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Abstract effort on handwriting recognition has primarily been in im-
proving recognition accuracy of such systems. The simple
To support large vocabulary handwriting recognition in  extension of these techniques used in this small-scale but
standard computer platforms, a fast algorithm for hidden complex problems to deal with large vocabularies is not ef-
Markov model alignment is necessary. To address this prob-ficient. While recognition rates as high as 90% are achieved
lem, we propose a non-heuristic fast decoding algorithm for vocabularies of hundreds of words, such an accuracy
which is based on hidden Markov model representation of drops to less than 80% for vocabularies of ten thousands of
characters. The decoding algorithm breaks up the compu-words [5, 6]. The negative effects are also observed on the
tation of word likelihoods into two levels: state level and recognition speed. While the recognition time is on the or-
character level. Given an observation sequence, the twoder of tens of seconds for small vocabularies, it increases to
level decoding enables the reuse of character likelihoods tofew minutes for very large vocabularies.

decode all words in the lexicon, avoiding repeated compu- | grder to be practically useful, large vocabulary hand-
tation of state sequences. In an 80,000—word recognitionyiting recognition systems have to be efficient in their
task, the proposed decoding algorithm is about 15 times ;sage of computational resources and deliver reasonable
faster than a conventional Viterbi algorithm, while main- yacognition accuracy as well. Therefore, there are two ba-
taining the same recognition accuracy. sic problems in large vocabulary handwriting recognition:
recognition speed and recognition accuracy. Recognition
speed is defined as the time required to recognize an input
1 Introduction word and recognition accuracy is defined as the percentage
of input words correctly recognized among all input words
Considerable progress has been made in handwritingprese”ted to the r_ecognizer. Hoyvever,_these _two aspects of
recognition over the last few years [10]. Many systems performance are in mutual cor_1fI|ct. I'F is relatively easy to
are already available, however they usually work on well— Improve recognition speed while trading away some accu-
defined application environments, such as ZIP code recogacy and vice versa.
nition [1, 7, 9] and bankcheck processing [3, 4, 8], where a  Speed concerns are related to the decoding algorithms
number of constraints can be imposed to facilitate the recog-as well as to the dimension of many parameters (vocabu-
nition task such as the restricted size of the vocabulary or thelary size, models, length of the feature vector, etc) [5]. Dy-
reduced number of classes [5, 6, 10]. Most of the researchnamic programming (DP) methods are the search strategies



used more often in small and medium vocabulary applica- observation symbo®, andIl = {;} is the initial state
tions. Although, calculating the probabilities in this manner distribution. Note that;; anda@%’ obey the stochastic con-
is computationally expensive, particularly with large mod- straint:

els or long observation sequences. Other search techniques

such as A*, beam search, and multi-pass have not been used N "

widely in handwriting recognition. Because they are faster, Z[“@ n Z ] =1

generally they are less accurate, providing sub—optimal so- R g *
lutions [5]. Most of the techniques that have been used are

based on pruning mechanisms that attempt to reduce the Considering a discrete symbol observation withsym-

number of word hypotheses prior to the recognition [5].  bols, a character HMM where the number of states is de-
The aim of this paper is to introduce a novel decoding noted asN, and a recognition vocabulary represented by

algorithm to speedup the recognition process while main- 3 lexicon£ which containsi” words in which the average

taining the recognition accuracy. The idea is to take into |ength isL characters, word models, denoted\asegarded
account the particularities of the architecture of the hidden as a “super—HMM” can be built by the concatenation’of

Markov models (HMM), feature extraction, segmentation syb—word HMMs, i.e.:
and lexicon—driven recognition to eliminate the repeated
computation steps and develop fast search strategies. A= M OMD...aND... 0N 2

This paper is organized as follows. Section 2 presents
the modeling of characters by hidden Markov models. Sec-  The goal of the training phase is to estimate the best pa-
tion 3 states the recognition problem and presents the fasfameter values of the character models, 4and A’ for all
two—level HMM decoding algorithm. Section 4 presents models), given a set of training examples and their associ-
the experimental results of using the proposed algorithm in ated word labels. Since the exact orthographic transcription
the recognition of unconstrained handwritten words consid- Of €ach training word image is available, the word model,

ering different sizes of vocabularies. The conclusions of the denoted as\, is made up of the concatenation of the appro-
paper are presented in the last section. priate character models (Equation 2), whetis the number

of characters that form a word. In such a scheme, the final
state of an HMM becomes the initial state of the next one,
and so on. A variant of the Baum-Welch algorithm is used

for training in which the segments produced by the segmen-
We assume that the front—end parameterization of thetation algorithm need not be manually labeled [2].

recognition system provides high—level features in the form

of a sequence of observations. After a preprocessing step .

a segmentation—recognition strategy is used to loosely seg—3 Recognition

ment (oversegmented) words into sub—word units (charac-

ters or pseudo—characters). These sub—word units are mod- The basic problem in large vocabulary handwriting

eled in a probabilistic framework by elementary HMMs. recognition is given a word to recognize represented by a

The sequence of segments obtained by the segmentatiog€duence of observations = (0102 ... or) whereT'is the

process is transformed into a sequence of symbols by conhumber of observations in the sequence, and a recognition

sidering two sets of features where the first feature set isvocabulary represented b corresponding td/” unique

based on global features, namely loops, ascenders, and devords, find the wordy € £ that best matches to the in-

scenders and the second feature set is based on the analyg¥it pattern. The standard approach is to assume a simple

of the bidimensional contour transition histogram of each Probabilistic model of handwriting production whereby a

segment in the horizontal and vertical directions [2]. There SPecified word,w, produces an observation sequenge

are also five segmentation features that try to reflect the wayWith probability P(w|of). The goal is then to decode the

segments are linked together. word, based on the observation sequence, so that the de-
We assume that observations are produced by transioded word has the maximuenposteriori (MAP) proba-

tions rather than by states. The character models use disPility i.e.:

crete HMMs where transitions with no output are also in-

corporated into the model. The compact notation is- W 3 P(iwlof) = max P(wloy) 3)

{A, A" 11}, whereA = {a; } is the probability distribution o . .

associated with transitions from stateo states; and atthe ~ The @ posterioriprobability of a wordw can be rewritten

same time producing observation symbpld’ = {a/T} is using Bayes' rule:

the probability distribution associated with null transitions o .

from states; to states; and at the same time producing null P(iloy) = max P(oy [w)P(w) 4)

i=1,2,...,N (1)

j=1 =

2 HMM Modeling



where P(w) is the prior probability of the word occurring, use. At the second level words are decoded but reusing the
which depends on the vocabulary used, and it is determinedikelihoods pre—computed at the first level. So, only the
by frequency counts in the training dataset. The way we character boundaries are decoded without the necessity of
computeP (ol |w) for large vocabularies is to build statis- going through the HMM states.

tical models for sub—word units (characters) in an HMM
framework, build up word models constrained to spellings
in a lexicon, and then evaluate the model probabilities via
standard concatenation methods. However, in HMM the The idea underneath the proposed search strategy lies in

3.1.1 First Level: Decoding of Character Models

T-length observation sequenag is connected to thé— avoiding repeated computation of state sequences of sub—
length character sequence via the state sequehcéhen word HMMs. Given a set of sub—word models =
we computeP (ol |cL) as follows. {AM, oo, Am, oo, A} where),,, models character classes

(letters, digits, and symbols) and a sequence of observations
of, at the first level we evaluate the matching betwegén

P(oT|ck) = 2 P(oT, sT|ch) and each\,,. To do that, we assume that each character
sT HMM has only one initial state (or entry state) and only
T ®) ; ;
B Z p I one final state (or exit state) and we compute the best state
T (01, st41]st,e1) sequences between initial and final states, considering one
] . S ) possible beginning frame at each time, which is denoted as
and applying the maximum approximation we obtain: b, for all possible ending frames, which are denoted:.as
T Furthermore, we store in an array the best state sequences
P(01T|CIL) _ m,%XHP(Ot’ 5t+1|3t701L) (6) and likelihoods of all pairs of beginning and ending frames

(b, e). The complete decoding algorithm for finding the best
state sequences of each character HMM is presented as fol-

51 4=1

However, theP(of'|cF) can also be computed as:

lows.
L T T 1. Initialization: for1 <6< T +1,7=1:
T L\ __ e _e
P(Ol |cl) _IHS?‘XEEEP(OIN‘Sb'CZ) (7) 5b(1) =1

R . wp(1) =0
V\{hgreP(ob, s¢|c;) corresponds to the I|k.eI|hood of each in- 8(j) = max [5b(i)a§ﬂ @)
dividual character mode} for each possible state sequence ' 1<i<N e
starting at a given initial statesf) and ending at a given ws () =arg max [5b(l)a§j]

1<i<N

final state §r) against each possible portion of the obser-
vation sequence delimited by a range of beginning obser- 5 Recursion: fob < ¢t < T + 1,L1<j<N:
vations1 < b < T and ending observations< e < T. o T

Figure 1 illustrates the decoding of a 3—state HMM and a 5,(5) = [6 (0) ot_l] ) [5 (i) 'ﬂ
7-observation sequence. o tW) = AR max [0 max [0
The main advantage of using Equation 7 instead of Equa-
tipn 6ina Iexicon_—driven word recognition_scheme is that arg max [5t(i)a§?] if 75 is null
given an observation sequence, character likelihoods canbe (j) = 1<i<N N ors i
computed once and reused further to compute the likeli- arg max [0—1(i)a;; '] otherwise
hoods of all words in a lexicon with no loss of optimal- 1sish
ity. This reusability of character likelihoods is very inter- PR
L ) ; . 1 iféjisnull
esting in the case of large vocabularies and brings about a G(j) = 0 otherwise
fast recognition scheme. 9)

. . 3. Termination: ifj = NV:
3.1 The Fast Two-Level Decoding Algorithm

e=1t
We have developed a novel algorithm that finds recur- x(b,e) = 6;(N) (10)
sively the P(of'|cf) by computing Equation 7 and which ¢ =N

is namedast two—level decoding algorith(RTLDA). This

algorithm breaks up the computation into two levels. Atthe 4. Path Backtracking: fot = e —1,e — 2,...,b, ¢ is
first level character HMMs are decoded considering eachdetermined recursively by:

possible entry and exit point and the result (best state se-

guences and likelihoods) is stored in an array for further q; = wir1(giy) (11)
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Figure 1. Decoding of a 3—state HMM for
hoods are x(1,3),x(1,4)...x(1,7).

T=7, b=1, e=3,4,...,7, s;=1, and sp=3. The resulting likeli-

However, a new variable that accounts for the presencethe initialization condition specifies that for the first char-

of null transitions, denoted ag is introduced. After com-
puting ¢; we have to check if the variablg indicates the
presence of a null transition, that i§,(¢;) = 1. In such
a case, without decreasing the time indey; is computed
as:

Gilgr) =1

Following the presence of a null transition during the
backtracking procedure, that{s,(¢;,,) = 1, the com-
putation ofg; is modified slightly as follows (now with a
decrease in the time index

= wi(qr) if (12)

Cri(gipy) =1 (13)

So, the best state sequence denoted(ase) will be
given by:

q = wi1(qpyq) f

e(bye) = (€24edi 19e—1 -+ G181 9)  (14)
So, for a given observation sequerdewe end up with

M arrays that keep the best likelihoogd&, e) and the best

state sequencesb, e). Doing that, the likelihoods of the

character models are totally independent of the context (the

acter of the word represented by the argayb, ) the only

valid entry point is ab = 1. Here we make use of the in-

dex! to denote the position of the character models within

a word, and now we can throw away the indeand keep

only the paths for which?t(l) is maximal. The complete

decoding algorithm for the second level is given as follows.
1. Initialization: forl1 < I < L,1 <t <T:

word within the character may appear) and may be reused

unrestrictedly to decode all words in a lexicon.

3.1.2 Second Level: Decoding of Word Models

Considering our primary problem, that is to find the word

x(1,t) ifl=1
St(l) = A .
max [5b(z — 1)x(b, t)} f2<i<L
1<b<T
1 ifl=1
2= argmax 30— Dx(b8)] H2<i<L
1<b<T
(15)
2. Termination: fol = L,t =T
P* =6p(L)
. - 16
¢*(L) = or(L) (19)
3. Character Backtracking: fdr— 1, L —2,...,1:
7 (1) = @g~41) (1) 17)
4. State Backtracking: fok — 1, L —2,...,1:
€L = E[T, q (L)] (18)

g =€g(l+1)—1,4()]

At the initialization step: (1) records the frame in

w € L that best matches with the sequence of observa-which the preceding character ended. To recover the char-
tionso!. Words are formed by the concatenation of single acter boundaries, we need to rely on the character output

character HMMs (Equation 2), but we no longer have ob-

backpointergj*(1) that records the time at which the pre-

servation sequences and character models but instead previous character ended and it is determined recursively at the

decoded character arrays(b, ) that hide the notion of ob-
servations and states.
The decoding of words is carried out from left to right

Step 3. Recall that the whole MAP state sequence for each
single character was stored in an aredy, e). So, to re-
cover the MAP state sequence we need the additional Step

and since words have well-defined initial and terminations, 4.



Table 1 shows the approximate computational complex- of the Viterbi algorithm is completely flawed on very—large
ity and storage requirements for the FTLDA and a conven- vocabulary tasks (80,000 words) since it needs more than 3
tional Viterbi algorithm. The main difference is that the minutes to recognize a single word.
first level of the FTLDA is independent of the lexicon, but There is a significant improvement in recognition time

it is repeated for each possible beginning and end frameg|5iive to the Viterbi implementation and speedup factors
and character models. A rough comparison of the compu-pepyeen 6.3 and 20.6 were achieved for the FTLDA with a
tational complexities shows that the FTLDA performs bet- |.vicon tree and between 7.0 and 15.9 for the FTLDA with
ter than a conventional Viterbi Qalgorlthm whan < N2 5 fiat lexicon. It is worth to notice that the FTLDA some-
However, at the second stagey LV can be reduced 10\ hat gverlaps the advantages of using a lexical tree instead
T(T = D)LV, whereD is an estimation of the duration of a flat lexicon. Moreover, even for small and medium—
of the character models, without loss of accuracy. size lexicons, the fast search strategy is advantageous. In
summary, there is a significant improvement in recognition
4 Experiments and Results time relative to the Viterbi implementation while preserving
exactly the same word recognition rates.

A database of 20,172 unconstrained handwritten words
extracted from postal envelopes was used to evaluate the
performance of the proposed decoding algorithm. A dataset5 Conclusion
of 12,023 unconstrained handwritten words was used to
train seventy—two HMMs corresponding to 26 uppercase
letters (A-Z), 26 lowercase letters (a—z), 10 digits (0-9)

and 8 special symbols. A validation set of 3,475 uncon- .,mpytational efficiency of large vocabulary handwriting
strained handwritten words was also used during the train-eognjtion. The main concern is that with a novel fast two—
ing procedure. A test set with 4,674 unconstrained hand-g,e| gecoding algorithm it is possible to speedup signifi-
written words was used for evaluation and comparison of ¢4ty the recognition process while maintaining the recog-
proposed decoding algorithm with a conventional Viterbi nsion accuracy. As a result, it is now possible to recog-
algorithm. A vocabulary with 85,092 city names was used pj;¢ \yriter—independent, unconstrained handwritten words

in all recognition experiments and dynamic lexicons with ;. raasonable time, using a very—large vocabulary with rel-
different sizes (10, 1,000, 10,000, 40,000, 80,000) were ran-;i e accuracy.

domly generated from this vocabulary. . . .
The criteria to evaluate the recognition accuracy is the . MProvements in recognition speed were achieved by us-

recognition rate while the recognition time, defined as the N9 the FTLDA which breaks up the computation of word
time in seconds required to recognize one word and mea-likelihoods into two levels: state level and character level.
sured in CPU—seconds was used as criteria to evaluate tha Nis enables the reuse of the character likelihoods to de-
recognition speed. The experiments were carried out on ac°d€ all words in the lexicon, avoiding repeated computa-
PC AMD Athlon 1.1GHz, 512MB of RAM memory and all tion of state sequences. The main results gch|eved by us-
results are averaged over the test set, 674 words and ten "9 the FTLDA is a 15 speedup factor relatively to a con-
runs for ten different lexicons which were generated ran- Ventional Viterbi algorithm for an 80,000-word vocabulary
domly. It is important to notice that the recognition time task. Good results were also achieved for_IeX|cons W|th
also depends on the software implementation. To ensure® Smaller number of words. Nevertheless in our experi-
a fair comparison, the implementations of all search algo- MeNts the high speedup achieved was due the segmenta-

rithms were kept as similar as possible, so they share man;}ion algorithm a}nd high—level features Which.have_produced
parts of code, including disk operations. short observgtlon sequences (30 observations in average)
Table 2 summarizes the word recognition rates obtained®"d HMMs with 10 states.

by using the two versions of the FTLDA, one with a flat lex- Although, the recognition times presented in this paper
icon (FlatLex) and other with a lexical tree (LexTree). This for the FTLDA might not meet the throughput requirements
table also presents the results for the conventional Viterbiof many practical applications since it still needs approxi-
algorithm with a flat lexicon. The bottom line is that there mately 15 seconds to recognize a single word in an 80,000—
is no difference in accuracy between the FTLDA and the word lexicon. However, the results are very encouraging
Viterbi implementation. However, these results were al- and hopefully, this work will stimulate other researchers to
ready expected because the FTLDA maintains the optimal-pursue interesting research into this subject since many ap-
ity in terms of maximum likelihood of the conventional plications require large vocabularies. In practice, the recog-
Viterbi algorithm. Table 2 also shows the recognition times nition times could be further reduced by using some code
for the 5 dynamically generated lexicons. The performance optimization and programming techniques.

This paper has focused on the problems relating to the



Table 1. Computational complexity and storage requirements for the FTLDA and Viterbi algorithm

Computational Storage
Algorithm Complexity Requirements
FTLDA T?N?M +T?LV 2T%N + 2MT*?
Viterbi TN2LV 2T N2LV

Table 2. Word recognition rates and recognition times for the
on a conventional Viterbi algorithm.

system based on the FTLDA and based

Recognition Time
Lexicon Recognition (sec/word)
Size (#) Rate (%) FTLDA LexTree FTLDA FlatLex Viterbi FlatLex
10 98.84 0.010 0.009 0.063
1,000 91.01 0.273 0.321 4.685
10,000 81.06 1.992 2.576 41.06
40,000 73.23 7.516 9.741 139.6
80,000 68.65 14.46 19.52 216.4
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