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Abstract
In this paper we introduce soft features of variable resolution
for robust distributed speech recognition over channels exhibit-
ing packet losses. The underlying rationale is that lost feature
vectors can never be reconstructed perfectly and thereforere-
construction is carried out at a lower resolution than the reso-
lution of the originally sent features. By doing so, enormous
reductions in computational effort can be achieved at a grace-
ful or even no degradation in word accuracy. In experiments
conducted on the Aurora II database we obtained for example
a reduction of a factor of 30 in computation time for the recon-
struction of the soft features without an effect on the word error
rate. The proposed method is fully compatible with the ETSI
DSR standard, as there are no changes involved in the front-end
processing and the transmission format.
Index Terms: distributed speech recognition, error conceal-
ment, uncertainty decoding, soft feature

1. Introduction
The term Distributed Speech Recognition (DSR) stands for a
client-server architecture, where feature extraction is carried out
on a thin client, typically a mobile device, the features aretrans-
mitted over a communication network, and the actual recogni-
tion is carried out on a back-end server. While this approachhas
several advantages, such as low computational requirements on
the client and ease of maintainability of the recognition engine
and the application on the server side, it encompasses also the
problem of sensitivity towards transmission errors.

Several methods have been proposed to overcome the
degradation of the speech recognition performance due to un-
avoidable transmission errors in a DSR scenario [1]. One wayto
view at the problem is to cast it in the missing feature framework
[2]. First, the location of missing features has to be detected,
which is trivial for a channel characterized by packet losses, but
is less trivial on channels exhibiting bit errors [3]. Second, the
missing features are reconstructed. Here, a particularly power-
ful method is to formulate it as a Bayesian estimation problem
and compute the maximum a posteriori (MAP) estimate of the
sent feature, given the received ones [4]. Since the features have
been quantized prior to transmission, the forward-backward al-
gorithm can be applied for reconstruction. Finally, a measure of
reliability can be computed for the reconstructed featuresand
forwarded to the recognizer, which then implements an uncer-
tainty decoding rule [5].

In this paper we are mainly concerned with the second issue
and to some extent with the third. In the MAP-based reconstruc-
tion the sent features represent the states of a hidden Markov

Model, which has as many states as there are possible valuesN

for the sent feature. Assuming for simplicity that any statecan
follow any other state, the complexity of the Forward-Backward
(FB) algorithm can be estimated to be on the order of2N2 per
frame, where the factor of2 is due the fact that there is a for-
wardand a backward recursion. In the split vector quantization
scheme used in the ETSI standard [6] codebooks of up to size
8 bits are used. Therefore the number of computations for the
FB algorithm is on the order of217 per frame. While the true
complexity is lower, since the HMM is not fully connected, this
consideration still shows, that a reduction of the computational
effort is highly desirable.

In this paper we show that indeed the complexity can
be drastically reduced by up to 30 times, without degrading
the recognition accuracy. This is achieved by using a lower-
resolution representation of the feature during error bursts,
which translates to a reduced number of states to be visited
by the FB algorithm. The underlying assumption is that lost
features can never be reconstructed perfectly and therefore the
reconstructed feature can afford a coarser resolution.

This paper is structured as follow. The next section
briefly reviews speech recognition with soft features. Section
3 presents two possible source models involved in the poste-
rior computation, one modeling only the static components of
a feature vector and the other modeling also the dynamic ones.
Section 4 deals with the multi-resolution quantization of fea-
ture vectors and estimation of feature posteriors. Section5 in-
troduces an additional method to reduce the computational load
by selecting the resolution depending on the length of the er-
ror burst. Finally, the experimental results are presentedin in
Section 6, followed by conclusions in the last section.

2. Soft feature speech recognition
In [5] we showed how the classical Bayesian framework of
automatic speech recognition (ASR) needs to be adapted for
recognition with unreliable or soft features. Instead of evaluat-
ing the HMM statest dependent observation probability of the
acoustic modelp(xt|st), in one, possibly erroneous, “point”xt,
we integrate over all possible sent features, weighted by their
posterior probability:

Z

p(xt|st)
p(xt|Y)

p(xt)
dxt (1)

The subscriptt denotes the time-index andY is the se-
quence of received features involved in the posterior compu-
tation.

In case of an error-free transmission the posteriorp(xt|Y)
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Figure 1:Source-channel model of a DSR system

becomes a Dirac delta impulse, and (1) reduces to the ordi-
nary observation probabilityp(xt|st) (the termp(xt) can then
be dropped as it is a constant). In case of a completely un-
reliable transmission the posteriorp(xt|Y) tends to the prior
p(xt), as the received feature becomes uninformative. Thus,
the observation probability tends to unity, which is equivalent
to a marginalization of that feature.

In [5] it was shown that (1) can be evaluated without nu-
merical integration if the posterior pdf is Gaussian. Although
this assumption is debatable, it is one way to make (1) tractable.
Therefore, in this work we attempt to estimate the parameters of
a Gaussian distribution which best approximates the true poste-
rior.

3. Source-channel modeling
The source-channel model under consideration is depicted in
Fig. 1. The feature vectorsxt computed in the front-end are
assumed to be produced by a Markov source. They are quan-
tized prior to transmission. In the ETSI standard for DSR [6]
the 14 components of a feature vector are grouped into seven
two-dimensional subvectorssv1 · · · sv7, and each subvector is
quantized separately. Since the feature components are uncor-
related, the resulting subvectors can be considered statistically
independent and therefore generated by independent Markov
sources. The quantization indices are sent over the digitalchan-
nel as bit patterns. In Fig. 1 the short-hand notationx

(i)
t denotes

the quantized vector at timet, where(i) indicates the identity
of the transmitted bit pattern. The featurey

(k)
t observed at the

channel output may be different from the sent one due to trans-
mission errors. This can be described by the channel transition
probabilityp(y

(k)
t |x(i)

t ). This conditional probability depends
on the time varying properties of the channel and can be evalu-
ated as shown in [3].

Given a sequence ofT observations,Y = [y1 . . .yT ],
the forward-backward (FB) algorithm [3] delivers the posterior
state distributionp(x

(i)
t |Y) at eacht. From this the continuous

posteriorp(xt|Y) is obtained as:

p(xt|Y) =

N
X

i=1

p(xt|x
(i)
t ) · p(x

(i)
t |Y) (2)

whereN is the number of quantization clusters and the term
p(xt|x

(i)
t ) is the cluster conditioned probability density func-

tion of xt. This cluster conditioned pdf is modeled as a Gaus-
sian: p(xt|x

(i)
t ) = N (xt;x

(i)
t , (σ2

t )(i)), where the within-
cluster variance(σ2

t )(i) is obtained from training data.
In order to simplify the evaluation of the observation proba-

bility (1), the posteriorp(xt|Y) is approximated by a Gaussian
pdf: N (xt; µt, σ

2
t ). The parametersµt andσ2

t of this Gaussian
can be obtained by finding that Gaussian which has the smallest
Kullback-Leibler divergence to the original posteriorp(xt|Y)

given in (2). This delivers the following estimates:

µt =

N
X

i=1

p(x
(i)
t |Y) · x(i)

t (3)

σ
2
t =

N
X

i=1

p(x
(i)
t |Y) ·

h

(x
(i)
t − µt)

2 + (σ2
t )(i)

i

(4)

This result makes intuitively sense: The meanµt of the Gaus-
sian is equal to the mean of the posterior, and the variance is
the sum of the between-cluster variance, i.e. the variance of the
cluster means, and the average within-cluster variance.

At high resolution, i.e. ifN is large, the within-cluster vari-
ance is negligibly small, such that (4) simplifies to

σ
2
t ≈

N
X

i=1

p(x
(i)
t |Y) · (x(i)

t − µt)
2 (5)

In the case of absence of transmission errors,p(y
(k)
t |x(i)

t )
is a Delta pulseδ(k − i), resulting in a Delta posterior at
that time. Therefore the FB algorithm needs to be performed
only inside isolated erroneous regions (bursts), i.e. when
p(y

(k)
t |x

(i)
t ) is not a Delta pdf. Then the FB recursions are ini-

tialized using the last reliable feature before and the firstreliable
feature after the burst.

This source-channel model can be improved by augment-
ing the feature vector with its temporal derivatives. This leads
to improved reconstruction performance although there areno
observations of the dynamic features at the back-end, as they
are not actually transmitted [5].

4. Multi-resolution quantization
The vector quantization scheme of the ETSI DSR standard uses
M = 6 bits forsv1 · · · sv5, 5 bits forsv6 and 8 bitssv7. The re-
sulting quantization error insures a good trade-off between loss
of recognition accuracy and limited channel bit rate.

The idea of this work is to assume that the source emits
features quantized at a lower resolution within the burst period.
The motivation for this is that, due to channel errors, the sent
feature cannot be recovered at original resolution, thus a coarse
representation should be sufficient.

This can be explained by the following consideration: if the
channel is completely unreliable, the posteriorp(xt|Y) must
equal the a priori pdfp(xt) of the features, no matter which
resolution was used for the quantization. Indeed, this result
can be obtained from eq. (2). For this extreme case we can
assume that a 1-centroid codebook was used to quantize the
source (N = 1), i.e. there is only one term in the sum of eq. (2),
andp(x

(i)
t |Y) = 1. The source model has only one state whose

cluster conditioned probabilityp(xt|x
(i)
t ) is the prior pdf. Us-

ing this in (2) we indeed obtainp(xt|Y) = p(xt).
Note that the assumption of lower resolution during error

bursts does not incur any modification of the standard. The error
mitigation scheme is still fully standard compatible!

To get the channel transition probability of lower resolution
features,p(y

(k)
t |x(i)

t ) must be projected on the lower resolution
space by:

p(y
(k)
t |x(n)

t ) =
2M

X

i=1

p(y
(k)
t |x(i)

t ) · p(x
(i)
t |x(n)

t ) (6)



wherex(n)
t denotes then-th centroid of the lower resolution

codebook,p(y
(k)
t |x(i)

t ) are the channel transition probabilities
andp(x

(i)
t |x

(n)
t ) represents the probability of sent featurex

(i)
t

when its quantization at lower resolutionx(n)
t is known. This

last term is assumed constant for thosei’s falling in the n-th
lower resolution cluster and zero otherwise.

For each subvector we trained vector quantizers on the Au-
rora 2 training set, withM − 1, M − 2, · · · , 0 bits resolution
using a Generalized Lloyd Algorithm. Similarly, we trained
vector quantizers for the dynamic components, delta and ac-
celeration of each subvector.

5. Burst length dependent processing
The transmission over the public Internet is a prominent ex-
ample for transmission encountering packet losses. According
to [7] the packet losses are bursty and they can be reproduced
by a 2-state Gilbert model. The resulting burst length distri-
bution is exponential while the short bursts are predominant.
In the experimental section of this work it can be observed
that for channel conditions with low and moderate losses, i.e.
short bursts, the performance obtained with low resolutionis al-
most the same as that by using the original front-end resolution,
however at a much lower computational expense. Therefore,
we propose to choose the resolution setting for each burst ac-
cording to its length. The appropriate mapping of burst length
to resolution can be experimentally chosen as a trade-off be-
tween concealment effectiveness and the available computing
resources. A simple solution is to compare the burst length with
a predefined threshold and perform low resolution processing
for shorter bursts and higher resolution processing for longer
one. Since the threshold can be set so that only a small amount
of burst exceeds it, the average computing time is reduced cor-
respondingly.

6. Experimental results
In this section we present the recognition accuracies obtained
using the proposed error concealment method as well as those
obtained with the standardized scheme for DSR. Further, an ap-
proximate measure of computational complexity is used to as-
sess the computational load.

The experimental setup consisted of the standard front-end
for DSR, the packet-channel model and the back-end with error
concealment and soft feature speech recognition. Each packet
contained two consecutive feature vectors. The bursty packet
losses were induced by a 2-state Markov chain, see [7], charac-
terized by the conditional loss probabilityclp and the mean loss
probabilitymlp. The set of investigated conditions are summa-
rized in Table 1.

Table 1:The conditional loss probability and mean loss proba-
bility of the four simulated network conditions.

Condition C1 C2 C3 C4

clp 0.147 0.33 0.5 0.6
mlp 0.006 0.09 0.286 0.385

The recognition task consisted of 4004 utterances of AU-
RORA 2 database, clean test set. In the absence of channel
errors the word accuracy (WAcc) was 99,14%.

The transition probabilities of the Markov source, which
models the generation of the clean features, were estimatedfor

each quantizer resolution on the clean training set of the same
database.

6.1. Source model for static components only

Table 2 shows the WAcc’s obtained with different fixed resolu-
tion settings, together with a measure of complexity per frame
and subvector. The digit string in the first column indicatesthe
number of bits used for each subvector. The first string6666658
is the resolution of the quantization scheme used in the ETSI-
DSR standard:6 bits for first five subvectorssv1, . . . , sv5, then
5 bits forsv6 and 8 bits for the last subvectorsv7. For compar-
ison, NFR denotes the nearest frame repetition approach used
by ETSI-DSR, [6]. The parameters of the posterior pdf were
computed using (3) and (5).

The second column denotes a measure of the computational
complexity per frame. As there are as many states as there are
vector quantization centroids, and assuming that each centroid
may follow each, the complexity of the FB algorithm is on the
order of2N2 per frame, whereN is the number of centroids
and the factor of2 is due the fact that there is a forward and
a backward recursion. In the unequal resolution of the ETSI
quantization scheme the subvector with the highest resolution,
i. e. sv7 with a resolution of 8 bits, gives a computational com-
plexity on the order of2N2 = 2(28)2 = 217, which clearly
dominates the contributions of all the other subvectors to the
computational complexity. For the other resolutions studied in
the Table 2, we counted the contribution of each subvector. Note
that this is only a rough estimate of the computational complex-
ity, since the HMM states are not fully connected in practice
[3].

Aditionally, the computing time of error concealment per
lost frame, measured on a workstation with 2.3 GHz Intel
Xeon 5140 at 100% processor load, is given in the third col-
umn. Comparing the complexities of resolution6666658 and
5555555 it can be seen that if all HMM states were connected,
reduction of complexity by a factor of9 would be possible with-
out any performance loss. Practically, the computing time was
shortened by the factor6.6.

However, at resolutions lower than 4 bits the performance
starts to degrade, where the degradation is strongest for the
worst channel model C4.

Table 2:Results for a source model for static components only.
Posterior variance computation according to eq. (5).

O t[µs] C1 C2 C3 C4

NFR − 99.14 98.94 97.70 94.98
6666658 ≃ 217 337 99.10 99.02 98.32 96.87
6666657 ≃ 2 · 215 190 99.10 99.02 98.27 96.81
6666656 ≃ 6 · 213 148 99.10 99.00 98.27 96.87
5555555 ≃ 7 · 211 51.0 99.10 99.00 98.24 96.79
4444444 ≃ 7 · 29 17.5 99.10 98.98 98.17 96.81
3333333 ≃ 7 · 27 6.4 99.10 98.93 98.20 96.63
2222222 ≃ 7 · 25 3.2 99.07 98.73 97.41 95.07
1111111 ≃ 7 · 23 1.93 99.07 97.64 92.33 86.86

Table 3 presents the word accuracies when the exact vari-
ance computation is used, i.e. when (5) is replaced by (4). As
this has only an effect for very low resolution, results are only
given for the coarsest three resolutions of Table 2. It can beseen
that some of the performance degradation can be recovered.



Table 3:Results for a source model for static components only.
Posterior variance computation according to eq. (4).

O C1 C2 C3 C4

3333333 ≃ 7 · 27 99.10 98.93 98.12 96.55
2222222 ≃ 7 · 25 99.08 98.83 97.43 95.43
1111111 ≃ 7 · 23 98.09 98.46 95.27 91.44

6.2. Source model for static and dynamic components

In [5] we have demonstrated that improved recognition accu-
racy can be achieved if a Markov model is used for both the
clean static and dynamic components of the feature vector. In
the second experiment we evaluated the improvement by using
this augmented source model. In order to limit complexity only
a coarse quantization was used: 3 bits for first-order deriva-
tives (velocity) and 1 bit for second-order derivatives (acceler-
ation). Still, the complexity increase is considerable. While
for the quantization table of the static components only, the
finest resolution, i.e.sv7 with 8 bit quantization, resulted in
a value of the complexity measure of217, this is now increased
to 2(28+3+1)2 = 225 in the case of a source model for static
and dynamic features. Note that the actual complexity is much
lower since the HMM transition matrix is sparse at that resolu-
tion. While the number of bits for the dynamic features was kept
fixed at 3 bit for delta and 1 bit for delta-delta, the resolution of
the static components was successively decreased, as is indi-
cated by the left column of Table 4. The results show that for
resolutions down to 5 bit, dynamic features come with notice-
able improvements. Unfortunately the increase in complexity
is enormous and makes it questionable whether the increased
word accuracy is worth the additional effort. At resolutions of
4 bits and lower, the word accuracy is limited by the resolution
of the static features, i.e. the augmented source model doesno
longer pay off in increased word accuracy.

Table 4:Results for a source model for static and dynamic com-
ponents: 3 bit delta, 1 bit delta-delta.

O t[ms] C1 C2 C3 C4

6666658 ≃ 225 64 99.10 99.07 98.47 97.46
6666657 ≃ 2 · 223 30 99.10 99.06 98.44 97.38
6666656 ≃ 7 · 221 22 99.10 99.07 98.47 97.40
5555555 ≃ 7 · 219 7.3 99.10 99.03 98.39 97.29
4444444 ≃ 7 · 217 2.3 99.10 99.02 98.27 96.83

6.3. Reduction of mean complexity by burst length depen-
dent reconstruction

Using the model with static components only, we next illustrate
the reduction of complexity based on the method proposed in
Section 5. As can be seen in the Table 2, the word accuracies
at C1 and C2, where the short bursts predominate, are less sen-
sitive to low resolutions than C3 and C4 which exhibit longer
bursts. Therefore processing the short burst at lower resolu-
tion than the longer one should gracefully degrade the accuracy
while the mean complexity decreases correspondingly. For sim-
plicity, we set the resolution to 3 bit if the burst length does not
exceed a threshold ofB frames, and 4 bit otherwise.

Table 5 shows the percentage of erroneous frames pro-
cessed at 3 bit and 4 bit resolution under C4 scenario. The
threshold setting is given in the first column. The last two

columns present the WAcc’s and the measured mean process-
ing time per frame. The results show that setting the thresh-
old B to 8, the accuracy decreases only marginally from 96.81
to 96.71%, although only30% of erroneous frames are recon-
structed at 4-bit resolution. At the same time the processing
time is reduced from 17.5 to 10µs. This corresponds to a reduc-
tion of processing time relative to6666658 (337µs) by a factor
of about 30.

Table 5:Percentage of frames processed at 3 and 4 bit resolu-
tion for C4 condition, WAcc’s and processing time per frame
depending on the burst length threshold.

B 3-bit [%] 4-bit [%] WAcc t[µs]

1 0 100 96.81 17.5
8 70 30 96.71 10
48 100 0 96.63 6.4

7. Conclusions
In Distributed Speech Recognition, feature vectors lost during
error bursts can not be reconstructed perfectly. We showed that
by attempting to reconstruct a lost feature at a lower resolu-
tion than at original resolution of the sent feature, drastic com-
plexity reduction is achieved at graceful or even no degradation
in recognition accuracy. Moreover, the approach can be easily
scaled to the available computing resources and does not incur
changes of the standard DSR front-end.
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