizon tally along the ro ws of the alignmen t matrix

the in terdep endencies are not resolv ed. T o calculate the v alue of the (i; j )th
cell

in the H matrix, the v alues of the (i; j � 1)th
cell in the F and H matrices are

required and th us parallel calculation of horizon tal cells of H is imp ossible.

An in teresting empirical observ ation concerning utilization of the Smith-

W aterman algorithm for biological sequences w as made b y Phil Green (and im-

plemen ted in the SW A T program, [18]). In most cells of E , F and H matrices,

v alues are clamp ed to zero (when using saturated arithmetic) and th us do not

con tribute to H . Sp eci�cally , the (i; j )th
cell v alue in the F matrix will remain

zero if the (i; j � 1)th
cell v alue is already zero, as long as H (i; j � 1) � Wi + We .

F (i; j ) = max
�

F (i; j � 1) � We

H (i; j � 1) � Wi � We

�

If the H v alue is b elo w this threshold, F will remain zero within that ro w. F or

example, when using a 4-w a y SIMD w ord, the F v alues can b e ignored from the

iteration if the four H v alues in its relation are b elo w the threshold Wi + We . If

one or more of the H v alues exceeds this threshold, the F v alues m ust b e recal-

culated sequen tially . This e�ect dep ends on the threshold v alue. If the gap op en

and gap extend p enalties are v ery small, most H v alues are ab o v e the threshold

and there will b e no sp eedup in the algorithm. On the other hand if the threshold

v alues are to o large results will b e �incorrect� as useful information ma y b e lost.



An adv an tage of the horizon tal metho d is that substitution scores can b e

loaded with a single memory read op eration using a query sequence pro�le table.

The query sequence pro�le table con tains the substitution scores of the query

sequence placed horizon tally across the matrix, v ersus an imaginary sequence

made up of all sym b ols in the alphab et and is created once for the query sequence.

This pro cess is illustrated in Figure 3 (panel b). Note that most optimization

tec hniques used in the diagonal metho d are relev an t here. The query sequence

pro�le table is computed once b efore the database comparison pro cedure and

is usually small enough to �t in the �rst lev el cac he of the micropro cessor. The

conditional lo op presen ts a problem b ecause it is cum b ersome to implemen t

using In tel's media pro cessing ISA. F urther, it increases the run time b ecause of

the p ossibilit y of misprediction of the branc h target address. Th us, the SIMD

conditional lo op is unrolled.

4.4 Exp erimen tal Results

The t w o algorithms w ere implemen ted using MMX and SSE2 tec hnology and

tested on a P en tium I I I 500Mhz with 128MB RAM, running Windo ws 2000,

and a P en tium 4, 1.4Ghz with 128MB RAM, running Windo ws NT. Finally ,

w e ha v e run t w o series of exp erimen ts on the In tel P en tium 4, 2.80GHz with

1GB of RAM, running Windo ws XP . The user in terface, �le handling and mem-

ory allo cation co de w as written in C and compiled using the Visual C/C++

6.0 compiler. The Smith-W aterman algorithm w as written in assem bly language

and compiled using the Net wide ASeMbler 0.98.08 (NASM). Timings w ere mea-

sured b y reading the micropro cessor timestamp (using the assem bly mnemonic

RDTSC) b efore and after completion of the target function and dividing b y the

micropro cessor clo c k sp eed in Hz. F or eac h test, the total program run time, total

I/O o v erhead, total time sp en t in the Smith-W aterman function, MCUPS, and

their a v erages w ere noted.

In the tests, the lo cal alignmen t score b et w een t w o DNA sequences w as cal-

culated without reco v ering the alignmen t. The pam47 substitution matrix w as

used whic h assigns a v alue +5 for a matc h and -4 for a mismatc h b et w een t w o

n ucleotides. A bias v alue of +4 w as used to eliminate negativ e elemen ts from

the substitution matrix. An a�ne function 0+7k w as used for the gap op en and

gap extension p enalties.

T ests w ere p erformed using query sequences ranging in length from 100 to

1000 n ucleotides; in steps of 100. W e used the annotated Drosophilia genome re-

lease 3.0 [17], con taining 17,878 sequences with a total of 28,249,452 n ucleotides.

Plots of searc h times v ersus query lengths for di�eren t SIMD implemen tations

are sho wn in Figure 4. The bulk of the program time (96-97%) is sp en t in the

Smith-W aterman sequence comparison function. Only a small p ercen t of the

time is sp en t as o v erhead for reading the sequences from the disk. F or a gap

p enalt y of 0 + 7k , the diagonal metho d w as found to b e 1.30 to 1.87 times faster

than the horizon tal metho d. Using the 128-bit XMM registers on pro cessors with

SSE2 tec hnology doubles the size of the SIMD w ord as compared to the 64-bit

MMX registers of the older MMX tec hnology . Theoretically , this should result



in a t w o fold sp eed increase. Practically , the sp eedups ranged from 1.17 to 1.40

as with an increase in the SIMD w ord length there is a corresp onding increase

in clo c k cycles. Surprisingly , the horizon tal approac h using the b yte precision

within the SSE2 tec hnology w as slo w er than its MMX implemen tation b y 14%.

As exp ected, searc hes using 8-bit sub w ords in the SIMD w ord, as compared

to searc hes using sub w ords of 16-bits, w ere found to b e faster b y a factor of

1.31 to 1.79. Most comparison scores in sequence searc hes are w ell b elo w the

maxim um v alue represen table in 8 bits. An y score close to 255 represen ts an

in teresting matc h whic h is in v estigated b y other means, irresp ectiv e of its actual

score. Hence in most cases, b yte precision is su�cien t for database searc hing.

Another in teresting observ ation is the scalabilit y of the SIMD implemen ta-

tion b et w een pro cessors in the same family . The diagonal approac h using MMX

tec hnology results in a p erformance b o ost of 3.68 and 3.91 for the b yte and w ord

precisions resp ectiv ely . The horizon tal approac h ac hiev ed more mo dest sp eedups

of 1.44 and 1.63 for the b yte and w ord precisions. Finally , w e ha v e found out

that mo v e from the 1.4 GHz P en tium 4 to the 2.8 GHz P en tium 4 resulted in the

MCUPS rate (for query length 1000) to jump from 215 to 488 for the diagonal

metho d, and from 165 to 373 for the horizon tal approac h. While w e do not ha v e

a direct explanation of the jump that is more than t w o-fold; let us note that b oth

mac hines ha v e b een running di�eren t op erating systems and had substan tially

di�eren t amoun ts of a v ailable memory . What matters is the fact that for the

algorithm in question the clo c k-sp eed of the pro cessor (and th us its ra w p o w er)

translates directly in to p erformance.

Fig. 4. Searc h times v ersus query lengths for di�eren t implemen tations

T o complete our in v estigation, in �gure 5 w e depict e�ect of gap p enalties on

the horizon tal metho d. Searc hing the database using a query of length 900 with

a gap p enalt y of 0+7k tak es 174 seconds, while a searc h with a p enalt y of 40+2k
tak es only 43.9 seconds (ho w ev er, with the c hange in the gap p enalt y the optimal



Fig. 5. E�ect of SW A T optimization

scores are no longer equal). The sp eed of the horizon tal metho d v aries from 142

MCUPS with a gap p enalt y of 0 + 7k , to its saturation p oin t at appro ximately

580 MCUPS with a gap p enalt y of 40 + 2k . The diagonal metho d, on the other

hand, do es not incorp orate the SW A T optimization and runs at constan t sp eeds

for di�eren t gap p enalties. Hence, database searc hing with a high gap p enalt y

fa v ors the horizon tal metho d o v er the diagonal metho d (as long as the �nal

results remain reliable).

5 Concluding remarks

The aim of this w ork w as to prop ose a �ne grain implemen tation of the Smith-

W aterman algorithm utilizing m ultimedia extensions on In tel pro cessors. Our

exp erimen ts sho w ed signi�can t sp eedups on P en tium w orkstations. Since the

general-purp ose micropro cessors are constan tly b eing up dated with more ad-

v anced features allo wing micro-parallelization of algorithms, it can b e exp ected

that features lik e the newly in tro duced Sim ultaneous Multi-threading (h yp er-

threading) tec hnology will o�er further p oten tial for p erformance increase. Ho w-

ev er, note that this and other similar approac hes hea vily rely on assem bly co ding.

As a results co des are not p ortable at all. F or instance our co des run only on

32-bit arc hitectures and are useless for the mo dern 64-bit pro cessors.
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