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ABSTRACT

This paper describes a method to incorporate the

HMM output constraints in frame based hybrid
NN/HMM systems during training. While usu-
ally the NN parameters are adjusted to maximize
the cross-entropy between the frame target proba-
bilities and the network predictions assuming sta-
tistically independent outputs in time, in the ap-
proach described here the full likelihood of the ut-
terance(s) using also the HMM output constraints,
like for conventional HMM systems, is maximized.
This is achieved by maximizing the state occupa-
tion probabilities after a forward/backward pass
using the scaled likelihoods coming from the net-
work. Making a simplifying approximation for
the derivative for the back-propagation through
the forward/backward pass, tests show that the
proposed method gives consistently higher string
(phoneme) recognition rates than the conventional
approach that aims at maximizing cross-entropy
at the frame level.

1. INTRODUCTION

Hybrid NN/HMM systems [1, 2, 3] have become
more and more recognized as serious speech recog-
nition systems next to their conventional continu-
ous density (CD) HMM counterparts. They have
a number of advantages including discriminative
training at the frame level, easy incorporation of
wide input windows to relax the frame indepen-
dence assumption used in conventional HMM sys-
tems, they give rise to fast search algorithms be-
cause the use of the posterior probabilities com-
ing from the network allows early pruning, and
the system architecture is in general a lot simpler
and contains usually around a magnitude less pa-
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rameters than comparable conventional CD-HMM
systems.

During recognition, a frame-based hybrid
NN/HMM system is usually used like shown in
Fig.1. A rough recipe for its usage is: The
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Figure 1. Usage of a hybrid NN/HMM system dur-
ing recognition

acoustic features of an utterance are fed into the
first module (a NN), that estimates frame poste-
rior probabilities P(phone class|input frame) as-
suming neighboring data pairs (in time) to be
independent. The posteriors are fed through
a second module to give scaled likelihoods
C - P(input frame|phone class), which is usually
achieved by dividing through the frame prior prob-
ability estimated from the training data. The
formulae below give a justification for this pro-
cedure. The third module finally uses HMMs
with a given structure and transition probabil-
ities estimated from the training data and the
observation likelihoods from the second mod-
ule to run a search to give the output frame
sequence with the highest wutterance likelihood
P(all input|phoneme sequence), which may be
converted to a word output sequence. Note that



the last step is the same as in conventional HMM
systems - it involves maximization of the utterance
likelihood for the phoneme sequence, which is not
necessarily the same as minimizing the word error
rate being the quantity of interest. In practice al-
though, these two quantities seem to be strongly
correlated, which justifies this approach.

Writing down Fig.1l in mathematical terms: As-
suming an observed acoustic feature vector se-
quence X = x! = {x1,x2,,...,x7} of length T
and a possible frame class sequence C' = ¢f =
{¢1,¢9,... e}, then the likelihood plus transition
and language model probabilities (for modeling
with mono-phones, 1-state HMMs per phone and
a bigram language model):
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using p(yle) = plely)p(y)/p(z) and p(e,y) =
plyle)p(e).

P(c¢|x¢) corresponds to module 1, the division
through the class prior P(¢;) to module 2, and
P(c¢|ei—1) to the transitions of module 3 in Fig.1,
respectively.

Despite a lot of favorable features, state-of-the-
art NN systems don’t reach yet the word recogni-
tion performance conventional CD-HMM systems
achieve. One reason for that might be, that the
training procedure doesn’t really pair with the
recognition procedure like shown in Fig.2.

In current systems the parameters of the first
module are adjusted to maximize some objec-
tive function (usually the cross-entropy between
the frame target probabilities and the NN predic-

tions) without considering the constraints implied
by module 2 and 3, although during recognition
the maximum posterior probability for the utter-
ance is seeked. This is definitely a mismatch. The
optimal solution would be to estimate all param-
eters in the three modules with respect to the ut-
terance posterior like shown on the right hand side
of Fig.2. In this paper a first attempt is made to
adjust only the parameters of the NN after a (sim-
plified) back-propagation of the errors through all
three modules with respect to the state occupation
probabilities after the third module.
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Figure 2. Current, proposed and optimal training
procedure for the parameters in frame-based hybrid
NN/HMM systems

2. APPROACH

Assuming adjustable parameters (weights) w
only in the NN (although module 2 and 3
also contain parameters), the derivative of the
full log likelihood for one observation sequence
O = {o1,09,...,01} of length T after the
forward/backward algorithm [4] for N states
(phoneme classes with prior probability Pr(j))
with respect to the n-th weight w,, is:
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Pr(jlot) stands for the prediction from the net-
work for phoneme class j given the input oy. Be-
cause implementation of this correct derivativeis a
bit complicated the following simplifying approxi-
mation was made:



The outputs of the network trained in the con-
ventional way to minimize cross-entropy can be
viewed as a crude approximation for the state oc-
cupation probabilities. Let’s assume the outputs
of the neural network produce already the correct
state occupation probabilities, which is in reality
of course not the case, since output constraints
are not taken into account at this stage. Then the
derivatives through the last two modules simplify
to the constant one. A possible training procedure
is then:

1. Perform a (NN) forward pass through modules
1,2,3 to calculate the current state observation
probabilities.

2. Replace the network outputs by the state oc-
cupation probabilities using the (crude) ap-
proximation that the back-propagated deriva-
tive through module 2 and 3 is one.

3. Perform a (NN) backward pass through mod-
ule 1 (a regular back-propagation backward
pass through a NN) and adjust the parame-
ters in module 1.

To calculate the (NN) forward pass through
module 3 in step 1 it is necessary to perform a
full (HMM) forward/backward pass, which can be
computationally expensive. Several fast approxi-
mations to a full (HMM) forward/backward pass
are possible and were also tested here:

1. Viterbi:

Instead of the sum over all states in the for-
ward pass of the (HMM) forward/backward
pass the maximum is taken and back-trace
information to this state with the highest
probability is stored. The backward pass of
the (HMM) forward/backward pass involves
then only the back-trace through the states.
All output (state occupation) probabilities are
therefore either zero or one.

2. max.forward:
Instead of the sum in the forward pass of the
(HMM) forward/backward pass the maximum
is taken. No (HMM) backward pass informa-
tion is used. To use this simplified forward
probability only is obviously not very useful,
but it can be used as one part of approximat-
ing the full forward/backward probability (see
max.lin merge and max.log merge below).

3. max.backward:

The same as max.forward, but in oppo-
site time direction. A forward pass of the
(HMM) forward/backward pass is performed
starting from the last frame of the utterance.
This involves a from the regular forward pass
different transition matrix, since in general

P(Ct|Ct_1) # P(Ct_1|Ct).
4. max.lin merge:

The probabilities of max.forward and
max.backward are merged in the linear do-
main (linear opinion pooling, [6]).

Pnew = 1/2 . (pforward + pbackward)

5. max.log merge:

The probabilities of max.forward and
max.backward are merged in the log do-
main:

Prew = el/2:(og(pforwara)tlog(prackward))
the correct way of merging probabilities if they
are statistically independent (logarithmic or
independent opinion pooling, [6]). After merg-
ing they are normalized so output probabilities
over all possible states at any time point sum
up to one.

3. EXPERIMENTS & RESULTS

Experiments were performed on a small part (first
100 training sentences) of the TIMIT phoneme
database. As features 14 MFCCs plus log-energy
and corresponding deltas were taken, making it
30-dimensional input vectors. The output vec-
tor dimension was 61 corresponding to the num-
ber of phonemes of the TIMIT database. Two
NNs (3491 weights) were trained to compare the
current training method (first row) and the pro-
posed method (other rows) for Viterbi and full for-
ward /backward decoding (Tab.1). The NNs were
bidirectional recurrent NNs ([5]) with eight for-
ward and eight backward states. As objective
function the cross-entropy between the network
outputs after the HMM layer (which are inter-
preted as state occupation probabilities) and the
target probabilities was taken. Tab.l shows the
frame-to-frame and string recognition results for
the training data. As can be seen, for the networks



used here the results for the training with incor-
poration of the HMM output constraints is better
than neglecting them. The one exception is, when
for the training procedure a Viterbi approxima-
tion (all output state occupation probabilities are
forced to one or zero) is made.

TRAINING | FRAME (%) | STRING (%)
REC-RATE | REC-RATE
without HMM | 62.5 (62.5 58.7 (56.4

) )
full for/back 71.2 (74.5) 67.6 (68.2)
Viterbi 52.5 (53.0) | 48.7 (27.3)
max. forward 59.1 (59.4) 60.7 (56.5)
max. backward | 59.8 (62.1) 59.9 (57.1)
max. lin merge | 69.6 (70.1) 67.0 (63.6)
(71.0) (64.8)

max. log merge | 71.1 (71.0

67.7 (64.8

Table 1. Comparison of different training meth-
ods using the Viterbi algorithm (or the full for-
ward/backward algorithm in brackets) during de-
coding. In all cases 1-state mono-phone HMMs
with transitions estimated from the training data
were used.

All approximations to the full (HMM) for-
ward /backward pass were in these experiments
(since the networks are relatively small) con-
siderably faster than the full (HMM) for-
ward /backward pass. Tab.2 shows the normalized
training time for the different approximations.

TRAINING TIME
without HMM 1.0
full for/back 8.8

Viterbi 1.3
max. forward 1.3
max. backward 1.3
max. lin merge 1.7
max. log merge 1.7

Table 2. Normalized training time. The last
four approximations to the full (HMM) for-
ward/backward pass are not much slower than the
simple Viterbi approximation.

4. DISCUSSION

This paper makes a first attempt to include
all output constraints in a hybrid NN/HMM
system during training, which leads for small
amounts of data and small networks to consid-
erably higher string recognition rates or in turn

to models with less parameters for achieving the
same string recognition rates. Future work will
clarify whether this increase in training complex-
ity is useful for large (real-world) amounts of data.
This paper also evaluates in the same framework
some unconventional fast approximations to a
full (HMM) forward /backward pass, which ranked
in performance between the worst approximation
(Viterbi) and the original full forward/backward
pass. These unconventional approximations were
almost as fast as a simple Viterbi approximation.
Like all ML methods it is questionable whether
an increase in likelihood on the training data has
the same effect on unseen test data. This is a
different problem and is not addressed here.
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