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Abstract 
In this paper, we develop a new mitigation technique for a 
distributed speech recognition system over IP. We have 
designed and tested several methods to improve the 
interpolation used in the Aurora DSR ETSI standard without 
any significant increase of computational cost at the decoder. 
These methods make use of the information contained in the 
data-source, because, in IP networks, unlike in cellular 
networks, no information is received during packet losses. 

When a packet loss occurs, the lost information can be 
reconstructed through estimations from the N nearest received 
packets. Due to the enormous amount of combinations from 
previous and next received speech vector sequences, we have 
developed a methodology that drastically reduces the amount 
of required estimations.  

1. Introduction 
Since its beginning, Internet has been growing in size, 
incorporating many new networks, as well as in functionality, 
adding new services. As many other features have been 
integrated into Internet services, such as shopping, marketing 
and so on, Internet telephony services have also been 
incorporated. Nowadays, new services, such as Voice over IP 
(VoIP), offer an alternative to traditional speech transmission 
systems. 

Researchers and developers have been trying to integrate 
speech recognition services into VoIP. However, two major 
VoIP distortion sources, speech codec and packet losses, 
decrease appreciably recognition accuracy [1],[2]. 

Speech codec distortion can be avoided under an Internet-
based Distributed Speech Recognition (DSR). As many other 
services over Internet, it is based on a client-server 
architecture. On one hand, a simple and low power client, 
called front-end, analyzes, quantizes and packetizes speech 
data and sends it over the communication channel. On the 
other hand, a remote server, called back-end, receives the 
speech data and performs speech recognition. Thus 
recognition is not performed over encoded speech, because 
only those parameters which are relevant to the recognition 
process are transmitted through the channel. This scheme was 
proposed in [3] and it is an adaptation from the cellular ETSI 
DSR standard [4] to IP networks. The corresponding block 
diagram is shown in Figure 1.  

Under this scheme, speech codec distortion is avoided 
because the parameters being used are directly extracted from 
the original speech, although the distortion due to packet 
losses is still present. . 
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Figure 1: Block diagram of system architecture. 

cket losses are caused by the unsuitability of IP 
rks to offer a reliable and quality packet delivering 
e, since they were designed to offer a best effort 
e. In fact, on congested IP networks, routers will discard 
ts if their input flow exceeds their output flow for a 
 data route. In this scenario, a packet loss usually occurs 
sts, where multiple consecutive packets are lost.  
s a consequence, the recognition accuracy is diminished 
n error mitigation technique is needed. According to the 
omy of error concealment and reparation techniques 
bed on [5], we will focus on concealment techniques 
med by the receiver.  
 this paper, we first describe the experimental 
work under which our techniques were run. Afterwards, 
xplain several methods of using the information 
ned in the data-source to obtain recognition accuracy 
vements over lossy packet channels. And finally, we 
the obtained results using our algorithms. 

2. Experimental Framework 
xperimental framework is very similar to that proposed 
,[6]. At the user side, we will have a thin client that 
ts, codes and sends only those parameters relevant to the 
nition process. At the server side, the back-end receives 
eech parameters, applies some kind of mitigation over 

 and performs recognition. Speech parameters are 
itted over IP networks, so they should be packed and 

ccording to this kind of networks. 

atabase, Front-end and Recognizer. 

aluate and compare the mitigation techniques proposed 
 paper, the ETSI STQ-AURORA Project Database 2.0 

imental framework was adopted [7],[8]. The speech data 
een extracted from clean sentences of the Aurora-2 
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database (connected digits spoken by American English 
speakers). Training is performed from a set of 8440 utterances 
containing a total of 55 male and 55 female adult speakers, 
and test is carried out over the clean sentences of set A, with 
4004 utterances distributed into 4 subsets. 

The front-end used in this work is the one proposed in the 
ETSI standard [4]. This front-end provides a 14-dimension 
feature vector containing 13 MFCCs (including the 0th order 
one) plus log-energy. These features are grouped into pairs 
and quantized by means of seven Split Vector Quantizers 
(SVQ). All codebooks have a 64-center size (6 bits), except 
the one for MFCC-0 and log-Energy, which has 256 centers 
(8 bits).  

The recognizer is the one provided by Aurora and uses 
eleven 16-state continuous HMM word models, (plus silence 
and pause, that have 3 and 1 states, respectively) with 3 
Gaussians per state (except silence, with 6 Gaussians per 
state). 

2.2. Transmission and Channel Model. 

After the SVQ quantization, each feature pair at time t is 
represented by a vector ct (ct ∈ {c(i); (i = 0,…,2M -1)}) (M=6, 
8 in this work). The corresponding SVQ indices it (at time t) 
are encoded and sent over an IP network. 

IP networks send data through datagrams or packets. In 
order to reduce the transmission overhead, we will consider 
that each packet contains speech features from two short-time 
analysis frames. Then, when a packet is lost we lose two 
feature vectors. This has been intentionally made, since 
sending one frame per packet could overload the network 
(packet header and payload would be similar in size). 
Furthermore, we want to focus over mitigation capabilities 
upon large burst losses. 

Bolot [9] studied the distribution of packet loss in Internet 
and concluded that this could be approximated by a 
Markovian loss model such as a Gilbert model. We use this 
model to simulate packet losses. The Gilbert model is a two-
state Markov model, as shown in figure 2.  

In state 1 the packet is lost, so that, the packet loss rate 
(PLR) can be calculated as: 

 )/( qppPLR +=  (1) 

The tests were run under the loss condition probabilities 
reported in Table 1. These conditions are the same as the ones 
used in other works over IP [3], plus a new condition (5) with 
even larger bursts.  

3. Mitigation Techniques 

3.1. Aurora Mitigation Algorithm 

Although the ETSI standard over DSR was developed in the 
context of digital cellular telephony, the same error mitigation 
algorithm can be used in speech recognition over IP. Frames 
received with errors can be associated to lost packets in the 
context of IP transmission.  

In that form, if there are B consecutive lost packets, 
corresponding to 2B speech feature vectors, then the first B 
speech vectors are reconstructed with a copy of the last 
received speech vector before the burst and the last B speech 
vectors are reconstructed with a copy of the first received 
speech vector after the burst.  
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Figure 2: Gilbert Model. State 0 is the normal state 
and state 1 causes packet loss. 

Condition p q PLR 
0 0 1 0 
1 0.005 0.853 0.006 
2 0.006 0.670 0.090 
3 0.200 0.500 0.286 
4 0.250 0.340 0.424 
5 0.300 0.300 0.500 

able 1: Probability values and PLR for each condition. 

ill use this 0th order interpolation as reference in our 
iments.  

irst order Data-Source model. 

itly, 0th order interpolation uses information about the 
ource. That is, since the speech features change quite 
, an acceptable estimation of lost speech vectors is the 
t available speech vector. However, the information 
ned in the source can be exploited to get better 
tions of the lost vectors. The problem is how to model 
formation in an efficient way. 
om now on, we will focus on the mitigation of a given 
e pair. The rest of feature pairs are processed in the 
way. When a packet loss of 2B length occurs at time 
e will use the last received SVQ index before the burst 
d the first one after it (i2B+1), to build an estimation of 

st packets. 
r each SVQ index (i = 0,…,2M -1), we obtain an 
tion for the sequence of next feature pairs, called 

rd estimation, and for the sequence of previous feature 
 called backward estimation, both of them with a certain 
length L. In order to build the forward estimation, we 
 each index in the training database and average the 

nces of feature pairs which follow it. Similarly, for the 
ard estimation, we search each SVQ index in the 
se and average sequences of feature pairs previous to it.  

ion (2) expresses this. It is an adaptation of the 
um mean square estimation formula proposed in [10].  
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If we consider a burst starting at t=1 and finishing at t=2B, 
then the first B speech feature pairs will be reconstructed with 
the forward estimation EF(i0) where i0 is the last received 
SVQ index before the burst, and the last B speech feature 
pairs will be reconstructed with the backward estimation 
EB(i2B+1), where i2B+1 is the first received SVQ index after the 
burst. If B is greater than L, then we will simply repeat the 
estimations from time t=L and t=2B-L+1 towards the middle 
of the burst. 

The memory requirements of this technique are small. It 
is necessary to store six tables of size 64x2x2xL (forward, 
backward and two speech features per index), plus one of size 
256x2x2xL. 

3.3. Second order Data-Source model. 

The previous scheme can be extended to an estimation based 
on the two nearest correct frames. In this case, we will have 
to calculate a forward or backward estimation for every 
combination of two indices. 

The reconstruction algorithm is similar to the first-order 
one. The first B speech feature pairs are reconstructed through 
the forward estimation from the two last received indices 
before the burst EF(i-1,i0), and the last B speech feature pairs 
are reconstructed through the backward estimation from the 
two first received indices after the burst EB(i2B+1,i2B+2). As 
before, if B is greater than L, then we will repeat the 
estimations at time t=L and t=2B-L+1 to the middle of the 
burst. 

For this method, it is necessary to store six tables of size 
64x64x4L, plus one of size 256x256x4L. It is a big amount of 
memory but it is still affordable for computers available 
nowadays.  

3.4. Compressed N-order Data-Source model. 

The extension of the above mitigation scheme to N-order 
data-source model is not affordable in the previous form. As 
we can see, the amount of required memory increases 
exponentially: we would need six tables of size 64Nx4L plus 
one of size 256Nx4L.  

In the previous scheme we had exhaustive tables with 
each combination of two SVQ indices. However, this is not 
an efficient memory organization since some combinations do 
not even appear. Furthermore, not all the combinations appear 
with equal frequency in the database. Instead of that, we 
propose a different organization that considerably reduces the 
required amount of precalculated data.  

We associate a register with a sequence of indices with a 
certain length N. Initially, there are as many registers as 
sequences or combinations of length N (64N or 256N 
depending on the SVQ quantizer). However, we only record 
those registers that appear more than a certain number µ of 
times in the training database. This can be easily done 
through an “N-to-N” comparison algorithm applied to a 
quantized training database.  

Eliminating those registers which do not appear in the 
database or do not appear enough also has a beneficial side 
effect because these registers usually have bad 
forward/backward estimations. The amount of eliminated 
registers is notable and depends on threshold µ. Therefore, we 
can control the size of the register table through it. 
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igure 3: Forward reconstruction example of 2 feature 
pairs using compressed 3th static order estimation. 

hen a burst appears, we build a previous reference 
er of length N for each feature pair taking the N indices 
us to the burst. If the first lost vector is at time t=1, 
e will take the SVQ indices (i-(N-1),i-(N-2),…,i0). At this 

t is possible that we can not build the reference register 
se there are not previous speech vectors at certain time 
ue to a previous packet loss to this burst or an utterance 

ning. We can follow two different approaches: 
ince a 0th order interpolation works well as 
econstruction technique, we can suppose that unknown 
ndices (i-(N-1),…,i-r) are copies of the known index i-r+1. 

lso, we can reduce the length of the reference register 
rom N to R and recalculate the forward estimation as an 
verage of all forward estimations of the registers which 
ontain the same R-length reference register at the end. 

hen the previous reference register has been built, we 
 each reference register in the table of registers, getting 
rresponding forward estimation or re-estimating it (with 
gth reference registers), and replacing the first B speech 
e pairs with them. An example diagram of a forward 
struction with 3 length registers can be found in figure 3 
e it(k) means the index i at time t of codebook k). 
 order to perform the backward reconstruction, we build 
 reference register for each feature pair in an analogous 
o the previous reference register. If the last lost vector is 
e t=2B, then we will take the SVQ indices (i2B+1, 
, i2B+N). Similarly to the previous reference register, 

n take two ways when there are not next speech vectors 
a given time t=2B+r: 1) To replace the unknown indices 
…, i2B+N) with copies of the known index i2B+r-1 or 2) to 
e the length of the reference register and recalculate the 
ard estimation as average of all the backward 
tions of the registers which contain the same R-length 

nce register at the beginning. After this, we search in 
ble and replace the last B feature pairs with the 
ponding backward estimation. 
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If a reference register which is not in the table of registers 
is found, we will use a 0th order interpolation as mitigation 
technique.  

Compared to exhaustive tables, this method offers a trade-
off between memory resources and complexity requirements, 
as it is necessary to carry out a search over seven tables of 
registers. The sequential search complexity is of the order 
O(n), where n is the size of the register table.  However, 
arranging the registers in the table we can use a binary search 
whose complexity is of the order O(log(n)). It must be taken 
into account that the binary search can not be applied under 
R-length reference registers. 

4. Experimental Results 
We have limited the compressed N-order method to N=3. 
Using exhaustive tables we would have more than 18 million 
estimations. However, using the most frequent registers with 
a µ  threshold equal to 10 times, we have only 131.462 
registers, with its corresponding estimations. As it can be 
seen, the required memory reduction is impressive. 

The estimation length (L) has been set equal to 10, so the 
algorithm will be able to solve burst lengths up to 10 lost 
packets (20 lost vectors) without estimation repetition. Also, 
we have quantized the estimations to reduce memory 
requirements, so a pair of features (usually two floats of 4 
bytes) is represented by an index (coded with only 1 byte). 
This means an 8:1 size reduction in the estimation tables. 

We have also tested the two possible ways of building 
registers when there are not N received indices available. 
These experiments are called static 3rd est. and dynamic 3rd 
est. In the first one, we use copied values repeating the 
nearest received vector for the unknown ones. In the second 
one, we reduced the 3 length register to 2 or 1 indices. 

Figure 4 shows the results obtained by 0th order 
interpolation (0th interp.), 1st and 2nd order source-model 
estimations (1st est. and 2nd est.), and compressed 3rd order 
source-model estimations with static (static 3rd est.) and 
dynamic length (dynamic 3rd est.). We got the best results in 
the static 3rd est. experiment, where improvements over 
speech recognition accuracy were up to 2.29% for condition 5 
and 1.16% and 0.5% for condition 4 and 3 respectively. That 
is, we got a relative improvement of 20-22% as regards 
Aurora mitigation algorithm. 

Finally, a binary search over 132K registers take less than 
18 steps and, besides, the estimations are always 
precomputed, so the computational cost involved by the static 
length algorithm is comparable to the 0th order interpolation 
one. In view of the results obtained over static length and 
dynamic length, it is clearly preferable the first one, since the 
second one gets worse accuracy and its computational 
performance is lower. 

5. Conclusions 
In this work, we have developed a new mitigation technique 
based on a data-source model that does not add a significant 
increase of computational cost at decoder. This is possible 
thanks to the methodology described in this paper, in which 
we can use precomputed estimations based on the N nearest 
speech vectors received before and after a burst of lost 
packets, without an exponential increasing of memory 
requirements.  
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Figure 4: Results of the proposed reconstruction 
techniques over the six conditions. 

his new methodology opens new ways to reconstruct 
quences through modeling the source information from 

ning database. It could also be applied in other fields 
 the data-source is correlated. 
omputational costs are similar to a 0th order 
olation, and memory requirements can be restricted 
ing to the available resources. 
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