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Abstract

This paper addresses the problems involved in performing 

speech recognition over mobile and IP networks. The main

problem is speech data loss caused by packet loss in the

network. We present two missing-feature-based approaches

that recover lost regions of speech data. These approaches are

based on reconstruction of missing frames or on marginal 

distributions. For comparison, we also use a tacking method, 

which recognizes only received data. We evaluate these

approaches with packet loss models, i.e., random loss and

Gilbert loss models. The results show that the

marginal-distributions-based approach is most effective for a 

packet loss environment; the degradation of word accuracy is

only 5% when the packet loss rate is 30% and only 3% when

mean burst loss length is 24 frames.

1. Introduction 

As Internet technologies have grown, speech functions, such

as the speech recognition function, have been incorporated.

Moreover, with the widespread use of mobile phones and

PDAs, speech recognition services over the Internet and

mobile networks are expected to increase. However, low-bit

rate voice codecs are not suitable for speech recognition, and

so speech recognizers are likely to have poor recognition

performance.  Speech processing resources at the client

terminal is also a significant problem.

To address these problems, the Distributed Speech

Recognition (DSR) system has been standardized in the ETSI 

Aurora group [1][2]. In DSR, speech features are calculated

and compressed at the client terminal and then transmitted

over the network to the server. At the server, features are

decompressed and recognition is performed.

Since low latency is expected for voice dialogues between

a user and a voice service, it is desirable to use the DSR

payload in an RTP-based session [3]. However, packets are

discarded at the routers in the case of a congested network.

Then, voice data is lost, since RTP is not a re-send

mechanism for lost packets. Moreover, burst loss occurs in 

the actual network; therefore, degradation of speech

recognition performance is considered significant [4]-[7].

There are several approaches to deal with packet loss in 

ASR, and the three major approaches are described bellow.

The first method uses forward error correlation (FEC) for

recovery of the lost data [4]. The second method is the data
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ding approach to avoid data loss [5].  However, the

method has a tradeoff relationship between speech 

ition performance and compression rates, while the 

d method has a trade-off between recognition 

mance and delay. Moreover, the re-sending method 

 much additional traffic load. The third method uses 

terpolation to fill in the lost frames [6][7], but this may

ifficulty with burst loss.

ata interpolation methods have been compared with the

nal distributed approach (marginalization method) for

ition of noise-added data [8]. In this paper, we propose 

pplying the marginalization method to packet loss. We 

t simulation results by using Internet-based DSR when

nterpolation, marginalization, and tacking methods are 

d. We use random loss and Gilbert loss models as the

t loss models in our simulation.

e rest of the paper is organized as follows. In sections

and 4, we described the data interpolation method, 

nalization, and the tacking method, respectively. In

n 5, we describe our experimental framework. Section 5 

ts the results with the random loss and Gilbert loss 

s and section 6 gives our conclusions.

2. Data interpolation for packet loss 

ata interpolation approach is applied to the continuous 

y HMM (CDHMM) framework, and it uses estimated

e vectors for speech recognition. Fig. 1 illustrates the

nterpolation function block at the DSR remote server.

steps are needed for data interpolation: frame loss

ion and feature vector estimation. The advantage of this

d is that it needs no modification of the speech

izer.
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ig. 1: Block diagram of data interpolation approach 



2.1. Frame loss detection 

Fame loss detection is processed in the preparation of data

interpolation. In the case of RTP transmission, packet loss can

be detected by reference to the sequence number in the RTP 

header. By using data size information in the UDP header and

a sequence number in the RTP header, the number of loss

frames can also be calculated, since the frame pairs for DSR

data is a fixed size [1]-[3].

2.2. Feature vector estimation

Data interpolation is applied to each element of the feature

vector. In this paper, we simulate two estimation methods as

described below. In the following, 

form a speech vector stream. In addition, it is assumed that

the -th (1 ) frame is lost. 

},,,{ 21 NXXXx

m Nm

2.2.1. Data interpolation with average of study data
(DI-ASD)

In the first data interpolation method, lost data is interpolated

by the average of the training data. Then, lost feature vector

is estimated asmX̂

DXm
ˆ , (1) 

where D is the average of training data. We assumed this

method as a baseline method. 

2.2.2. Data interpolation with received data (DI-RD)

The second data interpolation method uses circumjacent data

for estimation of lost data. Then, lost feature vector is

estimated with in the range
mX̂

m bmf as follows, 
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where and are the two mean vectors on either

side of the lost feature vectors, and and are the times

of those two vectors. , , and are calculated as

follows,
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where and are the numbers of feature vectors

used for data interpolation, and is the time of the -th

frame.
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3. Marginalization

The second method used to solve the packet loss problem is a 

marginalization method. A block diagram for the 

marginalization method is shown in Fig. 2. Received feature 

vectors are not processed but put into the speech recognizer

direct
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ly. Adapting estimation computations requires very

extra complexity and only a modification of the existing

h recognizer. For this process, frame loss detection is 

eeded, and it is processed in the same manner as in the

f data interpolation.

t the speech recognizer, the marginalization method is

pplied in CDHMM. The likelihood function in the

 node is given byC

 (5) 
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ere, M represents the number of mixture components,

presents the mixture weight for mixture component j ,

represents a univariate Gaussian distribution 

on for the input feature of the -th frame , and

re component

), 2
j; j

i iX

j has a variance  and mean2
j j .
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Fig. 2: Block diagram of marginalization method

4. Tacking 

acking method is a simple recognition method, which

treats received data as if they are continuous data. In

ethod, received feature vectors are simply recognized as

oss condition.

 this method, modifications are not needed for

cessing of recognition and recognizer as illustrated in

. 
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Fig. 3: Block diagram of tacking method

5. Experimental framework

est conditions

xperiments used the back-end framework as defined by

SI Aurora group [9]. We used the Aurora2 database,

is a TI digit database artificially distorted by adding

and using a simulated channel distortion.

TK is used for training (multi-condition) and



recognition. The digits are modeled as whole word HMMs 

that have 16 states with 3 Gaussians per state. The silence

model has 3 states with 6 Gaussians per state. A one-state

short pause model is used and tied with the second state of the

silence model. 

A vector size of 39 is used for recognition, which includes

the cepstral coefficients (without the zero-th coefficient) and

the logarithmic frame energy plus the corresponding delta and

acceleration coefficients.

5.2. Network scenarios

Our experiments use two major packet loss models: the

random loss and Gilbert loss models. For simplification, we 

assumed that each packet had one frame. Details are given

below.

5.2.1. Random loss model 

The random loss model is the simplest loss model, in which

each packet is independent. We can simulate this model only

by setting the loss probability for each frame. However, this

model is much different from actual network behavior.

5.2.2. Gilbert loss model

A two-state Markovian loss model, named the Gilbert loss

model [10], can have packet loss that is independent on a

frame-by-frame basis like an actual network. In this model,

state transition is frame-by-frame with the transition

probability  and , as illustrated in Fig. 4.p q

normal
state

loss
state

p

q

Fig. 4: Gilbert loss model 

Then, mean burst loss length is calculated by

geometric distribution with the probability , that is,
bL

q

qLb 1 . Concurrently, packet loss rate is given bylP

)qp(pPl . Therefore, we can simulate the desired

packet loss rate and mean burst loss length only by setting the

transition probability  and q .p

6. Results 

6.1. Random loss evaluation 

We evaluated the performance of speech recognition with the

random loss rate from 0% to 30%. The recognition results are

shown in Fig. 5. 

It was found that the word accuracy of the marginalization

method, the other data interpolation method (DI-RD), and the

tacking method were improved over the baseline method

(DI-A
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SD). In particular, marginalization showed the best

 where the degradation of word accuracy was 1% while

t loss increased to 30%. 

t less than 15% packet loss, the word accuracy of

g was better than that of DI-RD. This is because the

er of deletion errors is smaller than the sum of insertion

 and substitution errors. However, as packet loss

sed, the number of deletion errors increased rapidly, and

e word accuracy of the tacking method decreased.

e also investigated two types of DI-RD methods, where

eter equals 0 and 1. It was found that word

cy of the former was better than that of the latter.

ugh the former method is assumed capable of

tructing the loss frame in the case of clean data, its

tion is not correct in the case of a noisy environment.
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ig. 5: Word accuracy against Packet loss rate with 

random loss model 
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6.2. Gilbert loss evaluation

Fig. 6 compares the word accuracies of the marginalization,

DI-ASD, DI-RD, and tacking methods with the Gilbert loss 

model, where mean of burst loss length is 4. Compared with

the random loss result, degradation of word accuracy against

packet loss rate was large. It was also considered that

marginalization was robust for burst loss, since degradation of 

marginalization was about 5% while packet loss was 30%. 
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We also evaluated word accuracy against mean burst loss

length when packet loss equaled 10% as plotted in Fig. 7. As 

mean burst loss length increased, the word accuracy of the

marginalization, DI-RD, and tacking methods decreased,

while on the other hand the word accuracy of DI-ASD

increased.

[1]

[2]

It was found that degradation of word accuracy with the

marginalization method was about 3%, which was smaller 

than that of DI-RD and tacking. Consequently,

marginalization is relative robust against the burst packet loss. 
[3]On the other hand, it was found that the word accuracy of

DI-ASD increased as the mean burst loss length increased.

This is because the sum of the substitution errors and the 

insertion errors decreased, since noisy data was lost. [4]
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Fig. 7: Word accuracy against mean burst loss length 

with Gilbert loss model [9]

7. Conclusions 

[10]We proposed applying a marginalization method for packet

loss and compared different approaches to the packet loss

problem with the task of DSR under the noisy condition. In

our experiments with random loss and Gilbert loss models, we

demonstrated that the marginalization method is more

effective than other approaches to the packet loss problem in

the case of a large packet loss rate and a long burst loss length.

The degradation of word accuracy was only 5% when the

packet loss rate was 30%, and only 3% when mean burst loss 

length was 24 frames.
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