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ABSTRACT

Within the context of continuous-density HMM speech
recognition in noise, we report on imputation of missing
time-frequency regions using emission state probability
distributions. Spectral subtraction and local signal–to–
noise estimation based criteria are used to separate the
present from the missing components. We consider two
approaches to the problem of classification with missing
data: marginalization and data imputation. A formal-
ism for data imputation based on the probability distri-
butions of individual Hidden Markov model states is pre-
sented. We report on recognition experiments comparing
state based data imputation to marginalization in the con-
text of connected digit recognition of speech mixed with
factory noise at various global signal-to-noise ratios, and
wideband restoration of speech. Potential advantages of
the approach are that it can be followed by conventional
techniques like cepstral features or artificial neural net-
works for speech recognition.

1. INTRODUCTION

There is evidence that an ability to deal with masked
or missing data is inherent to human audition at various
levels. Listeners show robust performance with inten-
tional occlusions (both across time and frequency) and
with band–restricted speech [12]. Neurophysiological ev-
idence suggests that the neural response to weaker signals
is masked and can be considered lost for subsequent au-
ditory processing [7]. Sound sources are also obscured in
a mixture, yet, the partial information available to the lis-
teners is often sufficient for recognition due to redundant
coding of information in speech [10].

The missing data approach to speech recognition [2,
6] fits well with computational auditory scene analysis
(CASA) [1] techniques for sound separation, since it
makes no prior assumptions about the number or the sta-
tionarity of the sources. However, if additional knowl-
edge is available, it is easily utilised and integrated in this
framework.

There are two subproblems in the application of the
missing data techniques in robust ASR: identification of
the reliable spectro–temporal regions and the need for
classification techniques that can deal with incomplete

data. We apply spectral subtraction with an additional
SNR criterion to the first problem. In the context of an
HMM based system, section 2 describes two solutions to
the problem of classification with incomplete data based
on marginalization of the state emission p.d.f. Section 3
introduces a novel approach that is based on prediction of
the missing values from the conditional state p.d.f. Sec-
tion 4 describes the results of the experiments carried out
on the TIDigits corpus with added NOISEX noise, and
investigates the feasibility of wide–band speech restora-
tion. A complementary paper in this proceedings de-
scribes marginalization in conjunction with SNR estima-
tion [11].

2. CLASSIFICATION WITH MISSING DATA

It is assumed that the input data vectorx has been parti-
tioned into a reliable partxr and an unreliable partxu in
the previous stage of processing. The state emission dis-
tributionsf(xjS)1 (inferred during training) require the
full feature vectorx = (xr ; xu). Instead of comput-
ing the likelihoodf(xr ; xujS) of the full data, the like-
lihood of the data that is reliable/present can be com-
puted [2, 3, 6, 8]:

f(xrjS) =

Z
f(xr; xujS)dxu: (1)

In the context of a continuous density HMM system, we
can model the state distributions as mixtures of M multi-
variate Gaussians with diagonal covariance matrices:

f(xjS) =

MX
k=1

P (kjS)f(xjk; S);

=

MX
k=1

P (kjS)f(xr; xujk; S); (2)

whereP (kjS) are the mixing coefficients. The features
within the Gaussians in the mixture are independent, and
thus:

f(xr ; xujk; S) = f(xrjk; S)f(xujk; S): (3)

1In this paper,f(�) denotes probability density, whileP (�) denotes
probability.



Proceeding with the marginalization in (1):

f(xrjS) =

Z MX
k=1

P (kjS)f(xr; xujk; S)dxu;

=

MX
k=1

P (kjS)f(xrjk; S)

Z
f(xujk; S)dxu| {z }

1

;

=

MX
k=1

P (kjS)f(xrjk; S): (4)

We refer to this method for computing the likelihood of
the incomplete data vector asmarginalization.

Further, knowledge that the unreliable data is bounded
can be utilized to integratexu in the range(xlow ; xhigh)
instead of(�1;+1):

f(xrjS) =

xhighZ
xlow

MX
k=1

P (kjS)f(xr; xujk; S)dxu;

=

MX
k=1

P (kjS)f(xrjk; S)

xhighZ
xlow

f(xujk; S)dxu:

(5)

The integral can be evaluated in the case of Gaussian dis-
tributions using the standard error function. We refer to
this method for computing the likelihood of the incom-
plete data vector asbounded marginalization.

The marginal distribution of the components of the di-
agonal Gaussian mixturef(xrjk; S) is diagonal Gaussian
itself and is readily computable.

3. STATE BASED DATA IMPUTATION

Instead of computing the likelihood given the data present,
it is also possible to compute the distribution of the unre-
liable parts of the feature vector using the reliable com-
ponents and the joint p.d.f. Then, some representative
value for the unreliable/missing feature can be chosen us-
ing this distribution [5, 9]. Usually it is the mean of the
conditional distribution. Once missing features are recon-
structed, ASR can proceed as with complete data.

In state based data imputation (SDI), we use HMM
state distributions to infer the conditional distribution
f(xujxr; S). Again, we assume that state distributions are
mixtures of multivariate diagonal Gaussians (2):

f(xujxr; S) =
f(xu; xrjS)

f(xrjS)
=

MP
k=1

P (kjS)f(xr; xujk; S)

f(xrjS)
;

=

MX
k=1

f(xrjk; S)P (kjS)

f(xrjS)
f(xujk; S);

=

MX
k=1

P (kjxr; S)f(xujk; S); (6)

where:

P (kjxr; S) =
P (kjS)f(xrjk; S)

f(xrjS)
=

P (kjS)f(xrjk; S)
MP
k=1

P (kjS)f(xr jk; S)

;

(7)

can be considered to be theresponsibilityof the compo-
nents. The form (6) is very convenient, since it too is a
mixture of diagonal Gaussians.

The mean of the conditional distribution is:

Exujxr;Sfxug =

Z
f(xujxr; S)xudxu;

=

MX
k=1

P (kjxr; S)

Z
f(xujk; S)xudxu| {z }

�ujk;S

;

=

MX
k=1

P (kjxr; S)�ujk;S : (8)

This value is readily computable as the sum of the means
of the unreliable features from all components of the mix-
ture, weighted by their responsibilities. The responsibili-
ties (7) are recomputed mixture weights after the reliable
data was identified.

Once the conditional mean of each unreliable feature
is computed, the values ofxu in the feature vector are re-
placed byExujxr;Sfxug. In every time frame the imputa-
tions of all HMM states are computed. Hence there are as
many versions of the frame as there are states. During the
emission probability calculation, for each state, only the
likelihood of the feature vector withxu’s filled from the
p.d.f. of the same state is computed. Therefore, the com-
plexity of the search for the best model/state alignment is
of the same order as standard ASR.

4. EXPERIMENTS

4.1. Experimental setup

The TIDigits corpus of digits sequences was used. Acous-
tic vectors consisted of smooth outputs of from 64–
channel auditory filter bank (centre frequencies spaced
linearly in ERB-rate from 50 to 8000Hz), computed ev-
ery 10ms. HTK [13] was used for training, and a local
MATLAB decoder for recognition. Twelve models (’1’–
’9’, ’oh’, ’zero’ and ’silence’) consisting of 8 no–skip,
straight–through states with observations modeled with a
10 component diagonal Gaussian mixture were trained on
clean speech. Non–stationary factory noise from NOISEX
was added (with random start points) at SNRs from +20dB
to -5dB to a subset of the TIDigits test set consisting of
240 digit strings used for testing. For bounded marginal-
ization, the bounds were set to 0 and the value of the noisy
speech mixture at each time–frequency point.
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Figure 1: Accuracy of bounded and unbounded marginal-
ization and unbounded data imputation with spectral sub-
traction criterion (9).

4.2. Identifying unreliable data

In the first set of experiments, spectral subtraction (SS)
was used for unreliable data identification. Noise was es-
timated as an average of the first 10 frames in each utter-
ance. The negative values in the feature vector resulting
from SS were considered to be unreliable [4]:

js+ nj � jn̂j < 0: (9)

In the second set of experiments, additional SNR based
criterion was used [11]. It treats data as unreliable if the
estimated SNR is negative:

ŝ2 <
1

2
js+ nj2; (10)

wherejŝj = js+ nj � jn̂j (hat denotes estimated values).

4.3. ASR results

Figure 1 shows digit recognition accuracy as a function
of SNR. Recognition is performed on the spectrally sub-
tracted speech. The baselines are labelled ’no process-
ing’ and ’SS’ and correspond to the performance of the
unadapted recognizer and recognition on spectrally sub-
tracted speech respectively. The marginalization SS+MG
and state based data imputation SS+SDI techniques show
similar performance. Bounded marginalization SS+BMG
uses additional information (bounds) and does slightly
better. Examination of the masks created via SS shows
that the reliable/unreliable separation is poor and much
unreliable data passes as reliable (see [11]).

Figure 2 differs from figure 1 in that an additional
SNR criterion (10) is used for identification of reliable re-
gions. The marginalization SS+SNR+MG and state based
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Figure 2: Accuracy of bounded and unbounded marginal-
ization and unbounded data imputation with spectral sub-
traction (9) and SNR (10) criterias.

data imputation SS+SNR+SDI again show similar perfor-
mance. With the SNR criterion much more data is clas-
sified as unreliable. Inspection of the errors shows that
there are insertions of all models uniformly in the long
runs of frames where very little data is reliable. Bounded
marginalization SS+SNR+BMG performs better. Taking
advantage of the known bounds, it uses the additional in-
formation and usually inserts the silence model in the un-
reliable data–dominated regions. Therefore, the accuracy
improves considerably. Incorporation of the bounds info
into data imputation is not straightforward, as discussed
below. It remains to be seen if bounded data imputation
can reach the level of performance of bounded marginal-
ization.

4.4. Speech reconstruction

Figure 3 shows the potential of state based data imputa-
tion for speech reconstruction. The upper panel shows
the clean speech (the string is “3162z”). The effect of
telephone transmission is crudely simulated by deleting
the channels 1–14 and 55–64 which are outside the 300-
3000Hz range. The reconstruction proceeds in two steps.
First the reduced speech is recognized and the correct state
alignment is obtained. Next the missing channels are re-
constructed from the means of the aligned states condi-
tional distributions.

5. CONCLUSIONS AND FUTURE WORK

Unbounded state based data imputation performs as well
as unbounded marginalization. Similar behavior was ob-
served with Lynx helicopter and car noises. Pairing
bounded marginalization with the additional SNR crite-
rion produces a significant increase in performance. By
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Figure 3: Full bandwidth speech (top) and reconstructed
speech (bottom).

imputing values other then the mean of the conditional
distribution, it might be possible to utilize the bounds con-
straints for data imputation, too. However, it is still un-
clear if this will lead to a performance level comparable to
bounded marginalization.

State based data imputation opens the possibility of
extending of the missing data framework to non–HMM
ASR systems and/or usage of other than spectrum do-
main based features (e.g. cepstrum, RASTA). Since un-
reliable/reliable data identification happens in the spectral
domain, if two sets of models are available (one of them in
the spectral domain), the reliable data and spectral mod-
els can be used for an initial state alignment. Once this
is obtained, the unreliable portions of the spectrum can be
imputed and data transformed to the other domain for the
final recognition with the second set of models. Data im-
putation also allows for missing data application to speech
enhancement and restoration of telephone speech which,
unlike ASR, requires speech reconstruction.
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