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Abstract

This paper deals with cursive words recognition by hidden Markov models. Starting with an image of a word,
the recognition process returns the most probable words included in a list which is called the dictionary. The cost
of this process is proportional to the dictionary size but could be reduced with an acceptable lack of performance
by merging two ideas. The first one consists in reducing the number of words for which the probability must be
computed. A recognition without dictionary or unconstrained returns the best sequence of letters which is rarely a
word. Nevertheless, its neighborhood allows us to find the most probable words of the dictionary. The second idea,
based on ascendant hierarchical classification, consists in reducing the number of computations of edit distances
that the building of this neighborhood needs.

1. Introduction

Hidden Markov Models (HMM) are now well known. Since [4], [14], they have became more and more popular.
Currently used for speech recognition, they were adapted to handwritten recognition as in [8] associated to neural
networks. Like in [3] or [10], we are interested in cursive words recognition using a dictionary. This article aims
at improving the speed process without making the performance decrease too much. The system presented in
section 2 links together the recognition without dictionary and the search for neighbors in any metric space. This
search is used to find the closest words from a word x included in a dictionary D. The purpose is to compute
probabilities only for the words which are close to the solution, these words are supposed to be included in the
neighborhood of the best sequence of letters found by a Viterbi’s algorithm (see [9]).

This particular task involves many computations of an edit distance such as Levenstein’s one (see [11], [18]).
Several optimizations have already been proposed, they are classified in two main ways. The first approach
consists in an optimization of distance computation and the second is the optimization of the neighbors search,
both reviewed in [13] and [6]. In brief, the first optimization is based on suffix trees (see [1], [12]). The second one
selects some particular words called pivots (see [17], [15]) to avoid exploring all the dictionary. The main problem
of such methods lies in a good choice of those points (see [5] or [19]). Section 3 presents a new method to get
them, based on a ascendant hierarchical classification (AHC, [16]). Section 4 describes how to use the resulting
tree. Section 5 gives the results obtained by the whole system realising a faster word recognition process.

2. Cursive words recognition with a dictionary

The recognition process which is mentionned in this paper starts with an image of a cursive handwritten word
and tries to recognize it among a list called the dictionary. Let’s denote this list as D = (myq, ..., m;). The image
is preprocessed into a sequence O of vectors called observations. A emission probability is then computed for every
hidden Markov model (HMM) M; associated to every word m; in the dictionary. These probabilties are denoted
as P (O | M;). The word "read” by the system is given by M*:



M* = argmax P (O | M;) (1)

1<i<n

Getting M* defined in (1) obviously implies the computation of P (O | M;) for every word in D. The aim of
this article is to avoid computing emission probabilities for all words. But before describing how to do faster, let’s
go on deeper into the models associated to the words. In fact, both O and M; are sequences. In our application,
O is a sequence of observations coming from an image processing and each observation corresponds to a letter or
a piece of letter. Figure 1 shows a segmented image, every small piece or graphem is described by a vector - an
observation - which contains statistics about it (average number of black pixel, presence of a loop, ... see [3]). M;
is a sequence of models and each one is able to recognize a letter. Figure 2 illustrates an assembly of letter models

for the word ”charles”.

Figure 1. A example of an image segmentation leading to pieces as big as characters or smaller
(letter C contains two pieces), every one is then described by a vector called observation.

Figure 2. Word model for "charles" built from letter models "c", "h", "a", "r", "I", "e", "s", the symbols
"I"and "O" means the input and ouput of the model.

So, a word model is made by the concatenation of the HMM models associated to every letter it contains. That
is why this system allows us to compute the best sequence of models L* for a given sequence of observations O.
L* is the model which maximizes P (O | L) where L is any sequence of letter models. This sequence is the result
of a Viterbi’s algorithm (see [9]). Getting L* is only a first step to a recognition without dictionary because the
linked word [* is rarely a word. For example, the result for the image of Figure 1 is ”ciharlis”. Nevertheless, [* is
not so far from the dictionary D and it is possible to compute the neighborhood of I* inside D according to an edit
distance like Levenstein’s one. If we denote d as this distance, then we have to search for the set N* (s) defined
by :

N*(s)={me D|d(m,l*) < s} (2)

We would like to expect that M* defined in (1) verifies:

M* = argmax P (O | M) (3)
MeN*(s)

The set N* (s) should be small to avoid too many computations of emission probabilities but it should be
high enough to be sure that it contains the right answer. The choice of s is a compromise between the speed
optimization and the loss of performance. It first depends on the distance which is used to define the neighborhood.
The recognition models are also important: a high accuracy of the recognition models makes the best sequence
of letters be closer to the correct answer and in this case, we may use a small value of s. The optimized system
consists of three steps:

1. We compute the most probable sequence of letters using the Viterbi’s algorithm.



2. We find the neighborhood N* (s) of this sequence included in the dictionary.

3. We compute the probability for each word in the neighborhood N* (s).

We finally built a speed optimization system (see Figure 3) able to recognize a word in an image. The last
problem is to compute the set N* (s) which is the purpose of the next sections.
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Figure 3. Speed optimization system : way 2 is faster than way 1

3. Partitionning tree

Before computing the search for such a neighborhood, we need to organize the dictionary D into a tree in order
to avoid exploring all words in D every time we want the neighborhood of a word. The building of this tree is
based on a ascendant hierarchical classification (AHC). But first, we need for this to define the radius and the
center of a finite subset. Let D = (y1,...,yn) C E be a finite subset of a metric space F, the center C (D) and
the radius R (D) of D are defined by:

C(D) € argerlr:l)in [g}leag d (z, y)} (4)
R(D) = maxd(C(D),y) (5)

d (x,7) is the distance between the elements x and y. It is obvious that for any (z,y) € E?, R ({z,y}) = d (z,y).
The tree is built with a version of the AHC presented by Algorithm 1. At the beginning, the tree only contains N
nodes linked to the N words the dictionary contains. At every iteration, two nodes are merged to form the part
with the smaller radius.

Algorithm 1 Let D = (y1,...,yn) be a finite subset of (E,d). Let N (n1,ns,C, R) be a node which is

linked to two predecessors ni,ne and which defines a part whose center is C and whose radius is R. L

represents a set of nodes. If x is a node, P (x) refers to the part pointed out by the node which is the

union of the centers of the node N and all its ancestors.

initialisation:

for each y € D, we add the node N (0,0,y,0) in L
step 1:

let (x,y) bein argmin R (P (z)U P (y))

zyel, z#y
the node z is created such as z = N (z,y,C (P (x) U P (y)),R(P (z) UP (y)))
L— LUz—{z,y}
step 2:
if L contains more than one node, return to step 1

The result of this algorithm is a graph which is illustrated in Figure 4 for five elements. Every node of it satisfies
one or several of three cases. It has no predecessor, and the part pointed by this node is a singleton whose radius



is null. It has two predecessors, and the part pointed by this node contains more than one element, its radius is
stricly positive if at least two elements are different. It has no successor, the part pointed by this node is the subset
D.
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I

~~~~~~~~~~~~~~~~~~~~~~~~~
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****** El*

Figure 4. Dendogram: the initial state contains one part per element in D (the leaves), the first
iteration groups together the closest elements, the second iteration groups together the second
couple of closest elements, the third iteration builds the part with the smaller radius, the choice is
between {z1,x2, x5}, {21, 24, x5}, {22, 3,24, x5}, the fourth iteration builds the last node or root.

The purpose of this algorithm is to group together the closest elements or parts at every iteration. The expected
consequence is that the neighborhood of one word is concentrated in one branch of that tree which contains exactly
2N — 1 =2xcard (D) — 1 nodes. We can also proove that any node n of this tree satisfies R (n) < R (s(n)) if s (n)
exists.

However, the main drawback of the algorithm 1 is its cost. If we suppose the cost of the distance can be
approximated by a constant ¢, we denote n as the dictionary size, the algorithm has a O (c n5) complexity. This
cost can be reduced. For example, from the iteration k to the next one, the list L keeps n — k — 1 nodes unchanged
and this remark allows us to compute the center and the radius for only one new node at each iteration. In the
same way, it is possible to keep for every node the best neighbor which is included in L, it does not change unless it
is one the two nodes which has been merged at the previous iteration or unless the new node is a better candidate.
Finally, the approximative cost of Algorithm 1 is O (c n3).

Nevertheless, for dictionaries of several thousands words, Algorithm 1 still lasts several hours. A faster way
consists in using a version of the k-means algorithm to divide the dictionary into k smaller parts. This step
minimizes the sum of the radius of the k£ parts. Then, Algorithm 1 is applied on every of them, it builds &

sub-dendograms which are also grouped together by Algorithm 1. This method has approximatively a O (k [%]3>

complexity and it can be applied to large dictionaries in a reasonable time.

4. Optimization of neighorhood search

This optimization uses the graph built with Algorithm 1. Every node of it defines a part described by a center
and a radius. The problem to solve here consists in finding, for one element m, the list of neighbors included in
the subset D = (y1,...,yn) for which the distance to x is below a given threshold s > 0. Let P C F be a part
whose center is C' (P) and whose radius is R (P), the optimization is based on the triangular inequality verified by
any distance:

d(m,C(P))>s+R(P) = VYweP, dm,w)>s (6)
d(m,C(P))+ R(P)<s = VYweP, dim,w)<s (7)

Therefore, we deduce of (6) that m has no neighbor inside the part P if the first inequality is verified. We also



deduce of (7) that every element of P is part of the neighborhood of m if the second inequality is verified. In both
cases, there is no need to compute the distances between the word m and any element of P. These observations
leads to the following algorithm:

Algorithm 2 Let r be the root of the graph A obtained by the algorithm 1. N is a node set and B is the list of
elements w € D wverifying d (w,m) < s.

initialisation:

N+——7rand B+— 1

step 1:

let n € N and p the part defined by n

n is removed from N : N «— N — {n} and

if d(m,C (p)) < s+ R(p) then
if p={w € D} then B+«— BU{w}
else N «—— N U{p1 (n),p2(n)} where {p1(n),p1(n)} are the two predecessors of n
else if d(m,C (p)) + R (p) < s then
| B+«—— BUp

step 2:
if N # 0, return to step 1

The list B produces all the neighbors of m. During the first step of Algorithm 2, it is necessary to compute
many distances between the element m and some centers. These centers belong to the subset D and several parts
may have the same center if they include each other. As a result, it could be useful to keep the distances in
memory once they are computed. This also means that this optimization cannot involve more than n distance
computations if D has n elements. Vectorial spaces allow more precise expression of the average cost of such an
algorithm (see [2]). Otherwise, in any metric space, [7] gives the cost of the search for the nearest neighbor.

5. Experimental result

Several experiences measured the improvments due to the method which was presented in the previous sections.
All use a recognition system which takes an image such as the one which is shown in Figure 1 and which returns a
probability for every word in the dictionary. This system is a combination between Hidden Markovs Models and
Neural Networks (see [3]). It was trained on a database of 38000 French first names and all the results given in the
following tables are estimated on a test database of 12000 first names. Without any speed optimization, Table 1
shows the performances of this system for two dictionaries, the first one contains 2100 words, the second one 11000
words.

dictionary recognition reading rate processing
size rate for 1% substitution time
2100 91.9 % 72.9 % 101 ms
11000 83.8 % 46.9 % 244 ms

Table 1. Performance of the recognition system. For the first dictionary, the reading rate for 1%
substitution is 72.9 %, it means than the system can process 72.9 % of the test database with less

than 1% of errors. The time is not linear with the number of words in the dictionary because the
emission probabilities are factorised (see [9]), t ~ 0.015n + 70 ms where t is the average time per
document and n the dictionary size. This measures was obtained on a Pentium IV 1 GHz.

Table 1 presents two scores, the first one - recognition rate - counts the number of times the answer of the
recognition system is the correct one whatever its probability. The second rate - reading rate for 1% substitution -
counts the number of times the answer is the correct one when its probability is over a threshold chosen to have less
than 1% of errors. The purpose of the next experience is to show the evolutions of these rates and the processing



time. Using the speed optimization system, the average time spent per document can be decomposed the following
way:

tdoc ~ Cdico + Nnn (5) tword + Cviterbi + Cnn + Ndz’st (5) tdist (8)

recognition time optimization time

parameter | meaning estimated value

Clico recognition constant, see the caption of Table 1 70 ms

Npn (s) average size of the neighborhood, function of s

tword average recognition time per word of the dictionary 0.015 ms

Clyiterbi average time for the Viterbi’s algorithm used to find 0.01 ms
the most probable sequence of letters

Chn constant of the neighborhood search 1.8 ms

Nayist (s) average number of computed edit distances, function of s

0.004 ms

tdist average time to compute an edit distance

Equation (3) delayed the choice of the threshold s which determines the size of the neighorhood. For some values
of s, Table 2 shows that the added time due to the optimization part is less than the reduction of the recognition
part. For this experience and if s is equal to 4, the optimized system can recognize a word with eight milliseconds
less and a loss of performance which is insignificant.

. average average number
recognition reading rate size of the of computed time (ms)
for 1% . -
s rate substitution neighborhood edit distances tdoc
Npn (5) Ngist (S)
0 38.0 % - 0.4 281 83
1 59.6 % 53.8 % 2.0 508 84
2 78.3 % 65.8 % 11.0 836 86
3 87.1 % 70.8 % 63.3 1227 88
4 90.6 % 72.3 % 266.6 1587 93
) 91.7 % 72.9 % 707.1 1792 101
6 91.8 % 72.9 % 1241.1 1753 110
7 91.9 % 72.9 % 1724.4 1490 116
Table 2. Loss of performance and speed optimization for several values of the threshold s (see

Equation (3)) when the dictionary contains 2178 words. The best value for s seems to be 4, the
system is about 8 ms faster than the version without speed optimization and the reading rate loses
only 0.6 points.

With the dictionary of 11000 words, the best value for s is 3, the reading rate loses 1.6% (see Table 3) and the
processing time per document is divided by two. For bigger dictionaries, the speed optimization works better but
the main drawback of the method remains the building of the tree. For 2100 words, the tree is built in ten minutes,
and for 11000 words, in two hours.

The recognition part and the other one which processes the search for the neighborhood are independant.
Consequently, the second part have been replaced by another algorithm called LAESA (Linear Approximating
Eliminating Search Algorithm, see [15]). Instead of a tree, this algorithm needs to keep in memory many edition
distances between the whole dictionary and a subset called the pivots which are randomly chosen. They play the
same role as the nodes of the tree which was previoulsy used. Table 4 shows the results obtained for the dictionary
with 2100 words. The recognition and the reading rates are the same, the neighborhood size and the processing
time only change.

According to Table 4, the association of Algorithms 1 and 2 gives better results than Algorithm LAESA.
Furthermore, the tree built by Algorithm 1 contains only 2N +1 nodes (N is the dictionary size) whereas Algorithm



. reading rate average average number
5 recii?;tlon for 1% size of the of computed time (ms)
substitution neighborhood edit distances

2 71.8 % 40.1 % 36 4045 111

3 79.7 % 44.6 % 281 6366 127

4 82.9 % 45.7 % 1305 8398 154
Table 3. Loss of performance and speed optimization for several values of the threshold s (see
Equation (3)) when the dictionary contains 11000 words. The best value for s seems to be 3, the

system is about two times faster than the version without speed optimization and the reading rate
loses 1.6 points.

LAESA LAESA LAE_SA LAESA
10 pivots . 500 pivots .
10 pivots 500 pivots
s average number of time (ms) average number of time (ms)
computed edit distances computed edit distances
2 878 103 83 78
3 1400 131 345 107
4 1770 155 886 190
) 1941 172 1321 287
6 1950 180 1397 318

Table 4. Time reduction obtained with the LAESA algorithm and 10 or 500 pivots. Compare to Table 2,
the number of computed edit distances is higher for 10 pivots and lower for 500 pivots. However, in
both cases, the processing time is worst because, at every iteration, the algorithm AESA needs to
update arrays whose dimensions are proportional to the dictionary size and the number of pivots.
Compare to the cost of the edit distance, this step is significant.

LAESA needs to memorise the results of many edit distances between the dictionary and the pivots. However,
the search for the neighborhood with LAESA needs less distance computations than Algorithm 2. This remark
suggests the method could be improved if both algorithms were associated. Moreover, it could be interesting to
study the behavior of Algorithm LAESA if its pivots were picked in the hierarchy built by Algorithm 1.

6. Conclusion

This article presents a way to reduce the computation time in order to recognize a word among a dictionary.
Instead of computing the recognition probabilities for every word in the dictionary, the system selects the most
interesting part of it which corresponds here to the neighborhood of the most probable sequence of letters. With
a insignificant loss of performance, it is possible to reduce the recognition time in a significant way for dictionaries
whose size is over few thousands of words. The search for neighborhood, based on a ascendant hierarchical classifi-
cation, gives encouraging results which can still be improved. That is our first direction of research. Furthermore,
the Levenstein’s edit distance does not make any difference between letters and the performance could certainly
be improved by modifying it to take into account the confusion made by the recognition models. Building such a
distance adapted to a recognition problem is our second direction of research.
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