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Abstract

[5].
Since digital library system may contain various text obtained from various information sources through various
recognizers, we need a method to tune the cost of edit operations according to the text. Therefore, ability to learn
recognition error model is effective in digital library. Ristad et al. [4] proposed a learning edit distance that has the
ability to learn editing costs from the training data based
on the maximum likelihood estimation. We [8] proposed
a similar model based on the joint probability of an original string and its recognized one. MacCalum et al. [3]
proposed another learning algorithm based on conditional
Markov random ﬁeld model. When learning parameters of
a model describing the similarity at the character level we
need to estimate O(n2 ) parameters where n is the size of
alphabet. Maximum Likelihood (ML) estimators have been
used for obtaining the models so far [4, 8]. However ML
estimators tends to overﬁt for estimating the models having
many parameters, and we need to smooth the estimation.
We have been constructing a digital library that contains
millions of scholarly paper documents written in Japanese
and/or English. The purpose of this project is to capture academic articles to make an archive of Japanese scholarly information and to utilize them. Currently about 3 million papers are scanned and processed by an OCR. Since Japanese
language consists of several thousands of characters, number of parameters required for the model is much more than
English, and consequently, smoothing in parameter estimation is crucial problem. Therefore, this paper focuses on the
learning problem of string similarity model for approximate
text search and proposes a Bayesian learning algorithm to
obtain similarity model using the variational Bayesian (VB)
technique.

Approximate text search is a basic technique to handle
recognized text that contains recognition errors. This paper proposes an approximate string search for recognized
text using a statistical similarity model focusing on parameter estimation. The main contribution of this paper is
to propose a parameter estimation algorithm using variational Bayesian expectation maximization technique. We
applied the obtained model to approximate substring detection problem and experimentally showed that the Bayesian
estimation is effective.

1

Introduction

Recently many paper books and journals are scanned
to make large digital libraries for preserving and utilizing
them. Spoken documents are another important information source of digital archives. As a result, future digital
libraries may contain various kinds of recognized data such
as OCR text, spoken documents and so on. Since recognized documents inevitably contain recognition errors, we
need tools to handle erroneous text as well as improvement
of recognizers’ accuracy.
When utilizing text, we usually use words included in
the document as features. Taghva et al. [6] reported how
OCR errors affect text retrieval performance. Approximate
text search is a basic technology to develop a text utilization
system that is robust to recognition errors. It has a long research history, and it is applied to wide range of applications
such as record matching [2], spoken document retrieval [5],
DNA processing, etc. When using approximate search, we
need to deﬁne a similarity or distance between strings. The
edit distance is a basic metric to measure string similarity. It
represents the distance of strings as the minimum number of
editing operations, i.e., insertion, deletion and substitution,
to convert one string to another. Confusion matrix assigns
editing cost based on characters, e.g., it may assign different costs for substituting different characters. Srinvasan et
al. used the confusion matrix in spoken document retrieval
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2

Statistical Similarity Model

For statistical string similarity, HMM is often used as
a base of the model [4]. Among them, we use the Dual
and Variable Length Hidden Markov Model (DVHMM) [8]
because it is suitable for handling both Japanese and English
characters.
611

The DVHMM deﬁnes the joint probability of a pair of
strings. Let us consider a pair (ab, aab) of strings and the
state transitions sqsf in the DVHMM of Fig. 1. Since s
is a substitution and q is an insertion, the pair (ab, aab) is
produced by emitting a portion of the pair of strings at each
state in the following way:
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where the second and third rows stand for the original and
the observed substrings produced by the state in the ﬁrst
line, respectively. Note that a state transition sequence
deﬁnes the decomposition of an original and an observed
strings. We refer to this decomposition as an alignment.
Note that for a pair of strings, a state transition sequence
uniquely determines an alignment.
For a pair w ≡ (u, v) of strings and a state sequence
t = t1 t2 · · · tl generating the pair, the DVHMM deﬁnes the
joint probability of the pair by the state sequence as

Figure 1. Example of DVHMM

This section overviews the DVHMM. The DVHMM is
a kind of pairwise hidden Markov model (HMM). It produces a pair of strings by walking around the ﬁnite states
like HMM and produces a portion of the pair of strings at
each state. A state of the DVHMM is characterized by a
pair of lengths of the original and observed output strings
and the state characterized by (i, j) produces a pair of original and observed strings with lengths i and j, respectively.
Fig. 1 [7] shows an example of a DVHMM that consists
of four states. A state q is characterized by (1, 0). From the
viewpoint of an editing operation, this state corresponds to
a delete operation. A state r is characterized by (0, 1) and
it corresponds to an insert operation. A state s is characterized by (1, 1) and it corresponds to a substitution or no
edit operation. A state f is the ﬁnal state where every state
transition ends.
Each state except for the ﬁnal state produces a pair
of strings according to the output probability distribution.
Suppose the alphabet is {a, b}. Then, the state q in Fig. 1
produces a pair of strings (a, λ) or (b, λ) where λ stands
for a null string. Output probability is assigned to each pair
of strings, and the DVHMM produces a pair according to
the probabilities. The tables in Fig. 1 (b) show the output
probabilities at each state. We denote the output probability
distribution of a state s as os .
The DVHMM has the initial probability distribution
which is omitted in Fig. 1 and the transition probabilities,
which are denoted as arcs in the ﬁgure. We use π and τ s for
a state s to denote the initial and transition probability distributions, respectively. In this way, the costs of the editing
operations are represented in the DVHMM as the combination of transition and output probabilities.

Pr(w, t | Θ) = πt1

l−1
Y
i=1

τti ti+1

l
Y

oti wi

(1)

i=1

where wi denotes the pair of strings emitted at the ith state
ti , whereas Θ ≡ (π, {τ s }s , {os }s ) is parameters consisting of the initial, transition, and output probabilities. We
refer to this joint probability as an alignment probability.
For the alignment described in the table, the probability is
Pr((ab, aab), sqs) = πs τsq τqs os(a,a) oq(λ,a) os(b,b)
Generally there are multiple state transitions that produce a given pair of strings. We denote the set of state sequences that produces a pair w as T (w). Then the string
similarity of the pair w is deﬁned as the maximum alignment probability
max Pr(w, t | Θ) .

(2)

t∈T (w)

As described in Section 2.2, each state of a DVHMM
corresponds to an edit operation, and a state transition sequence corresponds to edit operations. From this perspective, the state transition that satisﬁes eq. (2) corresponds
to the edit operation sequence with the lowest cost. In this
way, the probability deﬁned by Eq. (2) gives similarity to a
pair u and v of strings.
By adapting the initial, transition, and output probabilities as well as graphical structure of the model to recognizers, the model can represent the string similarity according
to error patterns of various recognizers.
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3

Parameter Estimation

The inequality in Eq. (3) is obtained by Jensen’s inequality.
To make the learning problem tractable, we factorize the
function as follows:

This section derives the parameter estimation algorithm
based on the Variational Bayesian (VB) technique [1]. Beal
proposed VB algorithm for HMM [1]. We extend the algorithm for Bayesian parameter estimation for DVHMM.
Let W = {w1 , w2 , · · · , wn } be a set of training pairs
of strings where wi (1 ≤ i ≤ n) is a pair (ui , v i ) of an original and corresponding recognized strings. For a graphical
structure of DVHMM, let us consider the following generative model:

q(Θ, T ) ≡ q(π)
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õtij wij

(7)
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where

where T is (t1 , · · · , tn ) and ti is a random variable for the
state sequence for ith training pair. The function q(Θ, T ) is
any probability density function, i.e.,
Z
X
X
···
q(Θ, T )dΘ = 1 .
(4)
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where Ct (ti , s, r) denotes the number of state transition
from a state s to r in the state transition sequence ti ,
whereas Co (ti , s, w) denotes the number of emissions of w
at a state s in the state transition sequence ti .
In the VBE step, by equating the functional derivertive
w.r.t. qi (t) to 0, we obtain

In Bayes parameter estimation, we obtain the probability
distributions of parameters of initial, transition, and output
probabilities that maximize the following marginal log likelihood

q(Θ, T )

} | {z }
q(T )

n

Λ ≡ (α, {β s }s , {γ s }s ) .

ln

1X
n i=1
n

αs0

where M ulti(θ) and D(θ; α) denote the multinomial and
Dirichlet distributions with the parameters θ and α, respectively. Unlike the ordinary HMM, the number of output
symbols are different depending on the state. So we need to
use different Dirichlet priors for each state. We denote the
parameters of Dirichlet priors as

=

(5)

where
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q(π) = D(π; α0 ), q(τ s ) = D(τ s ; β 0s ), q(os ) = D(os ; γ 0s )

• generate the training pairs W by the DVHMM obtained in the previous steps

Z

q(os )

Variational Bayesian learning algorithm consists of VBE
and VBM steps maximizing the lower bound F with respect
to qi (ti ) and q(Θ), respectively.
In the VBM step, by equating the functional derivatives
w.r.t. q(π), q(τs ), and q(os ) to 0, we obtain the update formulas.

• for each state s, generate output probability distributions M ulti(os ) according to a Dirichlet prior
D(os ; γ s ),

n
X

Y

q(Θ)

• for each state s, generate transition probability distributions M ulti(τ s ) according to a Dirichlet prior
D(τ s ; β s ),

n
X

q(τ s )

s∈S

|

• generate an initial probability distribution M ulti(π)
according to a Dirichlet prior D(π; α),

ln Pr(W ; Λ) =

Y

ln õsw

− Ψ(

X

0
γsu
)

(8)

u∈W s

where Ψ(·) denotes the digamma function. See Appendix
for the sketch of the derivations.

4

Experimental Results

We evaluated the effectiveness of the proposed algorithm
through experiments. We used two kinds of data set. One

tn ∈T (wn )
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is abstracts included in papers in our digital library. We selected 1,000 Japanese articles published by Japanese computer science societies and extracted abstracts from them.
The other is references included in the same papers. We
used 1,000 references for experiments.
For evaluation, we prepared clean text manually for both
kinds of data sets. The average recognition accuracy of abstract was 99.2% whereas the accuracy of references was
94.2%. Abstract usually consists of ordinary Japanese text
and it contains only a few mathematical expressions. On the
other hand, references contain both Japanese and English
text. They also contain many punctuations. These features
make it hard for OCR to recognize characters. In this experiment, abstracts were selected as ordinary text whereas
references were selected as poorly recognized text.
We compared the proposed model with the unit cost edit
distance and the same model whose parameters are estimated based on the maximum likelihood estimation. Labels “ED”, ”ML”, and ”VBEM” are used for representing
the unit cost edit distance, the model obtained by the maximum likelihood estimator, and the model estimated by the
proposed variational Bayesian expectation maximization algorithm, respectively.
For each data set, we used half of them as training data
and estimated the parameters of the models from them. Remaining half data was used for evaluation. We made 100
queries by extracting words and phrases from the clean test
data set. Then, we detected positions of query words and
phrases from recognized test data set and ranked them according to the similarities. In approximate search, accuracy is affected by query length. Therefore, we prepared 50
short queries whose average length is 5.3 characters and 50
long queries whose average length is 10.4 characters. Labels “short” and “long” are used for these types of queries,
respectively.
As for the evaluation metric, we use the f-measure of
the ranked position lists. Figure 2 shows the average fmeasures for searching abstracts and references with short
and long queries. As shown in the graph, the search accuracy of the three similarities is almost same for the abstracts. Since the OCR recognition accuracy is very high for
abstract, the similarity measure does not affect the search
performance. On the other hand, the proposed similarity
outperforms other similarities for the references for both
short and long queries. This is because the learnable string
similarity can reﬂect the OCR error patterns, and proposed
smoothed model is effective to obtain similarity model.
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Figure 2. Search performance.
this paper is to propose a Bayesian parameter estimation algorithm using variational Bayesian expectation maximization technique. We applied the obtained model to approximate text search problem in a digital library and showed
that the Bayesian estimation is effective for poorly recognized text search.
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This paper proposes an approximate string search for
recognized text using a statistical similarity model focusing
on parameter estimation method. The main contribution of
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A

VBEM Algorithm

Similarly, for each state s, by equating the functional
derivative w.r.t. the variational posterior q(os ) to 0, we obtain the following formula.

To solve the optimization problem, let us introduce Lagrange multipliers λπ , {λos }, and {λτs } for initial, output
and transition probabilities, respectively, and λi (1 ≤ i ≤
n) for state sequences. Using Eqs. (3), (5), and these Lagrange multiplies, the Lagrangian is deﬁned as

ln q(os ) =

n
X

X

q(ti )

i=1 ti ∈T (wi )

|ti |
X

ln Pr(tij wij | o) +

j=1

ln Pr(os ; γ) − λ0os

LV B (q(Θ, T ))

(13)

This equation means that the function q(os ) is the Dirichlet
Z
distribution described in eq. (6).
F(q(Θ, T )) + λπ ( q(π)dπ − 1) +
Z
Z
X
X
A.2 VBE step
λτs ( q(τ s )dτ s − 1) +
λos ( q(os )dos − 1) +

≡

s∈S
n
X

s∈S

λi (

i=1

X

q(ti ) − 1)

t∈T (wi )

Variational Bayesian learning algorithm consists of VBE
and VBM steps maximizing the lower bound F with respect
to qi (ti ) and q(Θ), respectively.

A.1

In the VBE step, by equating the functional derivative
w.r.t. q(ti ) to 0,
(9)
∂LV B
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Z
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+

q(o)

X

ln Pr(tij wij | o)do − (1 + ln q(ti )) + λi
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In the VBM step, by equating the functional derivatives
w.r.t. q(π), q(τ s ), and q(os ) to 0, we obtain the update formulas. For the free distribution for initial probability distribution,
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From this formula, we derive
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where λ0i ≡ λi − 1 is constant and calculated from the condition eq. (4). Let us introduce the following parameters for
initial, transition and output probabilities.
Z
X
ln π̃s ≡
q(π) ln πs dπ = Ψ(αs0 ) − Ψ(
αr0 )

n
1X
ln q(π) = ln Pr(π; α) +
hln Pr(ti1 | π)iq(ti ) − λ0π
n i=1
(11)
where λ0π = 1− n1 λπ . This equation means that the function
q(π) is the Dirichlet distribution described in eq. (6).
Similarly, for each state s, by equating the functional
derivative w.r.t. the variational posterior q(τ s ) to 0, we obtain the following formula.

1
n

X

j=1

From this equation, we obtain the following solution.
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Then, from eq. (15), we obtain

(12)

|ti |−1

This equation means that the function q(τ s ) is the Dirichlet
distribution described in eq. (6).

q(ti ) ∝ π̃ti1

Y
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