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Abstract

The constrained multiple sequence alignment
(CMSA) problem is to align given sequences
S1,959,...,5, to maximize a similarity score with
the constraint that P is “contained” in the re-
sulting alignment. The CMSA problem can be
considered as a constrained path search problem in
the dynamic programming matrix. The problem
has a dynamic programming solution that requires
O(27|51]|S2]...|Sn]|P|) time where we denote by
| X| the length of any string X. There is a parallel
CMSA algorithm that uses |P| + 1 processors.
We propose a more general parallel algorithm
which further improves the time requirement of the
problem in practical settings.

Keywords: constrained sequence alignment, multi-
ple alignment, dynamic programming, parallel algo-
rithm.

1 Introduction

The constrained multiple sequence alignment
(CMSA) problem was introduced by Tang et al.
[12]. The problem aims to incorporate the biolog-
ically meaningful prior knowledge of the structure
or pattern of the input sequences into the alignment
process. The problem is to find an optimal multiple
alignment of given n strings 51,55, ..., 5, such that
the alignment contains a given pattern string P, i.e.
in the alignment matrix there exists a sequence ¢
of columns each entirely composed of symbol Pk]
for every k where P[k] is the kth symbol in P,
1 < k < |P|, and in the sequence ¢, a column con-
taining PJi] appears before column containing P(j]
for all 7,7, ¢ < j. An application of the problem is
the alignment of RNase sequences. Such sequences
are all known to contain three active residues

His(H), Lyn(K), His(H) that are essential for
RN A degrading. Therefore, it is natural to expect
that in an alignment of RNA sequences, each of
these residues should be aligned in the same column.
The CMSA problem when k£ = 2 is called the
constrained pairwise sequence alignment (CPSA)
problem.

There are many dynamic programming algorithms
for the CM SA and CPSA problems, and their vari-
ations [12, 3, 13, 14, 1, 4, 7, 8].

In this paper, we propose a more general paral-
lel algorithm that further parallelizes the parallel
CMSA algorithm PCMSA of He and Arslan [§].
Experimental evidence shows that our algorithm im-
proves the results obtained by Algorithm PCMSA.

The outline of this paper is as follows: In Sec-
tion 2 we summarize the parallel CMSA algorithm
PCMSA of He and Arslan [8]. We present our par-
allel algorithm FastPCM S A for the problem in Sec-
tion 2.1 and show the results of our experiments in
Section 3. We include our final remarks in Section 4.

2 Parallel
CMSA

Computation of

Given n sequences Si,S9,...,S, with lengths, re-
spectively, s1, sa, ..., Sn, the multiple sequence align-
ment (MSA) problem can be considered as a path
problem in a graph whose vertices are placed at en-
tries in an n-dimensional matrix of size s1 X s9 X ... X
Sn, and to each vertex v there are vertices from each
of its neighbors, i.e. vertices whose coordinates are
either the same or one less than that of v in each
dimension. In this graph the shortest path (or the
longest path depending on the similarity model) be-
tween vertices (0,0,...,0) and (s1, $2,...,5y) is the
optimal solution of the M SA problem. Clearly the
problem has a simple dynamic programming solution



that involves an n-dimensional matrix [15].

For the CMSA problem Chin et. al [3] presents
a dynamic programming formulation obtained by
modifying the solution for the M SA problem.

The CM S A problem can also be considered as a
problem of finding a shortest path in the dynamic
programming matrix which we can visualize in layers
indexed by its last dimension (positions in the pat-
tern string P) where each layer is an n-dimensional
matrix. We can see that a shortest path goes through
each layer of the dynamic programming matrix be-
ginning at layer 0 and ending at layer r, where r is
the length of the pattern string. We call an optimal
solution of the CM SA problem as a global shortest
path. A global shortest path enters each layer at a
vertex (we call it an entry vertez), after traversing a
number of vertices in each layer exits the layer at a
vertex (we call it an exit vertex) never to come back
to this layer again. An exit vertex of layer k is also
the entry vertex of layer k + 1 for 0 < k < r. The
length of a global shortest path is the sum of the
length of the sub-paths on each layer, and each sub-
path on layer k£ in a global shortest path is a shortest
path between the entry and exit vertices on layer k.

He and Arslan [8] present the following parallel
CMS A algorithm, PCM S A:

1. Find all entry and exit vertices for each layer k,
0<k<r.

2. Compute shortest paths for all entry-exit vertex-
pairs on each layer in parallel.

3. Compute a global shortest path between vertices
(0,0,...,0,0) and (s1,82,--,8n,7).

In Step 1 of Algorithm PCM S A we use part of the
CM S A algorithm of He and Arslan [7] to find rectan-
gular boundary necessary to consider for each layer k
in the dynamic programming matrix (see Figure 1).
The execution of these steps determines at each layer
k a rectangular region whose two diagonal corners
respectively, are (S1pegin k], Savegin [K]; ---» Snbegin [K]),
and (S1iast[k], S2iast[k], -, Sniast[k]). Then we find
entry and exit vertices on each layer. The entry ver-
tices on layer k are all the vertices where the symbol
is P[k] for all sequences at these coordinates. These
vertices are in the overlapping region of layer k — 1
(for k > 1) and k. Similarly, the exit vertices on layer
k (for k < r) are all the vertices where the symbol is
P[k+1] for all sequences at these coordinates. These
vertices are in the overlapping region of layer k£ and
k+1. Note that the entry vertices on layer k are also
the exit vertices on layer k — 1, and the exit vertices
on layer k are also the entry vertices on layer k + 1.

Steps from Algorithm FastCMSA [7]

2. For each k, find every pair of
first and last possible positions
that match P[k] in each of Si,S2,...,5n
in a constrained alignment:

for t=1 to n do
for k=0 to r—1 do

set Spirst[t][k] = the first position f
in S; such that P[l..(k+1)] is
a subsequence of S[l..f]

set Siust[t][k] = the last position [
in S; such that P[(k+1)..r] is
a subsequence of Si[l..s¢]

3. For each k, find start-end point-pairs
(Slbegin [k} ) Sllast [k] ) ) (S2begin [k]7 SQlu.st [k] )7
ey (Snbegin[kL Sniast [k]) :

for k=0 to r do

if(k == 0){
Slbegin[o] = 07
SQbegin [0] - 07
Snbegin [0] = 07

} else {

Slbegin[k] = sz'rst[l][k — ]_] =+ ]‘7
Saveginlk] = Srirst[2][k — 1] + 1;

Snb‘fgi" [k] = Sfirst[n} [k — 1] + 1;

}

it (k== r){
Sllast[k} =T
SQlast[k} =T
Snlast[k} =T

telse{

S1tast[k] = Siast[1][k] + 1
SQlast[k} - Slast [2] [k] + 1;

Snlast[k} - Sla,st [n] [k] + 17
}

Figure 1: Steps of Algorithm FastCMSA of He and
Arslan [7] that compute a boundary at each layer
where an optimal path can possibly pass through.



Layer 0 has only one entry vertex, (0,0, ...,0,0), and
layer r has only one exit vertex (si,Sa,...,8n,7).

In Step 2 of PCM S A, for each layer except for the
first and the last, we use the bidirectional-method-
based A* algorithm to compute all pairs shortest
paths among the entry vertices and exit vertices, on
each layer in parallel.

The A* algorithm [6] is a very popular heuristic
search algorithm which is the extension of Dijkstra’s
single source shortest path algorithm [5]. It uses a
heuristic estimator for the distance from each ver-
tex in the graph to the destination. The score for
each vertex is the sum of the heuristic value and the
actual distance from the source to the vertex. The
algorithm always expands the vertex with the mini-
mum score. In most practical cases, the A* algorithm
is very efficient.

The bidirectional algorithm [2] applies the Dijk-
stra algorithm simultaneously from both the source
s and the destination e. The search of the Dijkstra
algorithm terminates if the forward and backward
explorations meet. Then the shortest distance is ob-
tained by picking a point f in the forward exploration
points set ps, and a point b in the backward explo-
ration points set p. such that f and b have direct link
and e(f, b) +ps(f) +pe(b) is minimized, where e(f, b)
is the distance of the edge between f and b, p(f) is
the shortest distance from s to f, and p.(b) is the
shortest distance from e to b. A shortest path can
be obtained by combining the s — f shortest path,
edge (f,b) and the e — b shortest path.

Ordinarily, the bidirectional method and A* algo-
rithm for the shortest path problem are used for the
case when there is a single source and a single desti-
nation. It has been believed that both algorithms are
only suitable for this case of the problem. Shibuya
[11] was the first to apply the A* algorithm to the
n x m shortest paths problem. Shibuya [11] presents
the bidirectional-method-based A* algorithm.

Shibuya’s algorithm uses the following heuristic
function:

h(v) = min;h* (v, t;)

where h*(v, t;) is the heuristic estimator from vertex
v to destination ¢;, and h(v) is the smallest estimator
to the set of destinations.

We can compute this heuristic function by the
backward Dijkstra algorithm which is a variation of
the ordinary Dijkstra algorithm, and it has the same
time complexity. The backward Dijkstra algorithm
is similar to the ordinary Dijkstra algorithm except
that the scores p(v) for all vertices v in the desti-
nation set 7' are initialized to 0. The order of the
points to be expanded is decided by the distances of

those points to the destination set 7', while in the or-
dinary Dijkstra algorithm the order is decided by the
distance to the single destination. In the backward
algorithm the heuristic estimator h(v) is the actual
distance from the vertex v to the destination set T,
which is the distance from v to its closest destination.

After we compute the heuristic estimators for all
source vertices, we can use the A* algorithm directly
to compute shortest paths to each destination ver-
tex. Since the heuristic estimator for each vertex is
the same in the search of every pair of source and des-
tination, we do not need to recompute these estima-
tors thus the heuristic search would be very efficient.
Shibuya [11] reports that the bidirectional-method-
based A* algorithm is much faster than the Dijkstra
algorithm for n x m shortest paths problem on real
data.

When computing the heuristic estimators for each
vertex, instead of the backward Dijkstra algorithm,
we use a backward dynamic programming algorithm
on the alignment matrix such that the heuristic value
for each vertex is still the shortest distance from this
vertex to its closest exit vertex. We initialize the
scores for all the exit vertices on each layer in the dy-
namic programming matrix to be 0. We use the dy-
namic programming algorithm to compute the score
of the dynamic programming matrix for each layer.

In general the numbers of entry and exit vertices
on each layer are much smaller than the total number
of vertices on that layer. Chin et al. [3] show that
the average number of occurrences of pattern string
is small. For the RNase sequences that are used in
the experiments by He and Arslan [7], the sum of
the numbers of the entry and exit vertices on each
layer is always between 1/10,000th and 1/100,000th
of the total number of vertices on that layer.

In addition, for each entry vertex we only need to
find the shortest paths to the exit vertices whose co-
ordinates on all dimensions are larger than those of
the entry vertex since we picture the dynamic pro-
gramming matrix as an acyclic directed graph. Be-
cause of the structure of this graph, on each layer
the shortest paths problem for multiple sources and
destinations is a much simpler problem compared to
all pairs shortest paths problem on general graphs.
Therefore, we can expect that this problem can be
solved more efficiently.

In Step 3 of PCM S A, after we compute all possi-
ble shortest paths on each layer, we find a global
shortest path between vertices (0,0,...,0,0) and
(s1,82,...,8n,7) by selecting one shortest path con-
necting an entry and an exit vertex on each layer such
that the sum of the shortest paths from all layers is
minimized. A global shortest path is the combina-



tion of these shortest paths on each layer. In this
final step of the algorithm we can use a single-source
shortest paths algorithm.

He and Arslan [8] present experimental evidence
suggesting that PCM S A takes time O(2"s153 ... $,)
in practice indicating a factor of Q(r) improvement
over a naive sequential CM S A algorithm implement-
ing the dynamic programming solution of Chin et. al
[3].

2.1 FastPCMSA Algorithm

In Algorithm PCMSA of He and Arslan [8], al-
though we can do the computations on different lay-
ers independently and in parallel, the computation
time on each layer is still high (O(2"s152...5,)). In
Algorithm PCM S A the number of processors we can
use is dependent on the number of layers, namely
the lengths of the pattern string, and this can only
eliminate the factor r in the total time complexity
O(2"s182...8,r) if we use r + 1 processors. If we
can parallelize the computation at each layer, fur-
ther speed-up is possible.

The computation for each layer consists of two
parts: the backward dynamic programming com-
putation and the bidirectional-method-based A*
search. We parallelize both. We develop a new par-
allel algorithm FastPCMSA by parallelizing steps
of PCMSA as we describe below.

The backward dynamic programming algorithm
may take a long time if the required part of the dy-
namic programming matrix does not fit in the cache
of the processor and the computation often needs to
switch between the cache and the main memory. We
can use the method Martins et. al [10] proposed. The
method proposes a multithreaded parallel approach
for the dynamic programming algorithm on pairwise
sequence alignment problem. First, the dynamic pro-
gramming matrix is divided into rectangular blocks
and the computation is done in an anti-diagonal way
such that the computation for each block along the
anti-diagonal, namely each block in the wavefront,
can be done in parallel. This is shown in Figure 2.
The same idea can be extended to the MSA prob-
lem, only with the difference that we are considering
a hyper-rectangular region in multiple dimensions in-
stead of a rectangle in two dimensions. Therefore, we
can begin to compute a hyper-rectangular block only
if all the neighbor blocks have been computed and all
the necessary information, namely the values of the
vertices on the boundaries between this block and
each of its neighbors, is sent to this processor.

After the processor receives all necessary infor-
mation, it can begin the computation of the cor-

pt

p2
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Figure 2: Parallelizing the dynamic programming
computation of pairwise alignment. Computation
for each block along the anti-diagonal can be done
in parallel. Here each row of blocks is assigned to
one processor P;. The computation begins with the
start block (the top left block).

responding block of dynamic programming matrix.
The way we divide the dynamic programming ma-
trix into blocks is decided by the size of the cache for
each processor. The reason is that if all the computa-
tions can be done in the cache and the computation
does not need to switch between the cache and the
main memory then the dynamic programming can
be performed very fast (In this case, the matrix size
in each layer is bounded from above by the cache-
size. This will not be the case for large instances of
the problem).

After we finish the computation for one block,
we can send that block to the main memory such
that this computed block of dynamic programming
matrix can be used in the bidirectional-method-
based A* search. The details of this paralleliza-
tion are shown in Figure 3. For the bidirectional-
method-based A* algorithm, all the shortest paths
can be computed independently using the dynamic
programming matrix of the current layer. We can
pre-calculate the positions for all the candidate en-
try vertices and the candidate exit vertices and the
exit vertex set for each entry vertex (i.e. set of exit
vertices reachable from each entry vertex) in the dy-
namic programming matrix. Then we can parallelize
the bidirectional-method-based A* search by assign-
ing these entry vertices to different processors and let
each processor compute the shortest paths from each
entry vertex assigned to it to all the exit vertices in
their corresponding exit vertex set.

In order to balance the computation time for each
processor, we try to assign the entry vertex with
large exit vertex set, under which case it is often
time consuming to compute the shortest paths, to
different processors. Since the computation time for
the bidirectional-method-based A* search mainly de-
pends on those entry vertices with large exit vertex
set, and if there are many such entry vertices, the



search can be very time consuming. By parallelizing
the computations for these vertices we can achieve
a significant speed-up. As we show in the algorithm
in Figure 4 we sort the size of exit vertex-sets into
descending order (we precompute these sets) and do
the processor assignments in a round-robin manner.
This is how we solve the load-balancing problem here
but we note that this is an interesting optimization
problem on its own. If we use a shared-memory par-
allel machine, the computations on each processor
are similar to the computations on a sequential ma-
chine. The details of this parallelization are shown
in Figure 4.

Parallelization of the backward dynamic
programming algorithm
Let P < P, <...< Py be a sequence of N
available processors ordered by their processor
numbers
Let each processor has a cache of size CACHE
If CACHE>size(dynamic programming matrix) {
assign the whole dynamic programming matrix
to processor P
telse{
Divide the dynamic programming matrix into
blocks such that size(block)=CACHE;
Assign the start block (i.e the block with
lowest indices in all dimensions) to Pi;
Initialize finished block set F = NULL;
After P; finishes computation, send start
block to main memory; add start block to F',
While not finished all blocks {
Find an adjacent block set A such that
each block in A is adjacent to at least
one block in F';
For block; € A {
If all neighbor blocks of block; are
finished {
Assign block; to Pj, where P; is
the smallest numbered free processor;
After P; finishes computation,
remove block; from A,
send block; to the main memory,
add block; to F'.

Figure 3: Parallelization of the backward dynamic
programming algorithm

3 Experiments

We have implemented and run our algorithm
FastPCMSA on a sequential Intel Xeon 2.4GHz
machine with 2GB memory. By running our algo-
rithm on this sequential machine we aim to collect
experimental evidence to help us estimate the per-
formance of our algorithm FastPCMSA on an SGI
Origin 2400 parallel computer which uses shared-
memory architecture.

Parallelization for the
bidirectional-method-based A* algorithm
Let Pi < P, <...< Py be a sequence of N
available processors ordered by their processor
numbers

For all layers k, 1<k<r,

find all candidate entry vertices

en; = (tla t27 ceey t’ﬂ7 k)
such that Si [tl] = Sz[tz] =..=85, [tn] = P[k}
in the overlapping region of layers k —1

and k
For all layers k, 0<k<r—1,
find all candidate exit vertices
ex; = (mi,ma, ..., mn, k)
such that Si[mi] = Sz2[m2] = ... = S, [my]
= Pk + 1]
in the overlapping region of layers k
and k+1
For each en; {
For each ex; {
If (test(en;, ex;)==true){
Add ex; to E;, which is the exit
vertex set for en;;

}
}
}

sort E; in descending order of their sizes,
let the resulting ordering be
Ei>E;>...>E},
For i =1 to h do {
Assign E; and en; to P;, where P; is
the smallest numbered free processor,
wait if there is no free processor;

}

boolean function test((z1,z2,...

{

7x")7 (y17y27 .. -ay’n)

if for all ¢, y; > x; then return TRUE
else return FALSE

Figure 4: Parallelization of the bidirectional-method-
based A* algorithm

In our estimates we ignore the communication cost



which is insignificant when we run our algorithm
on a shared-memory architecture. We consider the
longest of the steps executed in parallel whenever
there is parallelism, and find a total execution time
for our algorithm by adding the execution times of
these steps, which is pessimistic. We strongly believe
that if our algorithm is run on a shared-memory par-
allel architecture, the inter-processor communication
costs will be insignificant because each processor will
access a separate block in memory, and they do not
communicate with each other directly. Each pro-
cessor should be informed about the termination of
neighboring processors, and if all the neighbors fin-
ish then the processor fetches the boundary infor-
mation, which is small in size, into its cache from
main memory, and this can be done very fast. If
we assume a shared memory architecture then in the
bidirectional-method-based A* algorithm there will
not be any inter-processor communication because
each processor will fetch the required data directly
from the shared memory.

In our tests we use the first 4 RNase sequences
used by Chin et al. [3], and HKSTH as the pattern
string. The 4 sequences are:

Seql : gi|119124|sp|p12724|ecp-human

Seq?2 : ¢i|2500564|sp|p70709|ecp_rat

Seq3 : ¢i|13400006|pdb|idyt|

Seq4 : ¢i120930966|re f|xp-142859.1

The Origin 2400 has 64 processors (400MHz
R12000 MIPS CPUS), each with 32Kb L1 cache,
8Mb L2 cache. The main memory is 16GB. We first
show the size of each layer and the numbers of en-
try vertices and exit vertices for each layer in Figure
5. In Algorithm PCMSA, layer 4 is the most time
consuming layer. For layer 4, the size of the dynamic
programming matrix is 62x 61 x62x41 = 9,613, 844.
Each vertex in the dynamic programming matrix is
about 10bytes, therefore the memory requirement
for the complete dynamic programming matrix is
62 x 61 x 62 x 41 x 10bytes ~ 9.61 x 107b. Then
if we divide the dynamic programming matrix into
blocks with size 31 x30x 31 x 21, the memory require-
ment for each block is 31 x 30 x 31 x 21 x 10bytes ~
6.26 x 10°b, which fits into the 8Mb L2 cache of those
parallel processors. Then the original dynamic pro-
gramming matrix for layer 4 is divided into 16 blocks.
Since the number of blocks on the wavefront is at
most 6, we need at most 6 processors to parallelize
the backward dynamic programming computation.
The computation time for one block on each pro-
cessor is about 1.855 seconds, so the total time for
the backward dynamic programming computation is
1.855 x5 = 9.275 seconds, where 5 is the number of
wavefronts from the start vertex to the end vertex of

layer | entry vertices exit vertices total vertices
0 1 30 3,659,085
1 30 5 1,584,000
2 5 25 1,177,088
3 25 54 222,507
4 54 54 9,613,844
5 54 1 9,613,844

Figure 5: Numbers of entry, exit and total vertices
on each layer for Data Set 1 in Figure 7 and Data
Set 2 in Figure 8 of [3]. We considered the first 4
sequences and used HKSTH as the pattern string

the original dynamic programming matrix.

For the bidirectional-method-based A* search,
there are 54 entry vertices and 54 exit vertices. 9
entry vertices have exit vertex sets with size 54, 16
entry vertices have exit vertex sets with size 9, 9 en-
try vertices have exit vertex sets with size 6, 20 entry
vertices have exit vertex sets with size 1. The com-
putation for the shortest paths among those 9 entry
vertices and their corresponding exit vertex sets with
size 54 in Algorithm PCMSA takes nearly 90% of
the total computation time. If we use 9 processors to
parallelize the bidirectional-method-based A* search
on layer 4, the execution time can be reduced to only
one third of the execution time of PCMSA. There-
fore, if we use 9 processors to parallelize the compu-
tations on layer 4, the total execution time for this
layer is only about 20.885 seconds, which is about
one third of the total execution time of PCMSA on
the same layer. Since the computation time for layer
4 is the longest among all 6 layers, the complete ex-
ecution time for Step 2 is 20.885 seconds. The total
execution time is the combination of the execution
times for all three steps. The comparison of the time
requirement of the algorithms FCMSA, PCMSA,
and FastPCMSA are shown in Figure 6. Although
we did not consider the communication cost among
processors, we expect that this cost is insignificant
on a shared-memory parallel machine compared with
the computation cost on the same machine.

4 Conclusion

We propose a new parallel algorithm for the con-
strained multiple sequence alignment problem. Our
algorithm further parallelizes the main step of the
parallel algorithm proposed by He and Arslan [8].
We present experimental evidence on real data sug-
gesting that our algorithm improves the time require-



FCMSA PCMSA FastPCMSA
79.199 56.124 21.509

Figure 6: Estimated execution times in seconds of
algorithms FCMSA, PCMSA and FastPCMSA
for Data Set 1 in Figure 7 and Data Set 2 in Figure
8 of [3]. We considered the first 4 sequences and took
pattern string as HKSTH

ment of solving the constrained multiple sequence
alignment in practical settings.
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