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Abstract structure or pattern of the input sequences into the align-
_ _ ment process. These constraints can lead to more biolog-
Given sequences, Sa, ... S,, and a pattern stringP? ically meaningful alignments other than alignments with

the constrained multiple sequence alignmgoblem  mathematically high scores. An example is the alignment
(CMSA) is to align similar subsequences of these of RNase sequences where each of the three residues His
sequences with the constraint that the alignment “con- (H), Lyn (K), His (H) should be aligned in the same col-
tains” P. TheC M S A problem can be considered as an ymn.

optimal path search problem in the dynamic program-  Gjyeny, stringsS;, Se, ..., S, and pattern string?, the
ming matrix. The_proble;n has a dynamic programming 379 4 problem is to find an optimal multiple sequence
solution that requires)(2"[51||.S2..|Sx[|P|) time and  3jignment such that the alignment contains a given pat-
O(|51[[S2].--|Sn||P[) space where[Si,|Ss],....[Sx|  tern stringP.  The CMSA problem whenn = 2

are the lengths of sequences, S, ..., Sn, and |P| is called theConstrained Pairwise Sequence Alignment
is the length of the pattern string, respectively. There (CPSA) problem

is a parallel algorithm that use$P| + 1 processors.
The algorithm requiresO(|S1|[S2|...|Sn|) space for
each processor. The memory requirement is a major
bottleneck for theC M SA problem. In this paper, we
propose two parallel algorithms which solve t6&/S A
problem and use less space on each processor than th
ordinary dynamic programming algorithm and existing
parallel algorithms for the problem.

Recently many dynamic programming algorithms for
the CMSA and CPSA problems have been proposed
[7,5, 8,9, 4,6, 1]. The time and space complexities of
these dynamic programming algorithms for thé/S A
groblem are0(2"s182...8,r) andO(s183 ... spT) re-
Spectively (see for example Chin et al. [5], or Tsai et al.
[9]) wheresy, sq, ... s, are, respectively, the lengths of
the stringsSy, Ss, . . . Sy, andr is the length of the pattern
P. Heuristic algorithms for the unconstrained multiple
sequence alignment problem can also be used to approx-
imate the solution of thé’ A/ S A problem. One idea is to
progressively align the sequences into a multiple align-
ment by using a minimum spanning tree obtained from
1 Introduction a pairwise distance matrix of the sequences [7, 5]. But

these heuristic algorithms cannot guarantee an optimal
The Multiple Sequence Alignmergfi/.SA) problem is solution for theC'M S A problem, and sometimes they
one of the most important problems in computational bi- perform poorly.
ology. Detecting similarities in DNA sequences gives  He and Arslan [1] presented an algorith®i M S A)
clues about the evolutionary relatedness of different for the C M S A problem based on the dynamic program-
species, and similarities in protein sequences point ourming solution devised by Chin et al. [5]. The algorithm
similar functionality. TheConstrained Multiple Se- avoids redundant computations in the original dynamic
guence Alignmen(iC M S A) problem was introduced by programming matrix by precomputing, using the pattern
Tang et al. [7]. The problem is motivated by the prob- string P, regions (which are usually much smaller than
lem of comparing multiple sequences under the guidancethe entire matrix) where an optimal alignment can possi-
of a given pattern (constraint). The problem aims to in- bly pass. He and Arslan [1] showed that this algorithm
corporate biologically meaningful prior knowledge of the is much faster in practice than a naive implementation of
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the algorithm of Chin et al. [5]. gramming computations as+ 1 layers in a layer-by-
He and Arslan further presented a parallel algorithm layer manner where each layer is ardimensional dy-
(PCMSA) [2] for the CM S A problem withr + 1 pro- namic programming matrix. These layers are determined
cessors such that each processor requdesss . . . s,) by matching positions of the symbols in pattern strihg
space. AlgorithmPC M S A considers th& M S A com- The score for each node in the dynamic programming
putations in layers of arin + 1)-dimensional matrix ~ matrix comes only from all the neighbor nodes (nodes
(n sequences and the pattern) where layers are indexethat have direct links to this node) on the same layer
by positions inP, and each layek involves a multiple  on the preceding layer — 1 (if it exists).

sequence alignment df;, 55, ..., S, to contain in the Based on the observation that if the symtjk] is
alignment the symbaP[]. These computations can be  4jigned with a symbol of5; then the region before this

done independently and in parallel. It has been ShownsymbolP[k] in 5; can never be aligned with the region
that Algorithm PC'M S A is much faster than the sequen- after P[k]in S, Sa, ..., Si1,Si11, ..., Sn, He and Ar-
tial dynamic programming algorithm [2]. However, its g5 [1] improved the naive dynamic programming al-
O(s152 ... s,) Space requirement is too high for compar-qrithm of Chin et al. [5] by avoiding the redundant
atively long sequences or large number of sequences.  compytations in the original dynamic programming ma-
In this paper, we propose two parallel algorithms for iy and by computing only the regions which need to
theC'M S A problem based on theC'M SAalgorithmof - pe considered and which can be pre-calculated using the
He and Arslan [2]. Instead of theidirectional-method-  atern stringP. A significant speed-up is achieved by
basedA* algorithm [3] by Shibuya used in theC'MSA  this way when the pattern string is long, or the number
algorithm, we use thBuclidean-distance-basett” algo- 4t sequences is large. Although this algorithm does
rithm [3], which is also proposed by Shibuya and which ¢ improve the worst-case complexity of th&\/.S A
has been shown to use less space to solve the multipl%mmem (its time complexity i€ (2" s, so...s,7) and its
sources multiple destinations shprtest paths problem. Wespace complexity i€)(s1ss...s,)) in practical applica-
further developed anothet” algorithm based on the fea-  {ions this algorithm improves both the time and space re-
tures of the dynamic programming matrix. Our exper- quirements significantly. Experiments [1] show that for
iments on realRNase sequences suggests_that our al- 5 pNese sequences, and a pattern of lengtthe algo-
gorithms use less space th&C'MSA algorithm and ithm js more thar60 times faster than a naive implemen-

PCM S A algorithm withr + 1 processors. . tation of the dynamic programming solution by Chin et.
The outline of this paper is as follows: In Section 2 we ) [5].

summarize the solutions of Chin et al. [5], and He and , )
Arslan [1, 2] for theC M SA problem. In Section 3 we Based on th¢"CM SA algorithm, He and Arslan in-

describe our space efficient parallel algorithms. This sec-oduced a parallel algorithi®C'A/5A algorithm [2],
tion is organized in three subsections. In Subsection 3.1Which solves theC'M/SA problem withr + 1 proces-

we describe the basic principle of our algorithms. In Sub- SO'S:  ThePCMSA algorithm considers the'M SA

sections 3.2 and 3.3 we present our two space efficienfomputations in layers of afn + 1)-dimensional ma-

parallel algorithms respectively. We show our experiment X (1 sequences and the pattern) where layers are in-

results in Section 4. We include our final remarks in Sec- 4€X€d by positions i, and each layek involves a
tion 5. multiple sequence alignment ¢f;, Ss, ..., S, to con-

tain in the alignment the symbdP[k]. The computa-

2 Algorithms for the CMSA Prob- tions in each layer can be considered as finding candi-
date parts (sub-alignments each containing a symbol of

lem P) of an optimal alignment that contairf3 when parts
) ] in all layers are combined. These computations can be
Givenn sequences, Sy, . .., S, with lengths, respec-  gone independently and in parallel. Then the problem
tively, s1,s2,...,s,, the constrained multiple sequence h4t needs to be solved at each layer can be considered as

alignment(C'M S A) problem seeks an alignment matrix 5, g)| pairs shortest paths problem with multiple sources
in which there exists a sequencef columns each en- 5,4 myltiple destinations. Shibuya [3] introduced two
tirely composed of symbaP[k] for everyk where P[] algorithms for then x m shortest paths problem. The
is thekth symbolinP, 1 < k < |P|, and in the sequence  p(ry7g 4 algorithm uses thbidirectional-method-based
¢, @ column containing”(i] appears before column con-  ax gigorithm [3] to solve the all pairs shortest paths prob-
taining P[j] forall i, j, i <j. lem. ThePC M S A algorithm is shown to be faster than
For the CMSA problem Chin et. al [5] presents @ /54 algorithm [2]. But the computation for each
dynamic programming formulation that modifies the so- layer still require)(s; s»...s,,) space, which is often too

Iuti_on for the M S A problem to consider the add_itional high for comparatively long sequences or large number
string P. He and Arslan [2] visualize the dynamic pro- ¢ sequences.



3 Space Efficient Parallel Algo- shortest path search. The heuristic function used in their

rithms of CMSA algorithm is the sum of the pairwise sequence alignment:
o hv)= Y hivij)
3.1 The Basic Principle iy !

The dynamic programming solution for th@MSA .
problem can be considered as finding a shortest path inWherehij(”ij) represents the shortest path length from

the dynamic programming matrix which we can visualize vertexv;; to destinatiort;; in the 2-dimensional matrix

in layers indexed by its last dimension (the positions in for S; ands;. " ,

the pattern string) where each layer isradimensional Our two space efficient p_araIIeI algorithms share the
matrix. We observe that a shortest path has to go througﬁSame steps aBC'M S A algorithm by He and Aslan [2]:
each layer of the dynamic programming matrix beginning
at layer0 and ending at layer, wherer is the length

of the pattern string. We call an optimal solution of the
CMSA problem as aglobal shortest path A global 2
shortest path enters each layer at a vertex (we call it an
entry vertey, after traversing a number of vertices in each

1. Find all entry and exit vertices for each laygi0 <
k<r.

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

layer exits the layer at a vertex (we call it arit vertey 3. Compute a global shortest path between vertices
never to come back to this layer again. The length of a (0,0,...,0,0) and(s1, s2, - -, 8n,T).

global shortest path is the sum of the length of the sub-

paths on each layer, and each sub-path on layer a The major differences among our algorithms and Al-

global shortest path is the shortest path between the entrygorithm PC M S A are the strategies to compute shortest
and exit vertices on layet. We can actually precalcu- paths for all entry-exit vertex-pairs on each layer in Step
late all of the candidate entry and exit vertices on each?2, which is the most important step in 8listeps. Step
layer [2]. Given all possible entry and exit vertices on dominates the time and space requirements of the whole
each layer, we consider the computation of shortest pathsalgorithm. The Step and Ste8 are exactly the same as
between all entry-exit vertex-pairs. those of AlgorithmPC M S A.

The A* algorithm [12] is a very popular heuristic In Step1, we first find the boundary for each layker
search algorithm which is the extension of Dijkstra’s sin- in the dynamic programming matrix. This can be done
gle source shortest paths algorithm [10]. Itin general usesby finding every pair of first and last possible positions
much less space than ordinary search algorithms such athat matchP[k] in each ofS;, Ss, ..., S,, in a constrained
the dynamic programming algorithm and thejkstra alignment. The boundary of lay&ris decided by the first

algorithm. possible position that matchéyk| and the last possible
Shibuya [3] applied thed* algorithm to then x m position that matcheB[k+1]. Then the entry vertices on

shortest paths problem. Two algorithms tBeclidean- layer k are all the vertices where the symboli$k| for

distance-basedA* algorithm and thebidirectional- all sequences at these coordinates and these entry vertices

method-basedi* algorithm were proposed by Shibuya are in the overlapping region of layer1 andk. The exit
[3]. Both algorithms develop a new heuristic estimator vertices on layek are all the vertices where the symbol is
which can be used in the search between each pair ofP[k + 1] for all sequences at these coordinates and these
source and destination. The Euclidean-distance-bdsed exit vertices are in the overlapping region of layeand
algorithm uses as the heuristic estimator of verigke k + 1. The entry vertices on layér are also the exit
smallest estimator of all estimators framto each desti-  vertices on layek — 1, and the exit vertices on layér
nation. It uses &-d tree to find the smallest heuristic es- are also the entry vertices on layet+ 1. Layer0 has only
timator quickly. The bidirectional-method-basdd al- one entry vertex(0, 0, ...,0,0), and layer has only one
gorithm uses the real distance from verteto its closest  exit vertex(sy, sa, - . ., s,, 7). We illustrate this in Figure
destinationt as the heuristic estimator. The heuristic es- 1. The time and space complexities of this step are both
timator for each vertex is computed by one application linear.
of the backward Dijkstra search from the destination set. In Step 3, after we compute all shortest paths on each
The latter algorithm has been used by A€ M S A al- layer, we find a global shortest path between vertices
gorithm of He and Arslan [2]. (0,0,...,0,0) and (s1, s2,...,s,,r) by selecting one
The A* algorithm was first introduced to the multi- shortest path connecting an entry and an exit vertex on
ple sequence alignment problem by Ikeda and Imai [13]. each layer such that the sum of the shortest paths from all
They successfully applied* algorithm on the dynamic layers is minimized. A global shortest path is the combi-
programming matrix to improve the efficiency of the nation of these shortest paths on each layer. In this final



theglobal estimatoy the smallest estimator of all estima-
tors fromw to each destination. It uses a k-d tree to find
the smallest heuristic estimator quickly. Although this
algorithm requires less memory than thilirectional-
method-based* algorithm, it takes much longer time
when the number of vertices in the graph is very large, as
X shown by the experiments of Shibuya [3]. This is because
the efficiency ofd* algorithm depends on its heuristic es-
timator. The tighter the estimator gets, the more efficient
the A* algorithm becomes. For theuclidean-distance-
basedA* algorithm, when finding a shortest path to des-
tinationt, the global estimator of the vertex which we
are going to expand next, is often smaller than the estima-
Stor from u to ¢ since we pick only the smallest estimator
of all estimators fromu to each destination. Therefore,
in this case, the heuristic estimator is not tight and the
step of the algorithm we can use a single-source short-A™ algorithm often needs to explore much greater space.
est path algorithm such as the Dijkstra algorithm. Since Although the algorithm saves time by avoiding the re-
this global shortest path search problem is a very small-computation of the heuristic estimator for each vertex, it
size problem in practice, ordinary search algorithm suchspends an impractically long time on computing global
as Dijkstra algorithm is very efficient and the execution heuristic estimators for newly explored vertices and man-
of this step is very fast. We refer the reader to [1, 2] for aging its open and close lists when it loads many ver-
details of Step 1 and Step 3. tices into memory, which is often the case for &g/ S A

In Step 2 of PCMSA, for each |ayer except the problem. Therefore, this algorithm is only applicable to
first and the last, théidirectional-method-based* al- ~ smallC M SA problem.
orithm [3] is used to compute all pairs shortest paths .
gmong t[h(l entry vertices zgnd exit I3/ertices, simullciane-?"3 Algorithm SE-PCMSA
0US|y on each |ayer. Instead of backward Dijkstra al- We design a noveld* a|gorithm to improve the space
gorithm, we can use the backward dynamic program- requirement on each layer and then combine thisal-
ming algorithm developed by He and Arslan [2] to com- gorithm with our previous parallel strategy to further im-
pute the heuristic estimators of the bidirectional-method prove its time complexity.
basedA* algorithm. Therefore, this algorithm requires Compared withE DB-PCM S A algorithm, ordinary
the same amount of space as that of the dynamic pro-4+ algorithm from each source to each destination has
gramming matrix on each layer (i@(sis2...s,)). For g tighter heuristic estimator as introduced by Ikeda and
the M SA andCMSA problems, space complexity is @ |maj [13] and can thus improve the efficiency of search.
major concern. In thé’C'M S A algorithm, even though  we can use ordinaryt* algorithm directly from each exit
for each layer we only need to compute the reduced re-yertex to each entry vertex. But this is very time consum-
gions, the space complexi¥(s1 ss...s,) may stillbe too  jng since the heuristic estimator is too expensive to com-
high for each processor. We describe two strategies topyte. One strategy is to simply let all the searches from
improve the space efficiency for each processor in Sub-gne exit vertex-set to its corresponding entry-vertexeshar
sections 3.2 and 3.3. the same heuristic estimator of each vertex. This would

Figure 1: For theCPSA (CMSA with n = 2) with
pattern string of lengtl3, a global shortest path passing
through entry and exit vertices, and connecting sub-path
on each layer.

3.2 Algorithm EDB-PCMSA save time significantly since we avoid redundant compu-
' tations of heuristic estimators. But the heuristic estima-

The experiments of Shibuya [3] show that theclidean- tors cannot be shared by the computations from other exit

distance-basedd* algorithm uses less space than the vertex sets to their corresponding entry vertices. If the

bidirectional-method-basedd* algorithm, although it
takes longer time. Therefore, in Stepf PCMSA al-
gorithm, we can use tHeuclidean-distance-based* al-

numbers of entry vertices and exit vertices are large, this
strategy still takes too much time to compute the heuris-
tic estimators. We do not only want to use the original

gorithm to compute the shortest paths for all entry-exit sum of pairwise alignments as tighter heuristic estima-
vertex-pairs on each layer in parallel so that the newtors [13], but we also want to avoid re-computation of
algorithm uses less space on each processor in practithe heuristic estimators for the same vertex in searches

cal settings of the problem. We call the new algorithm between each entry and exit vertex.

EDB-PCMSA The Euclidean-distance-based* algo-
rithm uses as the heuristic estimator of vertefwe call

Our second algorithny E-PCM S A (Space Efficient
PCMSA) is based on the observation that the heuris-
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Figure 2: The pairwise alignment score betweeand
t; can be obtained in the pairwise dynamic programming
matrix fromuw to v.

tic estimator from vertex: to exit vertexv is the sum

of the pairwise alignment scores. The pairwise dynamic
programming matrix from;; to v;; on the two dimen-
sions indexed byS; and S; contains the pairwise dy-
namic programming matrix from;; to ¢;; for t; < v;
andt; < v;. This means if there is an exit vertexvith

t; < v; andt; < vj;, the pairwise alignment score from
u;; t0 t;; can be obtained directly from the pairwise dy-
namic programming matrix from;; to v;;, without re-
computation, which is shown in Figure 2.

We do not need to recompute the pairwise alignment
score fromu;; to t;;. In the same manner, the heuristic
estimators from one vertex to all the exit vertices in its
exit vertex-set can be computed using the same pairwise
alignment matrix which we compute only once. The time
complexity of this pairwise alignment on dimensions in-
dexed bysS; and.S; is O(s;s;). In order to avoid the ne-
cessity for re-computing the pairwise dynamic program-
ming matrix, this matrix beginning from vertexshould
contain all exit vertices in the exit vertex setof For
current layerk, we pick an exit vertex, as the end point of
the pairwise dynamic programming matrix, which has the
largest coordinates in all dimensions, namely the last pos-
sible vertex that matcheB[k + 1] in all dimensions (we
call it local end vertex In Figure 1, the local end vertex
on each layer is the right bottom vertex on each layer).
Therefore, by computing the pairwise alignment from
vertexu to the local end vertex only once, we can also
obtain all the estimators from vertexto each exit vertex
in its exit vertex set. For each vertex, we then record these
heuristic estimators. The corresponding heuristic estima
tor from vertexu to exit vertext can be reused by all the

Step 2 of Algorithm SE-PCMSA on |ayer

1. For each entry vertex u on |ayer k,
conpute its exit vertex set T, nanely
the | ast possible vertex in the dynanic
progranmm ng matrix that matches Pk + 1]
in all dinmensions.

2. For each exit vertex veT, use A*
algorithmto find a shortest path from
u to v

In the current search,
s the search explores
If s was not explored before {
Conpute its exit vertex set 7Ts. Find
out the local end vertex ¢t which has
the greatest coordinates in all
di nensions, nanely the end vertex of
the current |ayer.
For i=1 to n
For j=i+l1 to n {
Conpute the pairw se dynamc
progranming matrix froms;; to t; in
di mensi ons i ndexed by S; and S;
usi ng ordi nary dynami c progranmm ng
al gorithm
For each exit vertex ecTs, obtain
the pairw se alignnment score
froms;; to e, which is the score
of the vertex e;; in the pairw se
dynam c progranming matrix from
Sij to tij.
}
Conpute and record the sum of
pai rwi se scores froms to each exit
vertex eeTs.
Use the newly conputed heuristic
estinmator froms to v in the
current search.
} el se
Use the heuristic estimator froms
to v which was conputed before in
the current search.

3. Stop if found all-pair shortest paths

on layer k

k

for each vertex

D

searches tovia u. The algorithm is shown in Figure 3.

Step2 is done in parallel on each layer. Assuming that
we user + 1 processors, the time taken by this step is the
longest time spent on any layer. The execution time of our
algorithm SE-PCMSA is mainly determined by this step
(more than 99% of the total time). The execution times
of Step 1 and Step 3 are insignificant compared with that

Figure 3: Redesign of Step 2 of AlgorithtC M S A [2]
on layerk




In the experiments, since the numbers of entry vertices

Pattern string FCMSA (sec.) SE-PCMSA (sec}) and exit vertices are much smaller compared with the
HKSTH 79.199 35.208 total number of vertices on each layer, Algorith$i-
HKASH 108.717 114.399 PCM S Aloads much less vertices on each layer than Al-

gorithm FC' M S A, and therefore AlgorithrPC' M S A.
Figure 6: The execution times in seconds of Algorithm Instead of running Algorithnt' £-PCM S A on a par-

FCMS A and AlgorithmS E-PC M 5 A for Data Set 1 in allel machine, we approximate the execution time of this
Figure 7 and Data Set 2 in Figure 8 of [5]. We considered algorithm by adding the execution time of each step on

the first 4 sequences, and usBd STH and H K ASH a sequential machine. If we use the share-memory par-
as the pattern string ’respectively allel machine, where different processors share the same

memory, their communications can be very efficient and
the communication cost among these processors will be

Pattern string FCMSA (MB) SE-PCMSA (MB) insignificant given that the numbers of entry and exit
HKSTH 690 7 vertices on each layer are quite small. We calculate
HEKASH 890 340 an estimate for the parallel execution using maximum

time spent in each step. All experiments are done on

a 2.4GHz Intel Xeon processor with 2GB memory and

Figure 7: The memory usages of AlgorithAfC' M S A 512KB L2 cache. The experimental results are shown in

(which is the same as that of AlgorithidC' M/ S A), and Figure 6. We also show the memory usages of Algorithm

Algorithm SE-PCM S A for Data Set 1 in Figure 7 and FCMSA and AlgorithmSE-PCM S A in Figure 7. We

Data Set 2 in Figure 8 of [5]. We show only their greatest show only the largest memory requirement for each layer

memory requirements on all layers. We considered thefor algorithms FCMSA (the same ag?’CM S A), and

first 4 sequences, and usétdK STH and HK ASH as SE-PCMSA.

the pattern string, respectively. When layer size is small or the number of entry ver-
tices and exit vertices is comparatively small, the exe-
cution time for AlgorithmSE-PCMSA can be much

of Step 2. Our experiments show that the execution timefaster than Algorithm FCMSA.  For example, in

of our algorithm is acceptable compared with the total oyr experiments, the execution time of our algorithm

time of sequential execution through all the layers, and it gp-pOAMSA is only one half of that of Algorithm

requires much less memory. FCMSA, when pattern stringl K ST H is taken. This
. is because in such cases the memory usage of our algo-
4 Experlments rithm SE-PCMS A is much smaller than that of Algo-

rithm FCMSA as shown in Figure 7. Therefore, our
In our experiments, we use the firsféVase sequences algorithm runs very fast, while AlgorithrdCM S A is
used by Chin, et al [5], and we use pattern string slow since it needs to switch between the cache and the
HKSTH and HKASH, respectively. Thesd se- main memory quite frequently, which is very time con-

guences are: suming. When the pattern string 8K ASH, both the
Seql : gi|119124|sp|p12724|ecp_human sizes of the layers and the number of exit and entry ver-
Seq?2 : gi|2500564|sp|p70709|ecp_rat tices increase. Although the execution time of 6Ur-
Seq3 : gi|13400006|pdb|idyt]| PCMSA increases sharply compared to the execution
Seqd : gi|20930966|re f|xp_142859.1 time by FCM S A, its memory usage is still much less

We compare the number of loaded vertices by Algo- than that of algorithmg’C'A/SA and PCMSA. These
rithm FCM S A [1] (the same as that dPC'M S A algo- experimental evidences clearly indicate that our algo-
rithm [2]) with the number of vertices loaded by the Al- rithm SE-PCMSA improves the space requirement of
gorithm S E-PCM S A, on each layer except for the first the CM S A problem in practical settings.
and the last layer. These numbers indicate the memory .
usage of each algorithm. Since the problems on the firstd Concludlng Remarks
and the last layers are actually single source problems,

Algorithm SE-PCMSA loads fewer vertices. We do We propose two space efficient parallel algorithms for the
not include the performance measurements for Algorithm constrained multiple sequence alignment problem. Using
EDB-PCMSA since it takes too long time in most ex- the same idea of Algorithn®C M S A presented by He
periments. We also show the number of entry vertices andand Arslan [2], hamely compute the layers of dynamic
number of exit vertices on each layer. The experiment re-programming matrix simultaneously, we further develop
sults are shown in Figure 4 and Figure 5, respectively.  two space efficient strategies for the computation of each



layer | FCMSA  SE-PCMSA
1 1,584,000 31,564
2 1,177,088 13,128
3 222,507 35,363
4 9,613,844 256,424

#entry vertices #exit vertices
30 5
5 25
25 54
54 54

Figure 4: The numbers of vertices loaded by Algorithi@ M/ S A and AlgorithmS E-PC M S A for Data Set 1 in Figure
7 and Data Set 2 in Figure 8 of [5]. We considered the first 4seges, and used K ST H as the pattern.

layer | FCMSA  SE-PCMSA #entry vertices #exit vertices
1 1,584,000 31,564 30 5
2 11,414,718 349,353 5 64
3 5,913,093 760, 650 64 160
4 8,677,900 617,239 160 32

Figure 5: The numbers of vertices loaded by Algorithi@ M/ S A and AlgorithmS E-PC M S A for Data Set 1 in Figure
7 and Data Set 2 in Figure 8 of [5]. We considered the first 4seces, and used K AS H pattern string.

layer: Algorithm EDB-PCMSA and Algorithm SE-
PCMSA. Our experiments show that Algorith$iF-
PCMS A is much more space efficient than both algo-
rithms FCMSA and PCM S A with acceptable execu-
tion time.
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