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ABSTRACT

In this paper, we describe the incorporation of context-
dependent models in hybrid Segment-Based/Neural Net-
work speech recognition systems. We present alternative
probabilistic frameworks and evaluate them by performing
speaker-independent phone recognition experiments on the
TIMIT corpus. We compare their recognition performances
with that of a context-independent hybrid SB/NN system
and with the best published performances on this task.

1. INTRODUCTION

Modeling of subword units in context is a standard
technique which increases performance of state-of-the-art
HMM recognizers significantly. Relatively simple context-
independent hybrid HMM/NN systems were reported to
be competitive with more complex context-dependent
mixture-of-Gaussians systems [1], but it was shown that
such hybrid frame-based systems also benefit from context-
modeling [2, 3]. Similarly, it was shown that context-
dependent modeling boosts the performance of segment-
based (SB) system [4, 5] as well as of hybrid SB/NN sys-
tems [6, 7).

Apparently, these context-dependent models can be in-

corporated in hybrid SB/NN systems in many different ways.

More specifically, several alternative probabilistic frame-
works can be derived depending on the independency as-
sumptions that are introduced to make the probability es-
timation feasible. Our goal is to compare the recognition
performances of several of these context-dependent hybrid
SB/NN frameworks among themselves and relative to the
performance of a context-independent hybrid SB/NN sys-
tem. In order to allow a comparison with other (non-
hybrid and/or non-segment-based) recognizers, we report
the recognition performances on the well-established phone
recognition task on the TIMIT corpus.

2. PROBABILISTIC FRAMEWORKS

Phone recognition can be described as a search for the most
likely sequence of phones u, given the sequence x of acous-
tic vectors. In segment-based recognizers, variable length
segments of the speech signal are mapped to the phones.
If the ** phone u; ends in frame s;, the segmentation is
uniquely specified by the sequence s = so, 51, ...84, .-, SL(w),
where L(u) is the number of phones in u. The recognition
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process can then be formally described as a search for:

@4 = argmaxZPr(g, s|x) (1)

The most straightforward probabilistic framework is ob-
tained by writing the joint probability Pr(u,s|x) as the
product of a segmentation probability Pr(s|x) and a unit
classification probability Pr(u|s,x) [8]. In [9], we have de-
scribed the advantages of this decomposition. As we can
never hope to estimate the probabilities of these complete
sequences in one piece, we must write them as products
of the probabilities of their components. Furthermore, we
have to introduce approximations to make the estimation
feasible. E.g. if context-independent segment and unit clas-
sification models are used, Pr(u, s|x) is approximated as:

L(u)
H Pr(si|si—1, Yi; As)Pr(ui|si, si—1, Zi; Au) (2)

i=1

where A; and A, denote the parameters of the segment
model and the unit classification model respectively. This
notation makes explicit that it are probability estimates,
made by a certain model, rather than true probabilities.
In our hybrid SB/NN system, both probabilities are esti-
mated by Multi-Layer Perceptrons (MLP’s), and the A's
simply denote the weights of the respective MLP’s. Y;(x)
and Z;(x) represent segmental feature vectors. A segmental
feature vector is the result of a transformation f(x,s;_1, s;)
of the acoustic vector sequence x with the purpose of de-
scribing the variable length segment ]s;_1, s;] in its acoustic
context. The latter means that the transformation can take
acoustic vectors x from outside the segment ]s;_1, s;] into
account. Note that this is allowed since the whole sequence
X occurs in the conditioning parts of equation 1. In sec-
tion 4, we will present some details of this neural modeling.
In case a left-phonetic context dependent unit classifi-
cation model is used, Pr(u, s|x) is approximated as:

L(u)
H Pr(si|si—1, Yi; As)Pr(ui|ui—t, 85, 8i-1, Zi; Ac)  (3)

i=1

where A; denotes the parameters of the context-dependent
model.

The probabilistic frameworks specified by equation 2
and equation 3 both have the same drawback: they do not
allow the explicit use of a language model A;, or, in other
words: they implicitly use the “language model” that the
unit classification MLP’s have learned from the training cor-
pus: in case of the CI models this is the unigram language



model on the phone level and in case of the left-context de-
pendent models this is the bigram language model on the
phone level.

In order to allow the explicit use of a language model
(which is particularly useful for word recognition, but, as
we will soon see, also for phone recognition), equation 1 is
usually rewritten as:

XIU)

4= argmax Z P'r(u)

This approach is also used in non-hybrid segment-based sys-
tems, in which case Pr(u) is modeled by an explicit lan-
guage model Pr(u|A;), whereas P(s, x|u) is modeled by the
“acoustical” model P(s, x|u; A;). The denominator P(x) is
usually ignored during decoding since it is independent of
u and s, resulting in:

4 = argumax Pr(u|A) Z P(s, x|u; Aa) (5)

In order to derive a framework that is suited for mod-
els that estimate posterior probabilities (such as MLP’s)
equation 5 can be rewritten using Bayes’ law as:

Pr(s|x; Xa) Pr(uls, x; Aa)
Pr(aie) (©)

@ = argmax Pr(u|A;) Z

where P(x|Aa) has been ignored for the same reasons as
P(x) above.

Again, modeling assumptions are necessary in order to
make the estimation of these probabilities feasible. E.g. in
case context-independent acoustical models are used, the
recognition process is a search for:

L(w)

@ = argmaxz H Pr(ui|ui—1,..,u1, A1)
L s =1

Pr(ui|si, si—1, %i; Aa)
P’I‘(’U«i|)\u) (7)

-Pr(si|si—1, Y55 A5)

This is the probabilistic framework that we have used
in our Context-Independent Discriminative Stochastic Seg-
ment Model (DSSM) hybrid SB/NN system [9, 10] with a
language model that is an interpolation between the uni-
gram and bigram language model on the phone level:

L(w)
Pr(u|h) = H aPr(ui|lui—1; M) + (1 — a)Pr(ui|lA) (8)

i=1

In the remainder of this paper, we will refer to this lan-
guage model as “a-bigram”. If @ = 1, it reduces to a bi-
gram language model, and if a = 0, equation 7 reduces to
equation 2, at least if the unit classification model has well
learned the unigram probability from the training corpus,
ie. Pr(uilAw) = Pr(ui|A;). This probabilistic framework
is familiar with the one used in the Segmental Neural Net
(SNN) system [7]. However, in the latter the segmentation
probability is not incorporated explicitly. Instead, the SNN
is trained with a so called N-Best training procedure. In [9],

we show that this N-best training procedure has a similar
functionality as the segmentation probability.

In [6], a different probabilistic framework for incorpo-
rating context in hybrid SB/NN systems is presented. In
that paper, the framework is derived for word recognition.
However, phone recognition can be considered as a special
case of word recognition, where the “words” w to recognize
are nothing else than the phones u. Therefore, using the
substitution Pr(w) — Pr(u|A.), equation (5) in [6] can be
written as:

4 argmax P"‘(UP\L)Z H PT(;:("SYJX i) (9)

§>

where «; represents a triphone consisting of (ui_l,ui, ui+1)
and S; represents a phonetic segment (in [6], the segmenta-
tion is represented as a sequence of phonetic segments).

In the following, we will translate equation 9 to our
notation with the purpose of comparing it with the frame-
works derived above. As we represent the segmentation
as a sequence of phonetic boundaries, S; is translated as
(si_l, si). Furthermore, we generalize equation 9 in order
to represent an arbitrary context model by writing the tri-
phone as (ui, c;), with context ¢; = (wi—1, wit1).

L(w)
. Pr(u;, ci, si,8i-1|X;
Ezargmaxzpr(gp\l)n ( B c)l| ) (10)
u - oy i, C1

if ¢; = @),

If context-independent models are used (i.e.
equation 10 reduces to:

L(w)

@ = argmax Pr(u|A;) Z H Pr(s;i—1]Xs; As)

Pr(u;|si, si—1, X;
Pr(ui|As)

where Ay denotes the parameters of the boundary model (in
our system the weights of an MLP estimating Pr(s;—1|X;).
Note that the only difference between equation 11 and
equation 7 is the presence of the boundary probability esti-
mate Pr(s;—1]|Xy; As).
Similarly, if diphone models are used (i.e. ¢; = ui_1),
equation 10 reduces to:

-Pr(si|si—1, Xi; As) Au) (11)

L(u)

@ = argmax Pr(u|A;) Z H Pr(s;i—1]Xs; Ap)
u s i=1

Pr(ui—i|si, i1, Xi; Au)
P"'(ui—l |Au)
Pr(ui|ui—1, si,5i—1, Xi; Ac)
. 12
Pr(uilui—1; Ac) (12

As we have not yet trained an MLP in order to estimate
the probability Pr(u;_1|s:, si—1, Xyi; Au), we were not able
to implement equation 12 completely. However, assum-
ing that the phonetic identity of the previous phone u;_:
can not be learned from the acoustic observations X; and
the duration d; = s; — s;—1 of the present segment 3 (i.e.
assuming Pr(ui—1|ss, 8i—1, Xi; Au) = Pr(ui—1]|Au), and us-
ing a bigram language model Pr(u|Ay) = Pr(ui|ui—1;Ac),
equation 12 reduces to equation 3 except for the additional

boundary probability Pr(s;_1|Xi; As).

-Pr(si|si—1, Xi;As)




3. THE DSSM RECOGNITION SYSTEM

The various probabilistic frameworks presented in the pre-
vious section (equations 2,3,7, 11, and 12) are evaluated in
our DSSM system [10, 9]. This system incorporates an audi-
tory model front-end, a presegmentation algorithm, Multi-
Layer Perceptrons (MLP’s) for the computation of bound-
ary, segment and (context-independent or -dependent) unit
probabilities, a lexical network, and a search and decision
module. The search can be either a full forward search (for
phone recognition, this implies effectively summing over s
in the previous equations) or alternatively a Viterbi search
in which the sum is replaced by a maximum operator.

4. NEURAL MODELING

All posterior probabilities are estimated by fully connected
MLP’s 2-layer MLP’s with sigmoidal activation functions.
They are trained by error backpropagation, using a least
mean squares cost function. The “correct” segmentation
and phone sequence was obtained from the manual annota-
tion that is supplied with the TIMIT corpus.

The context-independent posterior phone probability es-
timate Pr(ui|si, si—1, Zi; Ay) is the weighted average of the
corresponding outputs of three MLP’s with a total number
of 460900 weights:

3
Pr(ui|si, si—1, Zi; Au) = Zng’I‘(Ui|si, 8i-1, Zf; )\i) (13)

j=1

The optimal interpolation coefficients g; are obtained by
solving a linear matrix equation. Each of these so called
“unit” MLP’s has a different input vector, consisting of a
fixed length segmental feature vector Z! and the segment
duration d;. The segmental features are averages of acous-
tic vectors in sub-segments, selected acoustic vectors, cor-
relation coefficients and time derivatives of the acoustic pa-
rameters, maximal energy in the segment and voicing ev-
idence. More details about the segmental features can be
found in [9]. Each MLP has an output node for each of
the phones. These MLP’s are trained on all the phonetic
segments in the training corpus. The teaching outputs were
1 for the correct phone and 0 for all the other phones.

The probability estimate Pr(ui|ui—1,s:, 8i—1, Zi; Ac) is
estimated as a weighted average of the outputs of three
MLP’s with a total number of 508885 weights. Each MLP
has an output node for each of the phones and an input vec-
tor consisting of Z7 and d;, just like the corresponding unit
MLP. However, these left-context dependent unit MLP’s
have additionally a number of inputs (one for each phone)
specifying the phonetic identity of the left-context u;_1: the
context input corresponding to the left phone is 1 and all
other context inputs are 0. This one-of-n encoding results
in a higher classification accuracy than binary encoding.

The segment probability estimate Pr(s;|si—1, Yi;A,) is
a weighted average of the outputs of three so-called “seg-
ment” MLP’s with a total number of 13278 weights. The
input vectors consist of the segmental feature vectors Y7
and of d;. Each network has one output and is trained on
all segments that can be hypothesized during the recogni-
tion process and that start on a true phone boundary. The
latter is required because the previous phone boundary s;_1

occurs in the conditioning part. The teaching output is 1
for phonetic segments and 0 for all others.

The boundary probability estimate Pr(s;—1|Xi;As) is
the output of a “boundary” MLP with 2951 weights that
is trained on all the potential phone boundary locations in
the training corpus. The teaching output is 1 for locations
corresponding to a phone boundary, and 0 for all others.

5. EXPERIMENTS AND RESULTS

The experiments deal with phone recognition on the Ameri-
can English corpus TIMIT. Every 10ms, an acoustic param-
eter vector x consisting of an auditory spectrum, a voicing
evidence and a total energy is generated. The experimental
results reported here are for the 39 phones set defined in
[11]. All unit MLP’s were trained for these 39 phones, and
for the glottal stop. The language model was also specified
in terms of these 40 phones. For the evaluation, the glottal
stop was removed from both the recognized and the man-
uval phone sequence. Training was performed on the NIST
designated training corpus (3696 sentences), and testing on
the core test corpus (192 sentences). Some experiments
were repeated on the full test corpus (1344 sentences). Sys-
tem development was performed on a subset of the full test
corpus (320 sentences) that contains no sentences from the
core test corpus. The “sa” sentences were excluded from
the training, development and testing sets.

5.1. Comparison of probabilistic frameworks

Table 1 shows the total phone recognition error rates (TE)
(deletion -+ insertion 4+ substitution errors) of the proba-
bilistic frameworks derived above (using a Viterbi recogni-
tion search): It can be observed that the diphone segment

| Eqn. | Description core | full |

2 implicit unigram, CI SM 30.8 /
3 implicit bigram, Diphone SM | 30.5 | 29.9
7 a-bigram, CI SM 30.4 | 29.9
11 a-bigram, CI SM 30.8 /
12 bigram, Diphone SM 31.2 /
3+7 | (a)-bigram, CI4+Diphone SM | 29.8 | 29.4

Table 1: Total phone recognition error rates (TE) [%] on
the TIMIT core and full test set. CI = context-independent,
SM = segment model, Eqn. = equation number.

model (using equation 3) obtains about the same recog-
nition performance as the a-bigram context-independent
model, in spite of the fact that the diphone models obtain a
higher classification performance (79.3% correct) than the
context-independent models (77.5% correct) on the test set.
Possibly, the diphone models will be better capable of ex-
ploiting the increased modeling capacity that becomes avail-
able if the number of weights is further increased (for the
experiments reported here, we used about the same num-
ber of weights for both models). We intend to verify this
hypothesis in the near future.

Furthermore, using the same neural models, the proba-
bilistic frameworks derived from equation 10 yield a lower



recognition performance than those derived from equation 7.
This indicates that the boundary probability hurts the recog-
nition performance (remember that we were only able to
implement a reduced version of equation 12 in time).

The last line in the table shows the error rate for the
combination of the a-bigram CI segment model (equation 7)
with the implicit bigram CD segment model (equation 3).
The two systems are combined by linearly interpolating
their respective probability estimates. The improvement
of the recognition performance shows that the two systems
are to some extent complementary.

5.2. Comparison with published results

For comparing the best DSSM systems with the best pub-
lished results on the TIMIT core test corpus, we have used
a full forward rather than a Viterbi search, as this yields
a slightly higher recognition performance. The results are
presented in Table 2. No distinction is made between a-
bigram and true bigram, as it is not clear if interpolation
is used in the published systems. A direct comparison is

| Reference | Description | TE [%] |
[12] Bigram, CI STM 36.0
[12] Trigram, Triphone STM 30.5
[13] Bigram, Triphone CDHMM 30.9
[14] Bigram, CI 2nd order HMM 31.2
[1] Bigram, Recurrent Network 26.6
[15] Bigram, CI SM 35.9
[15 Bigram, Diphone SM 30.5
[5] Trigram, Diphone frame+SM 26.6
Eqn.7 Bigram, CI SM 30.3
Eqn.3 Bigram, Diphone SM 30.5
Eqn.3+47 Bigram, CI 4+ Diphone SM 29.7

Table 2: Published total phone recognition error rates (TE)
on the TIMIT core test set. CI = context-independent, SM
= segment model, Eqn. = equation number.

somewhat difficult due to differences regarding the com-
plexity of the acoustic and language models. Nevertheless,
we believe that our results are competitive with those ob-
tained by others.

6. CONCLUSION

We have evaluated different probabilistic frameworks that
allow the incorporation of context-dependent modeling in
hybrid Segment-Based/Neural Network speech recognition
systems. Even for the best frameworks, a diphone-based
system does not obtain a higher recognition performance
than a context-independent (CI) system that uses a bi-
gram language model, if the number of model parameters is
kept fixed. Nevertheless, the combination of the diphone-
and Cl-based system does yield a higher recognition per-
formance. We believe that our results are competitive with
those obtained by others.
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