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ABSTRACT

One of the problems of the speaker-independent continuous speech
recognition systemsis their inability to cope with the inter-speaker
variability. When we find test speakers with different character-
istics from the ones presented in the training pool we observe a
large degradation on the system performance. To overcome this
problem speaker-adaptation techniques may be used to provide near
speaker-dependent accuracy. In this work we present a speaker-
adaptation technique applied to a hybrid HMM-MLP system for
large vocabulary, continuous speech recognition. This techniqueis
based on an architecture that employs atrainable Linear Input Net-
work (LIN) to map the speaker specific features input vectors to
the speaker-independent system. This speaker-adaptation technique
will beevaluatedin anincremental speaker-adaptationtask usingthe
Wall Street Journal (WSJ) database. Both supervised and unsuper-
vised modesareevaluated. Theresultsshow that speaker-adaptation
within the hybrid framework can substantially improve system per-
formance.

1. INTRODUCTION

Hybrid systems have been presented in the last two to three yearsas
an alternativeto Hidden Markov Models (HMMs) based systemsfor
large vocabulary, speaker-independent, continuous speech recogni-
tion. This hybrid approach combines the HMM with connectionist
models. The connectionist model acts as a phone probability esti-
mator and is used as the observation model within the HMM frame-
work. Thishybrid HMM-connectionist system brings some benefits
relative to HMM-only recognizersdue mainly to the fact that strong
assumptionsabout the input statistics and the functional form of the
observation density are not required [1].

One of the problems of the speaker-independent continuous speech
recognition systemsis their inability to cope with the inter-speaker
variability. These speaker-independent system are normally trained
on large speech databases. Their speaker-independencecamesfrom
the use of a large pool of speakers. When we find test speakers
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with different characteristics from the ones presented in the train-
ing pool we observe alarge degradation on the system performance.
The problem is more extreme for fast and/or non-native speakers.
This drawback is evidenced by the fact that speaker-dependent sys-
tems, typically have half the error rate of speaker-independent sys-
tems. However, the development of a speaker-dependent system
for each talker is normally impractical. Large amounts of speech
training data for each speaker may be unavailable or difficult to ac-
quire. In these cases, speaker-adaptation algorithms — starting from
a speaker-independent system and using a small amount of addi-
tional training data— may bridge the gap and provide near speaker-
dependent accuracy. In classical HMM based systems different
speaker-adaptation techniques have been used with sucess. Nor-
mally these techniquesare based on the adaptation of the parameters
of the speaker-independent system to maximizethelikelihood of the
adaptation data of the new speaker.

In this work we present a speaker-adaptation technique applied to
a hybrid HMM-MLP system. This technique is based on an ar-
chitecture that employs a trainable Linear Input Network (LIN) to
map the speaker specific features input vectors (typically PLP cep-
stral coefficients) to the Sl system. The LIN speaker-adaptation
technique will be evaluated in an incremental speaker-adaptation
task using the Wall Street Journal (WSJ) database. Both super-
vised and unsupervised modes are evaluated. The results show
that speaker-adaptation within the hybrid framework can substan-
tially improve system performance. The incremental unsupervised
speaker-adaptation mode affords the possibility of incorporation in
areal-time speaker-independent system without changing, from the
user point of view, the way in which this system works.

2. THEBASICHYBRID SYSTEM

In our work, we use a hybrid system where the connectionist ar-
chitecture is based on amultilayer perceptron (MLP), with asingle
hidden layer and incorporating local acoustic context via a multi-
frame input window [1]. Thishybrid approach combinesthe tempo-
ral modeling capabilitiesof HMMswith the pattern classificationca-
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pabilities of multilayer perceptrons. In this hybrid HMM-MLP sys-
tem, a Markov processis used to model the basic temporal nature
of the speech signal. The Markov processis determined in a hier-
archical fashion. The language model is a Markov process on the
words and the words are aMarkov process on the sub-unitsused, in
our case the phones. The MLP is used as the acoustic model within
theHMM framework. The ML P estimatescontext-independent pos-
terior phone probabilities to be used in the Markov process. This
makes use of the fact that ML Ps satisfying certain regularity condi-
tions provide class probability estimatesfor given input patterns[2].
Decoding in the hybrid framework is equivalent to classical HMM
decoding with the ML P modeling the observations.

In [3], this system and a similar one using a Recurrent Neural
Network (RNN) were evaluated on the RM corpus, in speaker-
independent mode. To see the last aplications and evaluations of a
RNN hybrid system to large vocabulary see [4].

3. SPEAKER-ADAPTATION IN AHYBRID
HMM-MLP SYSTEM

The speaker-adaptation technique presented here is based on an ar-
chitecture that employs a trainable Linear Input Network (LIN) to
map the speaker specific features input vectors (typically PLP cep-
stral coefficients) to the SI system.

In thistechnique, asrepresentedin Figure 1, we create alinear map-
ping to transform the complete input vector (the current feature vec-
tor with some frames of left and right context). During recognition,
thistransformed vector is used asthe input to the ML P component of
the hybrid Sl system (SI-MLP). To train the LIN for a new speaker,
theweights of the mapping areinitialized to anidentity matrix. This
guaranteesthat our initial point isthe SI model. The input is prop-
agated forward to the output layer of the SI-MLP. At that point, the
error is calculated and propagated backward through the SI-MLP. As
this systemis “frozen”, thereis no weight adaptation of the SI-MLP.
Adaptationis performed only in the weightsof thelinear input layer.

R
SI-MLP

system

Linear
Input
Network

Figure 1: A schematic representation of the Linear Input Network
(LIN).

Thistechniquewasfirst presented in [5] where evaluation and com-

parison of different architecturesfor speaker-adaptation in the con-
text of hybrid HMM-MLP and HMM-RNN systems were made.
Among the techniques presented the Linear Input Network showed
to have a better performance when compared to several other altre-
natives. These evaluation was made on the Resource Management
(RM) corpusin a static supervised speaker-adaptation task. In [5]
we showed that this technique achieved similar results as changing
all the parameters of the ML P if enough adaptation datais available.
However our goal is to adapt the system in a fast way to the new
speaker using as few data as possible. In that sensethe LIN tech-
niqueyieldsbetter results. Our techniqueshould not beseenjust asa
spectral mapping in theinput feature parametersbut asatransforma-
tion of the overall speaker-independent system, through the append-
ing of new parameters, maximizing the likelihood of the adaptation
data.

In [6] we extended this techniqueto a static unsupervised speaker-
adaptation task on the RM corpus. In this context, by “unsuper-
vised” we mean that there is no previous knowledge of the sen-
tences being used for adaptation. The data used for adaptation are
the first sentences pronounced by the speaker in his’her normal use
of the system. Onthecontrary, in supervised adaptationthereisprior
knowledge of the initial sentences. This means that each speaker
will haveto go through an initial enrollment phase, in which he/she
pronounces certain prescribed sentences. By “ static” we mean that
there is a separate training/adaptation set and a different test set
where we evaluate the adapted system.

In[7] the LIN technique was further extended to comprises evalua-
tion in an incremental unsupervised mode on the Wall Street Jour-
nal (WSJ) database. ”Incremental” means that the system is only
allowed to use any information it can extract from test data that it
has already recognized. In this situation there are no separate train-
ing/adaptation and test sets. The adaptation procedureis incremen-
tally applied over the test set itself.

In thiswork we had evaluated this technique in both supervised and
unsupervisedmodesin anincremental speaker-adaptationtask using
the WSJ database. In the“incremental supervised” modewe can use
the correct information after the fact. Thismeansthat we can usethe
correct sentence transcription but after the correspondent sentence
recognition.

The incremental unsupervised speaker-adaptation procedure is as
follows:

1 lete=1

N

pick agroup of 7' test sentencesfrom the speaker

3. recognizetheseT test sentenceswith the Sl system (this recog-
nition will be the one used for the recognition score)

4. use the recognition of the .17 sentences to make a Viterbi



alignment (this step generates the phone labels to assign to
each frame of the:.7" sentences)

5. adapt the Sl system as explained above (we use the backprop-
agation algorithm to minimize the classification error on the
adaptation sentences)

6. leti =4+ 1

7. pick a new group of 7' test adaptation sentences from the
speaker; if there are no more sentences, stop.

8. recognizethese new 1" sentences (this recognition will be the
one used for the recognition score)

9. recognizethe (« — 1).T" sentences (the sentences acumulated
so far) with the current system

10. goto 4.

The incremental supervised speaker-adaptation procedure follows
the same steps as in the incremental unsupervised mode except for
step 4. which must be re-write as:

4. usethe correct sentencestranscription for thes.7" sentencesto
make a Viterbi alignment (this step generatesthe phonelabels
to assign to each frame of the :.7" sentences)

Thisadaptation proceduregeneratesfor each new group of sentences
(in steps 3. and 8.) thefinal transcription of test sentences. These
transcriptions will be used to get the final score.

The incremental unsupervised speaker-adaptation mode affords the
possibility of incorporation in a real-time speaker-independent sys-
tem without changing, from the user point of view, theway in which
this system works (the system only needsto know when the speaker
changes).

4. EXPERIMENTAL RESULTS

The Linear Input Network technique was first developed and eval-
uated on the DARPA Resource Management (RM) corpus. In the
development phase we tested this technique in both supervised and
unsupervised static modes[6, 7]. In the present work this technique
was evaluated in anincremental speaker-adaptationtask on the Wall
Street Journal database. Both supervised and unsupervised modes
were evaluated. The task chosen was the Nov. 94 Spoke 4 task.
Next we will present the evaluation of the speaker-independent sys-
tem and the results of the LIN speaker-adaptation technique.

4.1. Evaluation of the speaker-independent
system

In previous works, with the RM database, we used athree layer full
connected ML P with 1,000 hidden layer units. Our present network

results from a scaled version of the RM network. Since the training
data had increased aproximatelly in afactor of four (from the RM to
the WSJ0-84) we had adjusted the hidden layer size by the samefac-
tor. Other point was the increasein the context window on the input
of theMLP. Beforewewereusing 7 frames (3 frames of left and right
context around the central frame) andin thisevaluationwe are using
a9 frames window. Each acoustic vector isformed by PLP-12 cep-
stral coefficientsand their first and second temporal derivatives. We
use the delta and delta delta energy but not the energy itself. There-
forethefeature vector hasatotal of 38 coefficents. Dueto theframes
of left and right context which are appended in the MLP input we
have atotal of 342 inputs. The resulting network has 4,000 hidden
units and 61 output context-independent phone classes (about 1.6
million weights). Obviously the increase in the number of param-
etersresultsin anincreasein thetraining time. In the work whichis
reported here we used the Big Dumb Neural Network (BDNN) from
ICSI [8].

This system was evaluated on the WSJ0-93 Hub 2 test set, using a
bi-gram languagemodel and the LIMSI pronunciation lexicon. This
speaker-independent system achieved in a 5K wordstask aresult of
16.1% word errors.

4.2. Evaluation on theWSJ cor pus

For the evaluation of the LIN speaker-adaptation technique on the
WSJ we had chose a task that comprises incremental unsupervised
speaker-adaptation (Nov. 94 Spoke 4 task). For this mode the sys-
tem is only allowed to use any information it can extract from test
data that it has already recognized. In this task is also possible to
test incremental supervised speaker-adaptation. For this mode we
can usethecorrect sentencetranscription but after the correspondent
sentence recognition.

Because this is an incremental task there are no separate train-
ing/adaptation and test sets. The adaptation and test processwill be
made with the same set of data. Both unsupervised and supervised
process are described in Section 3.

This spoke has 4 speakerswith about 100 sentenceseach. The sys-
tem should being incrementally adapted to the new speaker and the
results should be reported each 25 new sentences. In each evalua-
tion point the results of the system with incremental unsupervised
(IUSA) and incremental supervised speaker-adaptation (ISSA) en-
abled should be reported. Also for each evaluation point the results
of the system with speaker-adaptation disabled should be reported.
As described in Section 3. we adapt our system based in a group
of 5 sentences(T=5). For the LIN speaker-adaptation techniquethe
results are presented in Table 1 for the 4 speakers.

From the results we can observe a significant improvement on



Sentences

1-25 | 26-50 | 51-75 | +76 || Mean

Sp. S| 134 | 148 | 161 | 228 | 168
4TB IUSA || 122 | 112 | 166 | 175 || 144
ISSA || 120 | 115 | 123 11.9

Sp. Sl 197 | 278 | 187 | 233 | 225
4TC IUSA || 194 | 223 | 185 | 185 | 19.7
ISSA || 171 | 207 | 168 | 16.2 || 177

Sp. Sl 359 | 369 | 391 | 47.1 || 398
4TD IUSA || 349 | 311 | 330 | 355 || 335
ISSA || 307 | 259 | 248 272

Sp. Sl 115 | 154 | 147 | 112 | 132
ATE IUSA || 104 | 116 | 149 | 116 || 122
ISSA || 91 | 99 | 142 11.0

Table1: Word error rate resultsfor the LIN speaker-adaptationtech-
nigue over the Nov. 94 Spoke 4 task. For each speaker the first row
named “ SI” presentsthe speaker-independent results (with speaker-
adaptation disabled). The “IUSA” row presents the results with
the Incremental Unsupervised Speaker-Adaptation enabled. The
“ISSA” row presents the results with the Incremental Supervised
Speaker-Adaptation enabled.

the system when the adaptation is enabled, proving the ability of
this speaker-adaptation technique to cope with speaker differences.
Also we see, as expected, a superior performance of the supervised
speaker-adaptation mode.

In Table 2 we seethe word error rate mean results for the four speak-
ers.

Sentences
1-25 | 26-50 | 51-75 | +76 || Mean
Sl 201 | 237 221 | 261 || 231
IUSA || 19.2 | 191 20.8 | 20.8 || 20.0
ISSA || 172 | 170 17.0 171

Table 22 Word error rate mean results for the LIN speaker-
adaptation technique over the Nov. 94 Spoke 4 task.

From theresultsin Table 2 we see animprovement of 10-12%for the
incremental unsupervised speaker-adaptation task and an improve-
ment of 20-25% for the incremental supervised speaker-adaptation.

5. CONCLUSIONS

A techniquefor speaker-adaptationof ahybrid HMM-ML P speaker-
independent system was described and evaluated on the WSJ Nov.
94 Spoke 4. This technique was evaluated in both incremental su-

pervised and unsupervised modes. The results show that speaker-
adaptation within the hybrid framework can substantially improve
system performance. Intheincremental unsupervisedmode, theim-
provement is obtained without any extrademandson the speaker, i.e.
without an enrollment phase.
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