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ABSTRACT reports on the performance of thesBOT system on various ARPA

CSR development and evaluation tasks.
ABBOT is the hybrid connectionist-hidden Markov model large-

vocabulary speech recoigjon system developed at Cambridge Uni- 2. ACOUSTIC MODEL

versity. In this system, a recurrent network maps each acoustic vec-

tor to an estimate of the posterior probabilities of ptene classes, This section describes the acoustic modelling process used in the
which are used as observation probabilities within an HMM. Thig\BsoT system. This includes a brief description of the front-
paper describes the system which participated in the Novembend, structure of the observation model (i.e., the recurrent network),
1995 ARPA Hub-3 Mitiple Unknown Microphones (MUM) eval- and the training process used for estimating the parameters of the
uation of continuous speech recagm systemsunder the guise of connectionist component. It also describes the phonetic context-
the CU-CON system. The emphasis of the paper is on the changikgendent modelling which augments the standard recurent net-
made to the 1994 BBOT system, specifically to accomodate thework model.

H3 task. This includes improved acoustic modelling using limited

word-internal context-dependentmodels, training on the Wall Stregt, 1.  Acoustic Feature Representation

Journal secondary channel database, and using the linear input net-

work for speaker and environmental adaptation. Experimental r@wo sets of acoustic features have been used in the past bysthe A
sults are reported for various test and development sets from tBeT system:MEL+, a 20 channel mel-scaled filter bank with three
November 1994 and 1995 ARPA benchmark tests. voicing features [10], andLP, 12th order cepstral coefficients de-

rived using perceptual linear prediction and log energy [3].
1. INTRODUCTION

The hybrid connectionist-hidden Markov model approach uses e~

underlying hidden Markov process to model the time-varying na °r 134
ture of the speech signal and a connectionist system to estimate
observation likelihoods within the hidden Markov model (HMM) €0f
framework [1]. ABBOT is a large-vocabulary speech recdgm 15.2
system based on the hybrid approach atiizes a recurrent net-  sof
work for acoustic modelling. The major advantage of this approacg
is that the recurrent network is compact and able to capture tempo 5, | 251
acoustic context. Consequently, the basgsAT system is able to

achieve very good performance using only 54 context-independe
phone models.
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The ABBOT system participated in the 1994 ARPA continuous 5l 38.0
speech recogtion (CSR) evaluations [8]. This paper reports re-
cent improvements in the B80T system and the extra necessary
features included for the multiplenknown microphones (MUM)
evaluation. The acoustic modelling used for #895 evaluations is
presented in the following section. This section describes trainir  ©

a new set of models on the secondary channel Wall Street Jour}?glgure 1: A comparison of the performance sfeL+ (in black)
S184 Corpus, and improved acoustic modelling using word-intern aln_dPLP (in grey) RNN models, for speakers 700 and 703. The

context-dependent phones. Section 3 describes the linear input ) . W .
work (LIN) technique for speaker and channel adaptation. Sectiorrg. R figures above each bar are provided by the NIST *wavemd

tool.

10

multiple microphone channels



This year thevEL+ representation has been dropped due to its po@n MLP) of the recurrent network, since it is assumed that the state
channelrobustness as demonstrated in Figure 1, where performameetor contains all the relevant contextual information necessary to
degrades by 24% when compared withp. Also to increase the discriminate between different context classes of the same mono-
robustness of the system to environmental conditions, the statistipkone [4].

of each feature channel were normalized to zero mean with unit

variance over each utterance. Note that the 1988@T system A

was trained solely on the S184 corpus. :>

2.2. Recurrent Network Structure o)
’ >
The basic acoustic modelling system is described in [11].elaah /3

. : ; ' u(t+4) y()
input frame, an acoustic vectat(¢), is presented at the input to the

network. Within the recurrent structure, the state vector provides AQ) :>
the mechanism for modelling of past context and digaamics of \
the acoustic signal. The output vector represents an estimate of the x(t+4) X(t+5)

posterior probability okach of the phone classes given the acous- 3
tic input and the model parameters. The output is delayed by four !
frames to account for future acoustic context. O=-—0
O%—% y ®
The training approach is based on Viterbi training. Each frame of f\<e|ayo — :>
training data is assigned a phone label based on an utterance orthog
raphy and the current model. The recurrent network is then trained y 1=~
— using the back-propagation-through-time algorithm [11] — to ma ' '

g propag g g [11] p | -y /:>

I
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the input acoustic vector sequence to the phone label sequence. The 1l \
labels are then reassigned and the process iterates. Initial alignt
ments for the BBOT system were derived from a recurrent network X(t+4)
trained on the TIMIT database. x 7
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2.3. Secondary Channel Microphone

New recurrent network models were trained on the secondary chdrigure 2: The phonetic context-dependentrecurrent neural network
nel microphone data available on the Wall Street Journal traifhodular system.

ing corpus. The conditions of this training set are more closeliy_. ) )

matched to those of the multiplenknown microphones than the Figure 2 shows the context-dependentsystem in operation. The out-
clean speech. For decoding, two sets of models are used; if tREtS on the right hand side of this figure are the context-dependent
signal-to-noise ratio, as calculated by the NIST “wavemd” tool i€OSterior probabilities as estimated by Equation 1.

above a certain threshold (as determined by the model’s perfqr-, ., . . . -
terbi segmentation is used to align the training data. Each context
mance on a development set), then the clean models are used. the

erwise the secondary channel models are used. On an H3 develgegwork is trained on a non-overlapping subset of the state vectors
Y ) Bherated from all the Viterbi aligned training data. The context

ment set, with a r_andom selection of a “secondary microphone foqetworks are trained using a gradient-based procedure. The context
each speaker, using secondary channel models, as opposed to clean ) - -

. e classes for each context module are determined by using a decision
models, resulted in a reduction in word error rate of 27.4%.

tree based approach. This allows for sufficient statistics for training
and keeps the system compact (allowing fast context training). The
decision trees are also used to relabel the pronunciation lexicon.

2.4. Context-Dependent Modelling

By using the definition of anditional probability, the factorisation
of conditional context-class probabilities is used to implenprat- 3. THE LINEAR INPUT NETWORK
netic context-dependency in the acoustic model [1]. The joint po

terior probability of context classand phone classis given by, Fhe linear input network (LIN) has been successfully applied to

connectionist-HMM hybrid systems for both supervised [6] and un-
Yy () = yi(t)y;p: (L), (1) supervised [7] speaker adaptation. A linear mapping is created to

. . . transform the acoustic vector. During recognition, this transformed
wherey; () is estimated by the recurrent network. Single-layer netye oy i fed as input into the speaker-independent RNN, as in Fig-
works or “modules” are used to estimate the dtiadal context- ure 3

class posterior,

A gradient decent technique is used to train the LIN for a new
() ~P t t+4), ¢ (t)), 2 s i
Yoie(t) r(es (6} [x(t +4), ai(t)) @ speaker. The input is propagated forward (through the LIN and
wherec;(t) is the context class for phone claggt). The input RNN) to the output layer of the RNN. At this point the error is
to each module is the internal state (similar to the hidden layer dfack-propagated through the RNN, to provide gradient information



LIN input, where the transformation is likely to be responsible for trans-
’ (t . lating the acoustic channel response of the Shure microphone back
u® uw® y(-4) towards that of the Sennheiser. The difference in the energy channel

is probably due to the microphone [itien and backgound noise.

X(t) X(t+1) 4., RESULTS

This section reports decoding results for the ARPA 1995 H3 mul-
tiple unknown microphones Task. Decoding is performed by the

C: Time C: ABBOT decoderNowAY [9], which uses a modified stack decod-
O delayo\ ing algorithm, with a pruning strategy that is well matched to the

hybrid connectionist-HMM approach. The various tests and their
conditions are denoted as follows:-

Figure 3: The linear input network “bolts on” to the recurrent net-

work, performing a linear transformation of the acoustic featuréi3:P0-DT A MUM development test set comprising 20 speakers

space. and 7 different secondary microphones. The 1994 20k trigram
language model was used. There was no adaptation.

to the linear input layer. Only the LIN's parameters are updated; thlQS:CO-DT The development contrast test set. Conditions are the
RNN's are kept frozen. same as H3:P0-DT, but with the Sennheiser microphone. The

For the MUM evaluations, unsupervised block adaptation is per- standard 60k trigram was used here. There was no adaptation.

formed over each speaker session — i.e. a Viterbi alignment usinB:P0 The 1995 H3 MUM unlimited vocabulary test. The stan-
the current model is carried out on decoded utterance hypotheses of dard 60k trigram language model was used, along with unsu-
a session, to label the acoustic frames. The LIN is now trainedina  pervised block adaptation.

supervised fashion. Decoding is then performed with the “adapted” . "

recurrent network. This process is iterated until there is little or nb!3:C0 The 1995 H3 unlimited vocabulary contrast. Citiots are
change in the session hypotheses from one adaptation pass to the (e sameas H3:P0, butwith the Sennheiser microphone.

next [5]. H3:C1A The 1995 H3 MUM unlimited vocabulary contrast. No
adaptation is allowed, and standard 60k trigram must be used.
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H3:C1B The 1995 H3 MUM unlimited vocabulary Sennheiser mi-
crophone contrast. No adaptation is allowed, and standard 60k
trigram must be used.
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The 1995 MABOT system used the 60,000 word vocabulary and
standard trigram generated by CMU throughout the evaluation. The
pronunciation lexicon was derived primarily from a lexicon sup-
plied by LIMSI-CNRS and expanded to cover the 60,000 word vo-
cabulary [5].
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Vo 4.1. Context-Dependent Results
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oal Table 1 shows a comparison of the standasBAT system and the
ey st L nodey OO o e ABBOT system with the limited context-dependent word-internal
Figure 4: Comparison of the leading diagonal of the LIN's weightphone modking as discussed in section 2.5. Results are reported
matrix for clean and secondary channel citinds. for various other tasks in [4]. Note, there are only 527 context-

dependent phones. As can be seen, the context-dependent phone

. o . modelling attains a consistent reduction in word error rate.
The transformation matrix (bias weights excluded) tends to be close

to an identity matrix, as might be expected. Figure 4 shows the di-
agonal elements of a LIN adapting a “clean” RNN to a new speaker
(71)) using the Sennheiser microphone compared with those of a
LIN adapting the same RNN to the same speaker, but with a Shure
microphone. For the leading diagonal, the first six cepstra trans-

forms are similar (apart from channel 3), indicating that these Coulg, e 1. performance of the context-dependentsystem on the 1995
be responsible for a “general picture of the speech signal’; thgppa ta5ks compared with the baseline RNN (CI). Results for

other higher order cepstra transforms are quite markedly diﬂereqltg:ClB are not run with the official CU-CON evaluation system.
Clearly the LIN is trying to adapt to a different acoustic channel

Test Set Cl CD | Red*WER
H3:PO-DT | 24.6 | 21.9 11.0
H3:CO-DT | 144 | 12.3 14.6
H3:C1B 15.3 | 13.6 11.1
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the error rate is reduced by 18.2% after 3 iterations of adaptation.
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