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ABSTRACT

In a hidden Markov model system, the initializa-
tion of the model parameters is critical to the per-
formance of the model after retraining. This pa-
per proposes a number of new approaches to the
problem of initialization, and demonstrates that
a method of smooth alignment results in the best
performance.

1. INTRODUCTION

Hidden Markov models (HMMs) have been used
effectively for modeling continuous speech data
[1, 2]. The rationale behind using them for mod-
eling handwritten data is the similarity between
continuous speech and on-line cursive handwrit-
ing recognition [5, 4, 6]. Figure 2 shows a simpli-
fied schema for parameter re-estimation with the
expectation-maximization (EM) algorithm. Pa-
rameters are initialized, and the resultant model
used to align data with a label. The alignment
can be used to estimate better parameters and the
procedure iterated, converging to a local optimum
[3]. Parameter initialization is an important is-
sue. Improperly initialized models lead to poor
alignments in the training phase, thus resulting in
bad estimates of the HMM parameters and con-
vergence to a local optimum significantly worse
than the global optimum. This paper describes
a number of new approaches to the initialization.
These approaches are applicable to any problem
that uses the above estimation framework.
Figure 1 shows a typical letter model. The
model consists of n states. Associated with each
of the states, s1,$2,..., Sy, is a set of three transi-
tions: null, next and self. The self and next transi-

tions result in the emission of an observation fea-
ture vector. The number of states m, the state
transition probabilities, p({self, next, null}|s;) and
the output probability distributions, p(z:|s;), as-
sumed tied across next and self transitions, com-
pletely specify the model [4].
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The HMMs use a mixture of shared Gaussian
distributions as output distributions. Instead of
estimating full covariance matrices we choose to
approximate them with diagonal matrices. The
parameters to be initialized are the means and
covariances of the distributions used to represent
the feature space, the mixture coefficients for each
state and the state transition probabilities. We



assume that all observations start at the left-most
state and end at the right-most state, so we do not
estimate an initial state distribution. The means
and covariances as well as the number of distrib-
utions are initialized by K-means clustering of all
the input frames. In the remainder of this paper,
we will assume that this yields sufficiently good
initial cluster estimates. Though the parameters
of the Gaussians are re-estimated, we concentrate
on the task of improving the estimates of the mix-
ture coeflicients for each state and the state tran-
sition probabilities.

2. INITIALIZATION TECHNIQUES

In some HMM systems it is possible to initialize
the parameters by hand-aligning the data to the
model, ¢.e. by manually associating each frame
with a state. This is easy to do if each state of
the HMM has a significance that can be readily
deduced from the observed data. In our system,
each state models part of a character and given the
large variability in instances of the character it is
hard to associate a data point with a state with
a high degree of certainty. Furthermore, different
instances of identical characters often result in dif-
ferent number of frames rendering hand alignment
difficult.

The initialization schemes that we will describe
fall into two broad categories. In the first, the
number of states in the model is fixed and observa-
tions of varying lengths are aligned to it. The dif-
ferences in the approaches lie in the method used
to choose this alignment. Given the alignments, it
is straightforward to estimate the necessary para-
meters. In the second category, multiple model
lengths are used to match the durations of the
observation sequences. Alignment is trivial but
the models need to be merged into one model rep-
resentative of all the observation sequences for a
character.

3. FIXED LENGTH INITIALIZATION

In all these methods the number of states in the
model is chosen to be the mode of the length of
the observations for that model.

3.1. Single-state replication

The mixture coefficients are identical for each state
and are obtained by training a degenerate mix-
ture model for each letter, consisting of a single
state. The transition probabilities are assumed to
be uniform i.e. the self, next and null transition
probabilities are initialized to 1/3. No alignment
is necessary since neither the mixture coefficients
nor the transition probabilities are re-estimated.

This method suffers from the following draw-
back: in aligning a character to a model during
retraining, the data likelihoods for all alignments
are equal, since the distributions are identical for
all states; the only distinction between alignments
is their duration probabilities. If the next transi-
tion is the most likely in each state, aligning m
frames to n states will put one frame in each state
if m = n. However, if m > n, the extra m — n
frames will be bunched in the first or final state
of the model, depending on the implementation of
the algorithm. Similarly, if m < n, the null transi-
tions will all occur at one end of the model. This
will produce poor models from which it is hard to
recover with further retraining.

3.2. Mode-length alignment

Only observation sequences that are of the same
length as the model are aligned. The alignment
is simply that which takes the next transition at
every frame. This alignment is used to calcu-
late a new estimate of the mixture coeflicients.
Since only next transitions are observed, we can-
not estimate the state transition probabilities and
they are chosen to be uniform, i.e. p(self|s;) =

p(next|s;) = p(null|s;) = $Vi.

3.3. Random alignment

Mode-length alignment solves the problem of
bunching, but at the cost of wasting much of the
data in the initial estimation. A solution to this
problem is to assign the frames of sequences of ar-
bitrary length evenly to the states of a fixed-length
model. Thus if there are m = n.c+ r frames, with
0 <r < mnand 0 < ¢, each state will be assigned
¢ frames, and the extra r frames are randomly as-



signed among the n states. The time ordering is of
course preserved, so the first state is assigned the
first c or ¢+ 1 frames, the second state the next c or
¢+ 1 and so on. This frame-state alignment gives
the positions of the self, next and null transitions,
and from their relative frequencies in each state,
we can estimate the state transition probabilities.

3.4. Smooth alignment

If we now consider the case where we repeatedly
align the data by the random alignment proce-
dure, sometimes a frame on a state boundary will
be assigned to one state, and some times to an-
other. This is equivalent to assigning a probabilis-
tic count to each frame — one for frames that are
consistently assigned to the same state, but less
than one for frames which can fall on either side of
a state boundary. We now show that it is possible
to calculate these probabilistic counts explicitly to
give a soft alignment by inspection, equivalent to
the limit of large numbers of repeated presenta-
tions to the random alignment algorithm.

Suppose that there are m frames to be fitted to
n states. Consider first the case n > m.

We assume that no self transitions will be taken,
so there must be » — m null transitions. The tran-
sition counts for self, next and null transitions are

incremented by 0,  and “=™ respectively.

Now consider the probabifity of frame j being in
state k. This requires there to have been 5 —1 non-
null transitions in the previous k — 1 states. There
are C]’?__ll ways of doing this, where C7 denotes the
combination #lm), Similarly there are C::L__’;
ways of putting the remaining m — 7 non-nulls in
the remaining n — k states. The total ways of
arranging m non-nulls in n states is C7, so

crt-ionk
p(7th frame in kth state) = 7]_1071"1_] ) (1)

Now, when n < m, the transition counts are
incremented by *=™, 1 and 0 respectively.

To calculate the frame-state correspondences,
we must calculate the number of ways of putting
m — n self transitions among a total of m transi-
tions, knowing that the last transition must be
a next. To put frame k in state j, we must

have k& — 7 selfs in the first £ — 1 transitions and
(m—mn)—(k—7) in the remaining m—k transitions.
We do not care what sort of transition the kth is
— self or next, the frame still goes to place 5. Note
thatm—-k+1—(m—-n—-k+j5)=(n—-7+1)so

m—k+1 _ m—k+1
O vy = Crir . Thus

k—1,vym—k
Ci,o; G

p(jth frame in kth state) = pr
n—1

(2)

This alignment gives us probabilistic frame-
state alignments in the manner of those generated
by the forward-backward algorithm. The counts
generated by the above method are used in the
conventional manner to estimate the parameters

of the model [1].

4. VARIABLE LENGTH
INITIALIZATION

This scheme uses several models of different
lengths to initialize the model for each character.
We start with a set of M HMMs for each char-
acter, where M is the number of different lengths
of observation sequences for that character. Each
observation sequence is aligned to the HMM of the
same length with a next transition being taken for
each frame. This is equivalent to the mode-length
alignment above. We model all the frames aligned
to a state as a Gaussian distribution whose mean
and covariance we estimate. This gives a set of
Nsum Gaussian distributions, where ng.y, is the to-
tal number of states in the M HMMs. We then
bottom-up cluster the ng ., Gaussians to r clus-
ters using a trace criterion and initialize the final
model as follows. For each state s in the HMM of
mode length, n, we find the cluster C; in which the
Gaussian distribution for that state lies. The mix-
ture coefficients for state s are then computed as
the weighted average of the mixture coefficients for
all the states whose Gaussians are in C,. The tran-
sition probabilities can be computed from the rel-
ative frequencies of the models of different lengths
— shorter models implying some null transitions,
and longer models implying self transitions.



5. RESULTS AND DISCUSSION

We present recognition results for a writer inde-
pendent system after initialization using the differ-
ent schemes discussed above. Table 5 shows word
error rates for the initial models without subse-
quent retraining. The size of the lexicon is 22,000
words. The recognizer was trained with 75,000
characters from approximately 100 writers. Sub-
jects were told to write in their natural style on
an LCD tablet on which the path of the pen was
displayed. The test set consisted of isolated words
written by authors not represented in the training
set. Since we were only interested in the character
models we did not use any language modeling.

Mode-length alignment does not do as well as
the other techniques. This can be explained by
the fact that much of the data is unused and be-
cause the transition probabilities are not trained.
Smooth alignment performs better than random
alignment, reducing the error rate by six percent.
Although they can be considered equivalent for
repeated presentations of data, smooth alignment
makes more efficient use of a single presentation.
The variable length initialization gives the next
best performance (two percent worse), and is more
computationally expensive, however it provides
some insight into changing the HMM topology, by
means of a mechanism to identify like states and
to merge models.

Detailed match
error rate (%)

Initialization
scheme
Fixed Length

Mode-length 25.2
Random 23.9
Smooth 22.6
Variable Length 23.1

Table 1: Error rates for models initialized by dif-
ferent methods on the same multi-writer data.
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