
Automatic Speech Recognition Based on Adaptation and Clustering
Using Temporal-Difference Learning

Masafumi Nishida, Yasuo Horiuchi, and Akira Ichikawa

Graduate School of Science and Technology
Chiba University, Japan

{nishida, hory, ichikawa}@faculty.chiba-u.jp

Abstract

This paper describes a novel approach based on online unsu-
pervised adaptation and clustering using temporal-difference
(TD) learning. Temporal-difference learning is a reinforcement
learning technique and is a computational approach to learn-
ing whereby an agent tries to maximize the total amount of
reward it receives when interacting with a complex, uncertain
environment. The adaptation progresses based on rewards that
represent correctness of outputs. The adapted models gradu-
ally accumulate and cluster with the environmental conditions
and can immediately adapt by selecting the optimal model from
the clusters. We conducted speech recognition experiments by
a connected digit recognition in noisy environments including
the variation of speakers and noises. The results verify that the
proposed method has a higher recognition performance than the
conventional adaptation method.

1. Introduction
Automatic speech recognition (ASR) systems are sensitive to
variations in the training and testing conditions. In actual ap-
plications, such as dialogue and transcription systems, the noise
vary continuously, and the speakers change. For example, in
the car navigation systems, the interior noises vary depending
on whether the air-conditioner and sound systems are used. We
think that the incremental adaptation and clustering processes
are effective in such environments. Then, this paper focuses on
online adaptation and clustering without priori knowledge about
the environments.

To compensate for the mismatch between the training and
testing conditions, many model-based adaptation techniques
have been proposed. Parallel model combination (PMC) [1] can
derive noisy speech hidden Markov models (HMMs) by com-
bining a clean speech and noisy HMMs, based on the SNR.
However, the method is impractical because it has huge com-
putation costs and the noise HMM must be trained in advance.
Maximum likelihood linear regression (MLLR) [2] can handle
additive noise and convolutional distortion simultaneously and
significantly improves noise with a relatively small amount of
adaptation. The stochastic matching [3] method can slightly
reduce the mismatch by mapping the original models to the
transformed models. MLLR and stochastic matching meth-
ods are difficult to introduce the priori knowledge of acous-
tic model parameters. Maximum a posteriori (MAP) [4] is a
model compensation method based on the amount of adapta-
tion data and a priori density that can be used to accurately
estimate for the acoustic-unit models, for which adaptation data
is available. These methods decrease adaptation performance if
the transcription accuracy is poor in the unsupervised adapta-

tion, because it is based on a fixed weight for all transcription
results. Accordingly, MAP estimation is more suitable for in-
cremental learning than the MLLR method. The tree-structured
clustering method has been proposed using piecewise linear-
transformation (PLT) [5]. A noisy speech HMM is made for
each node of the tree structure. The HMM that best matches
the input speech is selected based on the likelihood maximiza-
tion criterion by tracing the tree, and the selected HMM is fur-
ther adapted by linear transformation. However, the noise data
needs to train the noisy speech HMM in advance and the tree-
structured cluster is fixed. The cluster is trained based only on
noises and is not able to represent speakers.

We propose a novel approach based on incremental un-
supervised adaptation using a temporal-difference (TD) learn-
ing technique [6]. TD learning is the one technique of rein-
forcement learning and is a computational approach to learning
whereby an agent tries to maximize the total amount of reward
it receives when interacting with a complex, uncertain environ-
ment. The agent learns based on a policy, a reward, and a value
function. A policy defines the learning agent’s way of behav-
ing at a given time and is a mapping from perceived states of
the environment to actions to be taken in those states. The re-
ward defines what are the good and bad events for the agent
and the value function specifies what is good in the long run.
The proposed method defines the control of the MAP updating
coefficient as the policy, and learns the updating coefficient ac-
cording to the variations in both speakers and noises. But, TD
learning generally evaluates the conditions based on the previ-
ous environment. Therefore, the method may require computa-
tional costs for adaptation when the environments vary, because
the previous adapted model may not necessarily be similar to
the current environment. Then, we also propose an online clus-
tering method for the adapted models, based on TD learning.
This method gradually accumulates the adapted models based
on speaker and noise variations. Additionally, it can be imme-
diately adapt to various environments by selecting the optimal
model from the clusters.

We conducted speech recognition experiments using
AURORA-2 Japanese corpus [7] (connected digit recognition
database), and evaluated them using test data under various test-
ing conditions to determine the effectiveness of our proposed
methods.

2. Temporal-Difference Learning

Temporal difference learning is a combination of Monte Carlo
ideas and dynamic programming (DP) ideas, and it uses ex-
perience to solve the prediction problem. Given some experi-
ence following a policy, the method updates their estimate value
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Figure 1: Flow diagram of actor-critic method

function V . If a non-terminal state st is visited at time t, then
the method updates their estimate V (st) based on what happens
after that visit. TD method needs wait only until the next time
step. At time t + 1 they immediately form a target and make a
useful update using the observed reward rt+1 and the estimate
V (st+1).

V (st) ← V (st) + α[rt+1 + γV (st+1) − V (st)] (1)

We used the actor-critic method, which is TD learning that
has a separate memory structure to explicitly represent the pol-
icy independent of the value function. The policy structure is
known as the actor, because it is used to select actions, and the
estimated value function is known as the critic, because it crit-
icizes the actions made by the actor. A flow diagram of actor-
critic method is shown in Fig. 1.

Typically, the critic is a state-value function. After each
action selection, the critic evaluates the new state to determine
whether things have gone better or worse than expected. This
evaluation is the TD error:

δt = rt+1 + γV (st+1) − V (st) (2)

where V is the current value function implemented by the critic.
This TD error can be used to evaluate the action just selected,
the action at taken in state st. If the TD error is positive, it
suggests that the tendency to select at should be strengthened
for the future, whereas if the TD error is negative, it suggests
the tendency should be weakened. Then, the strengthening or
weakening described above can be implemented by increasing
or decreasing p(st, at), for instance, by

p(st, at) ← p(st, at) + βδt (3)

where the p(st, at) is the values at time t of the modifiable pol-
icy parameters of the actor, and β is another positive step-size
parameter.

3. Adaptation and Clustering based on
Actor-Critic Method

3.1. Acoustic Model Adaptation

We describe a method that adapts acoustic models incremen-
tally using the actor-critic method. The method adapts only the
HMM mixture’s mean vectors based on an incremental MAP
estimation. In a hypothesis where a priori density is based on
normal density N(µ0, σ0), the mean vector µ̂ is estimated using
MAP,

µ̂ =
λµ0 + T x̄

λ + T
(4)

where x̄ is the mean vector of the adaptation data, T is the num-
ber of adaptation data frames, and λ is the updating coefficient.
The parameter λ controls the rate of a priori density, and the
past adaptation weight decreases using incremental adaptation.

The actor-critic method must define a policy, a reward, and
a value function. We define the control of the updating coef-
ficient λ as the policy to adapt the acoustic models to the en-
vironments. The reward and value functions represent correct-
ness of outputs for the input data. In this paper, input and output
data represent digit sequences because we conducted connected
digit recognition under noisy environmental conditions. Thus,
the method extracts digits with state of HMM when there is a
maximum likelihood for each frame and digits obtained using
the Viterbi algorithm. We investigated whether both digits were
the same or different for each frame. The digits for each frame
are a direct output from the HMMs, and the digits obtained us-
ing the Viterbi algorithm reflect the frame order. Thus, we as-
sume that the confidence of the recognition results is high in the
speech section, when the digits obtained using the Viterbi algo-
rithm are the same as the digits for each frame. We define the
digit matching rate as the value function V (st). The reward was
set at 0.5 when the digit matching rate dropped compared to the
previous utterance, and it was set at 1.0 when the rate increased.

The TD error δt was computed based on the reward and
value functions. Adaptation was performed using a small up-
dating coefficient by Eq. (5) in the speech section when the
digits obtained using the Viterbi algorithm were the same as the
digits for each frame.

λ ← λ − βδt (5)

Adaptation was performed using a large updating coefficient
obtained from Eq. (6) in the speech section when the digits
were different.

λ ← λ + βδt (6)

After that, the value function was updated using the Eq. (1).
It is possible to carry out an unsupervised adaptation in-

crementally by controlling the updating coefficient according to
variations in speakers and noises.

3.2. Clustering and Selection of Adapted Models

A clustering flow diagram and selection of adapted models
based on the actor-critic method is shown in Fig. 2. This
method adapts the acoustic models incrementally for each utter-
ance. The adapted models are accumulated and clustered when
the environments varied. The optimal model was selected from
the clusters and adapted to the selected models. It adapted im-
mediately to a variety of speakers and noises. The TD error rep-
resents the confidence of the adaptation process. We assumed
that the environments varied when TD error was negative.
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Figure 2: Clustering and selection of adapted models based on
actor-critic method

The detailed procedure is as follows.

1. Incremental adaptations are performed using the actor-
critic method. Then, the TD error δt is computed.

2. If the TD error δt is smaller than a threshold, the adapted
models are saved.

3. The adapted models are clustered based on the distances
between models. The center vectors µ̄s are computed
using the mean vectors of all mixtures for each HMM
state s using Eq. (7),

µ̄s =
1

M

MX

i=1

µsi (7)

where M is the number of mixtures. The distance
between the models is computed using vectors µ̄h =
{µ̄h1, µ̄h2, · · · , µ̄hS} combined with center vectors of
each HMM state using Eq. (8),

Dist(A, B) =

HX

h=1

||µ̄A
h − µ̄B

h ||2 (8)

where H is the number of HMMs. The distance is com-
puted for all adapted models. If the minimum distance is
smaller than the threshold, the models are merged.

4. The distance between the input data x and the center vec-
tor µ̄s for each state of HMMs is computed using Eq.
(9),

dxA =
1

TS

TX

t=1

SX

s=1

||xt − µ̄A
s ||2 (9)

where S is the number of HMM states and T is the num-
ber of input data frames. The distance is computed for all
HMMs. The optimal model in which the mean distance
is minimum is selected and is adapted.

4. Experiments
4.1. Experimental Conditions

We conducted speech recognition experiments using the con-
ventional MAP adaptation and the proposed methods using the
AURORA-2 Japanese corpus. The task was a connected digit
recognition under noisy environmental conditions. We deter-
mined the MAP adaptation parameters and proposed methods
using preliminary experiments.

The speech data was sampled at 16 kHz and segmented into
25 ms frames every 10 ms with 15 ms overlap. The acoustic
features consisted of 39 components of 12 MFCCs, energy, and
their first and second order derivatives. Cepstrum mean normal-
ization was applied to each utterance. Each digit was modeled
using a 16-state HMM, and each state had a mixture of 20 diag-
onal Gaussians. The initial acoustic models were trained using
clean speech data. The training data consisted of 8440 utter-
ances from 110 speakers.

We used 8 kinds of noises (subway, babble, car, exhibition,
restaurant, street, airport, and station) with three SNRs: 10, 15,
and 20 dBs. The test data contained 500 utterances from 50
speakers. The speaker changed every 10 utterances. The test
data was divided into two, and different noises were added to the
first and second 250 utterances. In fact, 4 kinds of noises (sub-
way, babble, car, and exhibition) were added to the first half data
and others (restaurant, street, airport, and station) were added to
the second half data. We changed the combination of the noises
for the 16 test data. Therefore, the test data totaled 8,000 utter-
ances, including the variations in speakers and noises.

4.2. Experimental Results

The recognition accuracy for each SNR is shown in Table 1.
“Baseline” denotes the results obtained using a clean model
without adaptation. “MAP” denotes the results obtained using
conventional MAP adaptation. “Actor-critic” denotes the results
obtained using the actor-critic method. “Actor-critic + cluster-
ing” denotes the results obtained using the clustering based on
the actor-critic method. “First” denotes the results of the first
half data, and “second” denotes the results obtained in the sec-
ond half at 10 dBs.

Table 1: Recognition accuracy (%) for each SNR

Baseline MAP Actor-critic Actor-critic
+ clustering

20 dB 89.6 97.2 97.2 97.2
15 dB 65.6 91.6 91.5 91.5
10 dB 42.3 69.0 70.0 70.8
First 43.4 60.9 63.1 63.1

Second 41.0 77.1 77.0 78.5

Recognition accuracy using the proposed methods was al-
most the same as the accuracy obtained using the conventional
MAP adaptation at 15 and 20 dBs. However, the actor-critic
method outperformed the MAP adaptation at 10 dB. In the first
half data, the accuracy was 60.9 % using MAP adaptation, and
the actor-critic method improved it to 63.1 %. The MAP adapts
based on a fixed updating coefficient for all recognition results.
The proposed method effectively controlled the updating coef-
ficient based on the recognition result confidence.

Clustering based on the actor-critic method improved the
recognition accuracy to 78.5 % in the second half data. This
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Figure 3: Recognition accuracy for each noise

demonstrates that it was effective to select and adapt an optimal
model from clusters.

The recognition accuracy for each noise is shown in Fig. 3.
In Fig. 3, the first half is from “A” to “D” and second half is
from “E” to “H” (A=subway, B=babble, C=car, D=exhibition,
E=restaurant, F=street, G=airport, H=station). Figure 3 denotes
the average recognition accuracy at 10dB for each noise. Us-
ing our proposed method for almost all noises, we observed an
improvement.

Therefore, the proposed methods were able to adapt to the
variations in both speakers and noises.

5. Conclusions
We proposed a novel approach based on incremental unsuper-
vised adaptation using temporal-difference learning for robust
speech recognition. Our method was able to adapt to variations
of both speakers and noises without a priori knowledge by con-
trolling the updating coefficient in the MAP adaptation, based
on environmental conditions. We also proposed an online clus-
tering method for the adapted models, based on TD learning.
Our method was able to automatically accumulate and adapt the
models using models selected from clusters under various envi-
ronmental conditions. We conducted speech recognition experi-
ments using the AURORA-2 Japanese corpus and demonstrated
that the proposed methods achieve higher recognition perfor-
mance than conventional MAP adaptation method.

In the future, we will continue to study the clustering
method for the adapted models and evaluate other types of
noise, and apply the proposed methods to large vocabulary con-
tinuous speech recognition tasks.
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