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Abstract

The multi-pattern matching problem consists in finding all occurrences of the patterns from a fifitesegiven textr’ of

lengthn. We present a new and simple algorithm combining the ideas of the Aho—Corasick algorithm and the directed acyclic

word graphs. The algorithm has time complexity which is linear in the worst case (it makes atarmsyshol comparisons)

and has good average-case time complexity assuming the shortest pattern is sufficiently long. Denote the length of the shortes

pattern bym, and the total length of all patterns By. Assume that/ is polynomial with respect te:, the alphabet contains at

least 2 symbols and the text (in which the pattern is to be found) is random, for each position each letter occurs independently

with the same probability. Then the average number of comparison§ig @) - logm), which matches the lower bound of
the problem. For sufficiently large valuesmfthe algorithm has a good behavior in practioel 999 Elsevier Science B.V. All

rights reserved.
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1. Introduction

We consider the multiple string matching problem:

finding all occurrences of a finite sat of string pat-
terns in a textT = T[1..n] of length n (the posi-
tions in T are starting with 1). Let be the size
of the alphabet, assume is a constant. Finding all
occurrences of elements &f is a problem that ap-
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pears in bibliographic search and in information re-
trieval. The first algorithm to solve this problem in

O(n) time was the Aho—Corasick (AC algorithm for

short) [2], which can be viewed as a generalization
of the Knuth—Morris—Pratt algorithm [12], designed

for a single pattern. As for one pattern the Boyer—
Moore algorithm [5] has a better behavior in prac-
tice, Commentz-Walter developed an algorithm com-
bining the ideas of the Aho—Corasick and Boyer—
Moore algorithms [6,7]. A complete version can be
found in [1]. Later, Uratani [15], and Baeza-Yates
and Régnier [3] developed similar algorithms. The
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reader is referred to the books of Crochemore and Ryt-

ter [9] and Gusfield [10] for explanations of these tech-
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The algorithm MJLTI-STRING-MATCHING presented
below reports for each positiohthe longest pattern

niques. We consider a new algorithm using the ideas from X whose occurrence endsiaif there is any.

of the Aho—Corasick algorithm [2] and the Reverse
Factor algorithm [8] for searching for one pattern. In
the implementation of the algorithm two automata-
theoretic tools are employed: an Aho—Corasick ma-
chine and a Directed Acyclic Word Graph (DAWG,
in short).

The lower bound for the average number of compar-
isons needed to solve the problem was shown in [16].

Lemma 1.1 (Lower bound).For alphabets of size at
least2 the average number of symbol comparisons for
the pattern-matching algorithm & ((n/m) logm).

Our algorithm achieves the lower bound if the total
size of all patterns is polynomial with respectitothe
length of the shortest pattern. Due to Lemma 1.1 this
is optimal.

We denote byFact(X), Pref(X), the set of all the
subwords, prefixes, of the words &f, respectively.
For a stringy, positions;j < i and a symbok define:

NEXTL(y, a) = the longest suffix of - a
which is inPref(X),

NEXT2(j,i) =the longest suffix of [j..i]
which is inPref(X),

y (i) = the longest suffix of "[1..i]
which is inPref(X),

A@i) =max{|ul: u € Fact(X) and
u is a suffix of T'[1..i1}.

2. The algorithm MULTI-STRING-MATCHING

Our algorithm is based on a cooperation of two

Algorithm MULTI-STRING-MATCHING (X, T);
Commentsearching a pattern frofx in the textT
i :=0; y:=emptyword; Invariant y =y (i)

REPEAT until stopped

PROCESSt
while |y| > m/2 do
if y € X then REPORT A MATCH,;
i:=i+1;if i >nthen STOP,
y :=NEXTL(y, T[i]);

PROCESS2
crit_pos:=i — |y|+1;
SHIFT:=m — |y|;
i := i+ SHIFT, if i > n then STOP,
y := NEXT2(crit_posi);

There are several crucial facts related to the imple-
mentation oNEXTL andNEXT2 and to the efficiency

of the processes:

(P1) PROCESS2 makes at most (o), i—
crit_pog symbol comparisons in one stage and
its total complexity is of the same order as the
number of comparisons.

(P2) If PROCESSL1 starts with= i’ and ends with
i ={"” in a given iteration then it makes at most
i” — i’ comparisons in this iteration.

(P3) On average PROCESS?2 and PROCESS1 scan
in one stage only a logarithmic number of
positions.

(P4) There are @x/m) iterations of the algorithm
MULTI-STRING-MATCHING.

Observation. The factorm/2 is a compromise be-
tween two processes, in this way each of them on av-

processes, which we call PROCESS1 and PROCESS?2 erage contributes half of the total work.

The first process scans the text from left-to-right, then
shifts a potential ending position of the pattern at least
by m/2. For each position PROCESS1 remembers
y = y(@). If |y| < m/2 then PROCESS1 passes
control to PROCESS2 which does a “backward”
search starting from the positian+ SHIFT, where
SHIFT =m — |y|. This jump is sufficiently large so
that with high probability PROCESS2 ends quickly.

Fig. 1 shows several iterations of PROCESS1, and
how the control is passing to PROCESS2, the final
value of y in PROCESSL1 is the starting value pf
in PROCESS?2. The string satisfies at the beginning
of each process the invariapt= y (i), wherei is
the current position. Fig. 2 shows how the control is
passing from PROCESS2 to PROCESSL1.
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Fig. 1. PROCESS1 starts at positidrand stops at”, when the shift becomes large, it is passing control to PROCESS2 with critical position
equal toi” — |y| + 1 andi = i"” + SHIFT.

PROCESS2 PROCESSI1
e e starts here
switching o
control T
[ ]
crit_pos i i

Fig. 2. PROCESS?2 is passing control to PROCESS1.

PROCESS1 — —

PROCESS2

T baaaaaaaabaabbbaaabaaaaababababd
successive crit_pos T T T T

SHIFT - -,
length of SHIFT 8 6 7 6

Fig. 3. The schematic history of the algorithm for the patteXns: {aaaaaaaa, abababab}. The positions 11, 12, 13, 17 and 18 are not
inspected at all. PROCESSL1 reports one occurreneedfaaaa and one otibababab.

3. Complexity of the algorithm Observation. It is important (for the worst-case com-
MULTI-STRING-MATCHING plexity) that PROCESS?2 does not need to scan to the
left of the positiorcrit_pos The reason is that the third
situation in Fig. 4 is impossible. We have:
We analyze worst-case and average-case complexi-: . . .
. : : if <m/2 then +m— <m.
ties of the algorithm of Section 2. The good worst-case r@l<m/ [p@+m=ly@bf<m

performance follows from properties (P1) and (P2), Theorem 3.1. The algorithm  MULTI-STRING-

and average-case performance is good due to (P3).\arcHING makes in total at mos2n symbol com-
On average most positions are not scanned at all, seeparisons.

Fig. 3. We start with the (much simpler) worst-case
analysis which reduces to the proof that the same po- Proof. Observe that a symbol at a given position of
sition can be scanned at most twice. T can be inspected only once by PROCESSL. If it
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Fig. 4. Possible and impossible relations between the segmegntsduced by consecutive instances of PROCESS1 and PROCESS2.

is inspected by PROCESS1 and later by PROCESS2
then it will be never inspected again. Also it can be in-
spected at most twice by PROCESS?2, but in this case it
is never inspected by PROCESSL1. Possible situations
are shown in Fig. 3, which shows that there can be an
overlap of the segmenisin consecutive instances of
PROCESS1 and PROCESS2, but the disjoint part is
never later scanned by PROCESS1. Hence, the algo-
rithm MULTI-STRING-MATCHING performs at most

2n inspections of text characterso

The textT is random in the sense that each letter
occurs at a given position independently with the
same probability 1o, whereo > 2 is the size of the
alphabet.

Lemma 3.2.

Probability{ A(i) > 3k + 1) - log, m} < —T

Proof. ForC = 3k+1 we havdFact(X)| < m% = A,
on the other hand there a® = €% ™ different
words of lengthC - log, m. The considered probability
isatmostd/B =1/m**t. 0o

Theorem 3.3. Assume/ < m*. The algorithmMuLTI-
STRING-MATCHING makes on averag@(n log,, m/m)
inspections of text characters.

Proof. There are no more than(@/m) shifts in the
algorithm. Hence it is enough to show (P3). Denote
K = (3k + 1) - log, m. PROCESS2 ends with high
probability afterk steps, if not it makes at most*
steps (the upper bound on the size of a longest pattern)

with probability at most 1m**+1. Hence average work

is O(K) which is logarithmic.

A similar argument works for PROCESS2 Af(i +
K) < K then it scans (from positioh to a position
preceding + K) at mostK symbols. The probability
of the opposite inequality is small and on average
PROCESS?2 ends afte®) steps. This completes the
proof. O

4. Experimental results

In order to verify the good practical behavior of
the MULTI-STRING-MATCHING algorithm we have
tested it against the Commentz-Walter algorithm. The
two algorithms were implemented in C. We imple-
mented the simple Commentz-Walter algorithm which
is quadratic in the worst case (see [11]). Tests on these
two algorithms have been performed with three kinds
of alphabet: binary alphabet, alphabet of size 4, and
alphabet of size 8.

For each alphabet size, we randomly build a text
of 50,000 characters. Then, we first made experiments
with sets of patterns of the same length: for each length
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number of inspections of one text character
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Fig. 5. Results for an alphabet of size 4.

Table 1
Results for an alphabet of size 4
Length of patterns Commentz-Walter UMTI-STRING-
MATCHING
10 1.9887 1.4938
20 1.5612 0.6884
30 1.3593 0.47
40 1.2843 0.3457
50 1.2094 0.2785
60 1.1371 0.2351
70 1.1205 0.205
80 1.0521 0.3402
90 1.0376 0.2285
100 1.0258 0.1462
10-50 1.83 1.34
50-100 1.2 0.27

of pattern we randomly build a set of 100 patterns of
the same length.

After that we build sets of patterns of different
length (the length is random in ainterval): one set with shortly how the preprocessing phase can be done.

100 patterns of lengths between 10 and 50, and one
set of 100 patterns of lengths between 50 and 100.
Then, for the two algorithms, we count the number
of inspections per one text character. The results for
an alphabet of size 4 are presented in Fig. 5 and in
Table 1.

From these results it appears that for small alphabet
and sufficiently long shortest pattern (with respect
to M) the MULTI-STRING-MATCHING algorithm is
better than the simple Commentz-Walter algorithm.
This is due to the fact that the Commentz-Walter
algorithm computes its shifts with the suffixes it
recognizes in the text, but when the set of patterns is
big the probability that those suffixes reappear close
to the right end of at least one pattern is very large;
so, the shifts computed by the Commentz-Walter are
small.

5. The preprocessing phase

Our aim in this paper is to produce an efficient
searching phase algorithm. For completeness we sketch
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Lemma 5.1. Assume the alphabet is of a constant
size. We can preprocess a set of patternSin/) time
in such way that
(1) NEXTL(y, a) can be computed i®(1) time,
(2) y =NEXT2(}, i) can be computed i@(min{A(i),
i — crit_pog) time.
(3) The propertiegP1) and (P2) are satisfied.

Proof. We precompute the Directed Acyclic Word
Graph (DAWG) (see [4]) of the reverse of the words
of X. Then each querMEXT2 can be answered in the
required time by scanning the tekf;..i] right-to-left
and simultaneously “walking” on the DAWG. We refer
the reader to [9].

In order to process fast queries of the foNEXT1
we build an Aho—Corasick machine (see [2]). Then
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PROCESS1
while |y| >m/2 do
if y € X then REPORT A MATCH,;
i:=i+1;if i >nthen STOP,
y = NEXTL(y, T[i]);

PROCESS2
crit_pos:=i — |y|+1;
i :=i + STRONGERSHIFT(y);
if i > nthen STOP,
y = NEXT2(crit_posi);

However it does not improve asymptotic complexity
and complicates the algorithm. The Bound on the
number of comparisons and good asymptotic behavior
of the modified algorithm remain the same (with the

is represented by a state of the Aho—Corasick machine S28me proofs). In practice the algorithms do not differ

and NEXTL(y, a) corresponds directly to one step

of this machine. Obviously each such step can be

simulated in @1) time for a constant sized alphabet.
This completes the proof.O0

When there is a large disparity of lengths of patterns
it is possibly better to take more complicatSHIFT.
Define:

STRONGERSHIFT(y) = min{|u|; y-ue X}
Observe that
m/2 < SHIFT < STRONGERSHIFT(y) <m

if SHIFT=m — |y| and|y| < m/2. Hence there is no
dramatic difference betwe&SHIFTandSTRONGER
SHIFT.

Remark. The tableSTRONGERSHIFT can be pre-
computed in linear time (with respect #) using the
Aho-Corasick machine “enriched” with the failure ta-
ble.

The algorithm can be modified as follows.

Algorithm

MODIFIED MULTI-STRING-MATCHING(X, T);
Commentsearching a pattern frotxi in the textT
i :=0;y :=emptyword; Invariant y = y (i)

REPEAT until stopped

much.

Remark. A similar algorithm is implemented in the
package/fgrep (see [14]).
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