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Abstract. In this paper, we consider to find a set of substrings common to given strings. We define this problem
as thetemplate discovery problewhich is, given a set of strings generated by some fixed but unknown pattern, to
find the constant parts of the patternpAtternis a string over constant and variable symbols. It generates strings
by replacing variables into constant strings. We assume that the frequency distribution of replaced strings follow a
power-law distribution. Although the longest common subsequence problem, which is one of the famous common
part discovery problems, is well-known to be NP-complete, we show that the template discovery problem can be
solved in linear time with high probability. This complexity is achieved due to the following our contributions:
reformulation of the problem, using a set of substrings to express a string, and counting all occl(éheath
frequencyf instead of just frequency. We demonstrate thdfectiveness of the proposed algorithm using data

on the Web. Moreover, we show noise robustness élietteveness even when input strings are generated by a
union of patterns and pattern with the iterate operation.

1 Introduction

The progress of computer technologies makes it easy to make and store large amount of text files sucly A& TML
files, Emails, Net News articles, genome sequences, etc. It is an important problem to find some rule common to
given text files.

A subsequence is often used to express a common partbdequencef some stringv is a string obtained by
deleting zero or more symbolsw For examplecbbbabis a subsequence otblcbabbala

To find the longest common subsequence is known to be NP-complete [11]. An input for this problem is a set of
arbitrary strings. However, when we want to examine a set of strings, we generally expect and assume that there exist
common parts in the strings. For example, when DNA sequences are given, the sequences are collected carefully in
advance, so that many of them have common parts. In the field of Web mining, information extraction has been well
studied [3,9, 10, 19]. It is a problem to find a common part and then extract contents embedded among common
parts. In this case, an input for an extraction algorithm is a set of HTML files generated from some fixed template.
Therefore, we can assume that input strings for a common part discovery algorithms are positive example.

Next, we revisit a subsequence which is used to express a common part. In the above example, we mentioned
thatcbbbabis a subsequence ofblrbabbalza. However, we can also underlicebbcbabbalsa. A subsequence of
a string is concatenated by ordered substrings of the string, and generally therefiexshtsubstrings which com-
prise the same subsequence. This is not suitable when functional segments of genome sequences must be extracted.
In case of information extraction, it is not natural that a template dferdint among given HTML files.

Next, we consider uncommon parts. In the genome sequence, it is assumed that uncommon substrings are not
so important for functionalities of genes and they are changed (nearly) randomly during a long time of evolution. In
the case of information extraction, words or sentences of natural languages are embedded as contents in uncommon



parts. It is empirically known that the frequencies of words follow a power-law distribution in the case of Western
languages. This phenomena is known as Zipf's law. Thus, we assume that the frequencies of uncommon substrings
follow a power-law distribution (see Section 5.1).

From above observations, we define common parts discovery dsrtipdate discovery problenGiven some
strings generated by some fixed but unknown pattern, the problem is to find the constant strings of the pattern. A
patternis a string over constant and variable symbols. It generates words by replacing variables in it into constant
strings. Frequencies of replaced strings are assumed to follow a power-law distribution.

A pattern language has been well studied in the context of machine learning. It is known that ther@sam e
learning algorithm unless we restrict the number of variable’s occurrences or the numbigerendivariables [2,

8, 17]. In the viewpoint of information extraction, however, these restrictions are impractical because one type of a
variable corresponds to one type of contents. These restrictions are crucial especially when we treat a semi-structured
data which has a tree structure and a node of the tree may have many children of the same type. On the other hand,
in the setting of the template discovery problem, only constant strings are discoverd, but there is no restriction on
the number or type of variables.

From the definition of the problem, we expect that we can solve the problem by using the disparity of substring
frequencies between the template and the other parts. However, the most frequent substring is a string with length 1,
that is, a character. To avoid this problem in N-gram statistics of the natural language processing, thi isngth
determined carefully in advance [14, 16]. In the setting of frequent pattern mining, which is a major framework of
datdtext mining, the minimum support must be given to a mining algorithm [1, 4, 5].

In this paper, we propose an algorithm for the template discovery problem. It does not require any additional
inputs such as negative (or background) examples, background knowledge, or parameters. The algorithm requires
positive example only. Instead, we assume that constant strings must be enough long. The algorithm exploits the
assumption that frequencies of replaced strings follow a power-law distribution and solves the template discovery
problem with high probability.

The time complexity of the algorithm i©(n), wheren is the total length of input strings. To develop such a
speedy algorithm, we utilize (1) a methoh express a constant string by a set of substrings of it, (2) a method,
called thesubstring amplificationin which we count the total numbét(f) of occurrences of strings appearing
exactly f times instead of the frequency (the number of occurrente$his algorithm makes full use of the fact
that the frequencies of substituted strings follow a power-law distribution and it discovers the template with high
probability.

We implemented the algorithm and gave HTML files collected from the Web into the algorithm. Experimental
results exhibits that our algorithm well discovers the templates even if many noise files are included, a set of input
files has multiple templates, or input files are generated by a uniorffefetit patterns or a pattern with the iterate
operation.

2 Preliminaries

2.1 Pattern Language

2 is a finite alphabetr™ denotes the free monoid ovEr An element o™ is called astring. For a stringy, if there
exist stringsu, v, w € 2* such thatx = uvw, we say thav (resp.u andw) is asubstring(resp. aprefixand asyfix)
of x.

V = {Xg, X, ..., } is ainfinite set of symbols disjoint frodi. An element irV is called avariable We sometimes
call a string ove' aconstantstring in contrast with a variable. patternis a string ove U V. A pattern isregular
if it has at most one occurrence for each variable.

3 Originally, a similar method was introduced in [7].



Fig. 1. An example of a sfiix tree forabchcabc

A substitutionis a homomorphism with respect to concatenation fkomo 2*. A substitutiond which mapsx
to uis denoted byX := u]. We abbreviate substitutions which mgpo u; (1 <i < m)to [Xg := ug,..., Xm := Un].

For a patternp and a substitutio = [x; = ug,...,Xn = Uy], pd is the string obtained by replacing all
occurrences of; in p with u; for each 1< i < m. Thelanguageof p, denoted byL(p), is {w € 2* | 36; pd = w}.

A finite setS c 2™ of strings is called daample

2.2 Sufix Tree

Let $ the special character such tlat: $ for anya € X and $# $. For a stringw, A = w$ and an integep
(1 < p < |A), Ap denotesA's suffix starting at thepth character ofA. Let A, , A, ..., Ay, be all sifices of A
in lexicographic ordér The syfix treefor w is the compact trie foAy,, Ap,, ..., Ap,. For each node of the tree,
string(v) denotes the string obtained by concatenating all strings labeled on edges of the path from the it to
call string(v) abranching string

We assume that, for each nodef the tree, its children are sorted in lexicographical order of strings labeled on
edges betweewnto them.

Example 1.Fig. 1 is the stix tree fors = abcbcabc For nodesu andv in Fig. 1, we havestring(u) = abcand
string(v) = bcabd.

Let u be a node of a gfix tree. The number of occurrencesstfing(u) equals to the number of leaves belaw
In the above example, nodehas three leaves arstiing(w) appears three times abcbcabc

Let v be the parent node of Then,string(v) is a proper prefix oétring(u) from the definition of the branching
strings. Moreover, lew be a prefix oktring(u) which includesstring(v) as a prefix. Then, the numbers of occurrences
of wandstring(u) are the same. For example, bething(u) = abcand its prefixes, abappear two times. Therefore,
when we count substring frequencies, all we have to do is to count only branching strings.

3 Template Discovery Problem

In this section, we discuss the common part discovery from the viewpoint of information extraction and then formu-
late the template discovery problem.

4 We define thak is the predecessor af for anyx € 2* in the order.



An input for information extraction is a set of files which share the same style and format, and uncommon parts
are extracted as contents. In the pattern language, contents are substituted into variables and the common parts are
the constant strings. Therefore, first we have to find common constant strings as the parts.

One variable may appear twice or more times in a pattern since the same content is sometimes embedded
iteratively in one of input files. In the field of machine learning, many classes of pattern languages in which the
occurrence of each variable is not limited have been studied. However, the objective of this paper is to extract all
contents but not to check whether some of the contents are the same or not since the latter task is a kind of schema
extraction which should be the next step of information extraction. In this sense, we restrict a pattern to be regular.

Because each variable appears at most once in a regular pattrsuccessive sequence of variables can be
replaced by new one variable. Thysis denoted uniquely as followg: = WoXy - - - W1 XmWm (W € 2* (0 < i < m),

X € V(1< j<m)).Then, asefwp,...,Wn} of constant strings gb is called aemplate where at least one constant
string is not the empty string. From this definition, at least one constant string is included in a template.

Note that the order ofy; is not considered. This is because it is not known whether there is a polynomial time
learning algorithm even if we restrict a pattern to be regular [18] but if we can find constant strings with their order,
we can construct the corresponding regular pattern by inserting mutual variables between found constant strings.
From the viewpoint of information extraction, all we have to do is to extract all contents. So, we do not need their
order.

When we consider information extraction, contents are embedded between constant strings. Usually, the contents
are natural strings such as words, phrases, or sentences written in natural languages. Thus, we assume that the
substring frequencies in substituted strings obey a power-law distribution. Zipf’s law is a power-law distribution.

Let V(f) be the number of substrings which appear exattiynes in a given samplg8. Then, Zipf's law says
thatV(f) = bf~2 for some constard andb, or

logV(f) =b-alogf. ()

Since the above equation holdis averagethe frequencies of some substrings happens to deviate from the equation.
From the above observations, we formulate the template discovery problem as follows:

Definition 1 (Template discovery problem).The template discovery problem is, given a sangplehich is gen-
erated by some fixed but unknown pattern by substitutions following a power-law distribution, to find a template of
the pattern.

Note that the distribution itself is not given.

The learning problem of the pattern language is to find a pattern descriptive to a given sample [2]. Agpattern
is descriptiveto a sampleS if S C L(p) and there is no pattegpsuch thatS C L(g) c L(p). On the other hand, the
above definition say that we have to find a pattern which generates a given sample.

In general, there exist several descriptive patterns for some s&@nler example, botlp; = xbcybczand
p. = xbcayare descriptive t& = {abcabcbcbcg, and we can not conclude that which pattern geneiaids p;
generate$, then pc, be) is the sequence of all constant strings. In this cagesubstituted aftdoc for all elements
in S, sobcabecomes to be common to them. From the practical viewpoint, however, with large $8tanfl|2],
there few possibilities for such substitutions.

When we consider information extraction, a constant string rarely happens to be substituted into a variable, since
each constant string have some adequate length. Moreover, when we considepHiMis targets of information
extraction, <” or “>" is not included in the contents, so such substitutions do not happen. From these observations,
we expect to find a template of a pattern which gener@tedth high probability.



4 Template Discovery with Substring Amplification

In this section, we present an algorithm for the template discovery problem and show that the algorithm solves the
problem in linear time with high probability.

We assumed that valueséf) follow a power-law distribution, wheré(f) is the number of dferent substrings
appearing irS. Even if we fix the size 0§ and the lengths of strings 1, the diferent substrings i is subject to
occurrences of characters. On the other hand, the all occurrences of substrings is decided uniquely if the length of the
target string is fixed. Therefore, we examine the relation$tfif) andF(f) which is all occurrences of substrings
which appear exactly times inS.

First, we estimate the number ofidirent frequencies.

Lemma 1. Let n be the total length of the strings in a sam@e Then, the number of fiérent frequencies of
substrings appearing i is at mostO(n).

Proof. In a sufix tree, a node corresponds to a frequency. There exist at@fosdifferent frequencies since the
number of nodes in a fiix tree isO(n).

Next, we estimat&(f) = F(f)/F(f — 1) and show that values &(f) converge to be a constant asymptotically
if values ofV(f) follow a power-law distribution.

Lemma 2. If V(f) satisfies Equation (1), the®(f) = F(f)/F(f —1) = (1-1/f)*L.
Proof. From Equation (1), we have
logV(f) =b-alog f

logf +logV(f)=b+(1-a)log f
log fV(f)=b+ (1-a)logf.
SinceF(f) = fV(f), we have
logF(f)=b+(1-a)logf.

If a=1, F(f) become to be a constant. Therefore, we can assume without loss of generality.
LetA=a-1,B=bh. Then,F(f) = Bf " andG(f) is calculate as follows:

F(f) (f-1* B
Ff-1) B  fA

ol

=(1-1/HA

G(F) =

Thus,G(f) becomes asymptotically to be a constant as increasing if values 0¥ (f) follow a power-law distri-
bution.

Lett = {wo,...,Wn} be a template. Then, there exist at le@df) occurrences of substrings for each constant
string, wherd is the minimum length of constant strings. For simplicity, we now assume that all characters in a
constant string are fferent. In this case, both a constant string and any substring of it appear éSatitiyes.
Therefore F(|S]) is at leastO(mS|I?). On the other hand, values B{|S| + 1) andF(|S| — 1) follow a power-law
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Fig. 2. Peaks inF(f) graph

function Template (var S: sample): set of strings
var

V, F: hash table;
begin
V:=Count(S); {count all branching strings}
for £ in keys(V); {for all frequencies}
F(£):=0;
for w in V(£f);
F(H) += flw]|;
end;
end ;
f:=FindPeaks(F);
return(V(£));
end ;

Fig. 3. Template discovery algorithm which implements the substring amplification

distribution. Thus, the valuE(|S]|) is quite large compared to thoseBfS| + 1) andF(|S| — 1) if |S|, m, andl are
enough large.

For example, let be a set of 50 HTML files collected from an online news outlet. We have a graph of Fig. 2
by plotting F(f) for eachf in log scale. We see peaksfat c|S| forc = 2,3, ... as well asf = |S| since there are
substrings which appear twice or more in constant strings in these files.

From these observations, we define a peak as follows:

Definition 2. Let G(f) = F(f)/F(f — 1). Then, we say that a frequendy provides amaximal peakf G(f) is
maximum among all values G f). We also say that = cfy (c=1,2,...) providepeaks

We can expect that constant strings are reconstructed from substring constituting peaks. A peak is constituted by
adding occurrences of all substrings. So, we call this template discovery methsgbteang amplification
The main algorithm for the template discovery problem is presented in Fig. 3. An input for the algorithm is a

sampleS and it outputs a set of strings. We will show that this output equals to a template which we want to find
with high probability.



First, the algorithm call€ount (S). This routine constructs a fix tree T for $,$5,%- - - $5g,, WhereS =
{s1.%,...,Sg}. Then, it counts frequencies sfring(v) for each noder in T. Then, it creates a hash tablen
which a key is a frequencfand a valué& (£) is the number of dferent branching words appearing exadilymes.

Next, the algorithm calculatgs(£) from V(£). Although F(f) = f - V(f), we need to count non-branching
strings sinceV contains frequencies for only branching strings. Therefore, we first initi@l{Z® : =0, and then
F(f) += f|w] for each branching wordl and its frequency.

Next, the algorithm call§indPeaks (F) which returns a frequency providing a maximal peak. This is done by
calculation ofF(f)/F(f — 1) for eachf > 2.

Finally, the algorithm returns a se£) of branching strings such that they appear exatctlynes andf provides
the maximal peak.

We show the correctness of algoritHhamplate. The algorithm sometimes fails to find a constant string or
outputs non-constant strings wrongly depending on substituted strings. Therefore, we estimate the error probability
when a probability distribution for all characters is given.

Although a uniform distribution ovek is one of basic distributions, it is known that frequencies of substrings
over this distribution do not follow a power-law distribution. On the other hand, for characters in English sentences,
frequencies of characters follow a power-law distribution as well as frequencies of English words [15]. Moreover,
if requencies of characters mfollow a power-law distribution, it is also known that frequencies of strings aver
also follow the distribution. Therefore, in the following theorem, we assume that all characters in substituted strings
appear independently and frequencies of them follow a power-law distribution.

Theorem 1. Letty be a template whose corresponding regular pattprgenerates a given samp® We assume
that any string intp is not included in any other string ity. Then, AlgorithmTemplate in Fig. 3 outputsty with
high probability. The error probability is bounded lyc® + 1/c° + 3/¢S!, whereS is a samplely is the minimal
length among the constant stringst 0 < 1/c < 1 is the highest probability assigned to a characteZinandr
andk satisfiesmy|S|13/F(IS| - 1) < rk?/F(r - 1).

Proof. Letty = {wg,..., w4, } andt = {wp, ..., Wn} be a set of strings output emplate.

(1) First, we consider thatemplate outputs a string which is not a constant string. We have to consider the
following two cases in which includes a string not including ifa: (1-1) Template outputf # |S| as the maximal
peak while the maximal peak must [S and (1-2) there exist a string which is not includedhibut appears exactly
|S| times. The latter case happens with probabilitgsl since this holds if the length of the string is 1.

The former case occurs when a long string appears frequently in substituted strings. In this case, the error
probability is one that a string® with lengthk appears times in the substituted strings. This probabilitPigw*) =
1/ck, whereG(|S|) = F(IS|)/F (/S| - 1) < F(r)/F(r — 1) = G(r) must hold since& must provide the maximal peak.
Since total occurrences of substringsihis leastO(rk?), F(r) = O(rk?). Therefore, the following equation must be
satisfied.

G(IS) = F(ISD/F(ISI - 1) < F(r)/F(r = 1) = G(r),
molSIIZ/F(IS| - 1) < rk?/F(r - 1).

(2) Next, we check thalemplate outputs all constant strings ig. In this case, we also have to consider the
following two cases: (2-1) a string which equalswﬁ for somei is included in a substituted string and (2-2) a
character is substituted just before (or afw?)for somei for all strings inS.

(2-1) Forj #1, vv? appears exactlys| times andS| provides the maximal peak. Howevedoes not contaiw?
sincewiO appearsS| + 1 times. This case happens with probabiFFl(in) =1/ch.

(2-2) Assume that a string® with lengthk is substituted before?. In this casew; = w*w? and the frequencies
of w andvvio are the same. Therefong, is detected as a constant stringlmplate instead oi/vio. This holds when



k = 1. The probability for this is &SI since this is the same as the probability in which the same character appears
just before or afte|S| times.

Thus, algorithnTemplate solve the template discovery problem with the error probability at m@st41/c +
3/cS!, wherer andk satisfiesmo|S|IZ/F (S| - 1) < rk?/F(r — 1). So, if|S|, lo, and|| are enough large, the error
probability is close to 0 asymptotically.

In the above proof, we only used the property that each character appears independently. Therefore, the above theory
holds for any distribution such as uniform and power-law distributions, if character independence is guaranteed.

We also assumed that € to is not included inw; € to (i # j). Algorithmically, we can easily remove this
assumption, but this increases théidulty to define a peak. In Definition 2, we defined the maximal peak and
Template only finds it. Ifw; = w;j for somei # |, Template have to find another peaks at= 2|S|. Similarly, we
have to considef = ¢|S| (c = 3,4,...). In this case, we have to introduce some threshold value. This also holds for
more complex patterns which will be described in the next section.

Next, we show the time complexity of the algorithm.

Theorem 2. The time complexity dfemplate is O(n), wherenis the total length of the strings in a given sam§le

Proof. Count () constructs a diix tree inO(n) time [12]. It counts frequencies by traversing nodesTorThis
counting is done if©(n) time since there i®©(n) nodes in a sfiix tree.

It takes alsdO(n) time to computd-(f) since calculatior-(f)+ = f - |w] is totally executed as many times as
the number of branching strings.

FindPeaks () returns a frequency providing the maximal peak by computi@( f) = F(f)/F(f — 1) for each
frequency. From Lemma 1, there exist at mO&t) different frequencies. Therefore, this routines dor@(im) time.
This completes the proof.

5 Experiments

First, using novels collected from the Web, we examine the validity of the assumption that the frequencies of sub-
stituted substrings follow a power-law distribution.

In Definition 1, an input for the problem is a set of strings generated by a single regular pattern. However, noise
files are included or some files are generated by some more complex patterns in practice. Therefore, next, using
HTML files on the Web, we show that the substring amplification finds peaks constituted by substrings in template
substrings even when a sample is generated by a unison of multiple patterns or a sample includes many noise data
as well as being generated by a single pattern.

More precisely, we introduce additional operation “union” and “iteration” and redefine an input sample for the
template discovery problem as the set of strings generated by a new pattern.

Now, a sample may be generated by multiple templates. Therefore, we have to consider non-maximal peaks.
Although the maximal peak is uniquely decided, it isfidult problem to decide a peak theoretically since the
hight of peaks heavily depends on the number of input strings, a length of constant strings of patterns, and so on.
Experiments in this section, the authors decide which frequencies provide peaks.

5.1 Power-Law Distribution

We assumed that values ¢ f) follow a power-law distribution in the definition of the template discovery problem.
In this section, we examine the frequenfcgndV(f) using documents without explicit templates [20].
Fig. 4 is two graphs o¥/(f) which is the number of dlierent substrings appearing exactlyimes. We use (a) a



1e+07 1e+07

1e+06 k| 1e+06 k|
100000 El 100000 |+ El

10000 ¢ El 10000 ¢

1000 + El 1000 +

100 | El 100 |

1 10 100 1000 10000 1 10 100 1000 10000
f f

(a) Japanese Novel (b) English Novel

Fig. 4. Graphs ofV(f), the number of dferent substrings which appear exadtliimes

Japanese novel “Kokor® written by Souseki Natsume (487 KBytes) and (b) an English novel “Metamorphiosis
written by Franz Kafka (134 KBytes).

From Fig. 4, we see that 10¢(f) is proportional to log for both languages and satisfies Equation (1).

Although Zipf’s law is originally known for grammatical words or strings with fixed lenytff) is calculated
from all occurrences of substrings whose lengths are less than 50. Fig. 4 exhibits that Zipf's law holds even for such
acase.

5.2 Single Template

In this section, we show an experiment using files which seem to be generated by a single template. These files are
collected from “Sankei Shimbéi They are 50 files (526 Kbytes). Fig. 2 is th€f) graph for these files.

In this figure, we see sharp peaksfat 50, 100, 150, 200 and so on. The maximal peak i at 50. These
peaks tell that there exists a common template in each file and consequently substrings in the template appear exactly
50 times. In fact, substrings appearing exactly 50 times well cover the template.

Some substrings in the template appear two or more times. These substrings constitute other peaks. For example,
“<title>" or “ </title>" appear at most once in afile, but, “title” appears twice. Thus, “title” appears exactly 100 times
in all files. Such more frequent substrings constitute smaller peaks because they are shorter than substrings appearing
exactly 50 times.

5.3 Multiple Templates with Different Occurrence Ranges

Next, we show an experiment for search result pages of Yah8ehrch result pages, in general, contain at least two
different types of templates. One is a template for each file and the other is a template for each search result which
usually appears 10 or 20 times in a file.

Shttp://www.aozora.gr.jp/

6 It stands for “heart” or “spirit” in Japanese.
"http://www.promo.net/pg/
8http://www.sankei.co.jp/
9http://www.yahoo.com/
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We used a category name of Yahoo! for a query to get search results. We chose randomly 50 names among
all category names, then we gave each name as a query. We failed to get search results for 4 category names,
consequently we collected 46 files. Basically each file contains 20 search result pages, but one file contains only
14 result pages and another one only 19 result pages. Thus, totally 46 files (1212 Kbytes) contain 913 search result
pages.

Fig. 5 is theF(f) graph for these files. In Fig. 5, we see the maximal peak at46 which is the same as the
number of files. We see another peakfat 91 which is close tof = 92 = 46 x 2. The authors expected that a
substring of a constant string appears exactly two time in most of files but it appears only once in some file. Contrary
to our expectation, this peak t= 91 exhibits an evidence of existence for another template. A search result page of
Yahoo! contains matched category names as well as matched Web pages. In this experiment, the number of matched
category names was 91, so the template for these category names constitute the sharp peak.

We see another peak &t= 913 which is the number of search results. Therefore, in this experiment, we found
three diferent templates whose periods arfetent. The number of templates are not fixed. This indicates that the
substring amplification can treat a sample generated by a pattern with extra operation of iteratike fegular
expressions.

5.4 Union of Multiple Patterns

Next, we show an experiment whose input sample is mix of thiféerdint templates. In addition to 50 files of Sankei
Shimbun (Section 5.2), we use 104 files (3412 Kbytes) from asahi%ama 140 files (2324 Kbytes) from Yomiuri
Online't. Compared to the number of Sankei Shimbun files, the number of asahi.com files is about twice and one of
Yomiuri Online files is about thrice.

Fig. 6 is theF(f) graph for this sample. There exist maximal peaks for each news site. Thus, the substring
amplification finds all templates if input files are generated from a union of patterns. The numlitsrefdipatterns
are arbitrary. This indicates that the substring amplification can treat a sample generated by a pattern with extra
operation union|- like regular expressions.

We see other peaks in Fig. 6 fit= 49 andf = 103. These peaks are constituted by other templates which the
authors did not expect. For example, asahi.com and Yomiuri Online independently have substrings which appear
exactly 49 times.

Ohttp://www.asahi.com/
1 http://www.yomiuri.co.jp/
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5.5 Noisy Data

Next, we give 598 HTML files (5584 Kbytes) collected by following links at most three depth from the top page of
Kyushu University?.

Fig. 7 is theF (f) graph for these HTML files. We see some high peaks. They are due to some HTML files which
are modified version of the top page of the university. We see a peak clearly even if most of files are noise.

In general, files sharing with the template in a site are stored in one directory. So, we can collect such files from
just the string processing of URLs. But, such a heuristics method does not guarantee that collectedifilfikeare
which share the template. On the other hand, the substring amplification @illékts sharing the template since
it reconstruct constant strings from substring whose frequencies are the same.

6 Conclusion

We discussed common parts discovery in the viewpoint of information extraction and formulated it as the template
discovery problem. The problem is, given a set of strings generated by some fixed but unknown pattern, to find a

12http://www.kyushu—u.ac.jp/



set of constant strings of the pattern. We assumed that the frequencies of substituted strings follow a power-law
distribution and experimentally showed the validity of this assumption using Japanese and English novels.

We developed a method calledbstring amplificatiorwhich is the key technology for the proposed template
discovery algorithm. It amplifies the disparity of frequencies between constant strings and substrings in non-template
parts. If we count just frequencies, we can not see high peaks among graptstéad ofF-(f) because frequencies
of constant strings is subject to noise data and is buried in frequencies of noise and non-constant strings. Another
problem to count just frequencies is how to decide the length of substring to be counted. In the framework of the
substring amplification, we couatl substrings and sum up them. Therefore, we see high peaks and we do no need
to decide the length of substring to be counted. This means that a user of the proposed algorithm does not need to
know about input data in advance.

We proved that the template discovery problem is solved in linear time by the proposed algorithm with high
probability. However, when a substring of a constant string happens to be substituted, the algorithm finds it as a part
of constant strings wrongly. Therefore, it is an important future work to define non-template parts as the contents
which should be extracted and estimate recall and precision like information retrieval.

Experiments using data on the Web exhibited tlieaiveness of the algorithm in the practical viewpoint. The
algorithm found a template even if many of input files are noisy.

We also showed by experiments that the proposed algorithm found multiple templates if input strings are generate
by patterns with the iteration and union operations like regular expressions. Since the class of languages generated
by regular patterns is proper subclass of the class of regular languages, the expressive power of the regular patterns is
less than one of the regular expressions. The regular expression is important as a theoretical background of XML [6,
13]. Thus, it is important that the substring amplification can treat such input strings.

However, this extension causes another problem. It is necessary to find multiples peaks when an input sample
is a set of strings generate by patterns with extra operations described above. Therefore, we have to define some
threshold foiG(f) to definepeakexactly. This is an important future work.

We defined a template as a set of constant strings. It is challenging task to allow some mismatches in a constant
string, so that some ambiguity is allowed, sucH &6] commonly used in genome informatics.
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