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Abstract
This work shows the performance of statistical-based recon-
struction techniques when a burst-like packet loss network is
used to transmit speech feature vectors on a DSR architecture.
Two different approaches to exploit prior information about the
speech are outlined. The first models the sequence of quan-
tized vectors through transition probabilities to make estima-
tions based on data-source information, while the second uses
prior knowledge of the means and covariances of the feature
vector stream to make a maximum a-posteriori (MAP) estimate
of lost vectors. These methods provide better results than those
obtained by the AURORA nearest repetition, especially in the
presence of bursts of losses. However, they require either a no-
table amount of memory or a high time complexity. Therefore,
a novel solution based on the previous methods is proposed and
evaluated.

1. Introduction
Since its beginning the Internet has not only been growing in
size, incorporating many new networks, but also in function-
ality, adding new services. As many others, voice services like
speech transmission and speech recognition are being integrated
into Internet services. Transmission services as Voice over IP
(VoIP) offer an alternative to traditional speech transmission
systems and a lot of research effort is being devoted to offer
reliable speech recognition over IP.

The Distributed Speech Recognition (DSR) [1] approach is
very attractive since it is based on a client-server architecture as
many other services on the Internet. On the client side, a front-
end analyzes, quantizes and packetizes speech data and sends
it over a communication channel. On the server side, a remote
server, called back-end, receives the speech data and performs
speech recognition. Figure 1 illustrates this architecture. In that
way, only those parameters which are relevant to the recognition
process are transmitted, reducing significantly the data rate. In
order to do so, a common front-end must be established. The
DSR standard was originally proposed in mobile environments,
so a protocol suitable for IP is being developed. IETF Audio
Video Transport workgroup, along with Motorola, are working
on a standard [2] which will define the real time protocol (RTP)
[3] payload for speech recognition. This standard can be found
as a draft and uses an equivalent format to DSR for mobile en-
vironments.

However, DSR must also deal with the packet losses typical
of IP networks. Packet losses are caused by the inability of IP
networks to offer a reliable and quality packet delivering ser-
vice, since these were designed to offer a best effort service. In
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Figure 1: Block diagram of the system architecture.

fact, on congested IP networks, routers will discard packets if
their input flow exceeds their output flow for a given data route.
In this scenario, a packet loss usually occurs in bursts, where
multiple consecutive packets are lost. Besides, new portable de-
vices like PDAs accessing to the Internet through a wireless link
are appearing. This link is subject to errors which are reflected
at the back-end as lost packets.

As a consequence of lost packets, the recognition accuracy
is diminished and error mitigation techniques are needed. In
this work two statistical-based reconstruction methods are eval-
uated. These methods use prior information about the speech
providing a better performance than the usual repetition tech-
nique proposed by the standard. The experimental framework is
established in section 2. Along with the above mentioned ones,
a novel method which joins the advantages of both methods is
described in section 3. Finally, simulation results are shown in
section 4 and conclusions in section 5.

2. Experimental Framework
2.1. Database, Front-end and Recognizer

To evaluate and compare the mitigation techniques proposed
in this paper, the ETSI STQ-AURORA Project Database 2.0
experimental framework was adopted [4]. The speech data
has been extracted from clean sentences of the Aurora-2
database (connected digits spoken by American English speak-
ers). Training is performed from a set of 8440 utterances and
test is carried out over the 4004 clean sentences of set A.

The front-end used in this work is the one proposed in the
ETSI standard [1]. 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
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Figure 2: Three state packet loss model.

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 rep-
resented by a vector ct (ct ∈ {c

(i); (i = 0, . . . , 2M − 1)})
(M=6, 8 in this work). The corresponding SVQ indexes it (at
time t) are encoded and sent over an IP network.

IP networks send data through datagrams or packets. Packet
transmission is performed according to the DSR draft for IP [2].
In order to reduce the transmission overhead, each packet con-
tains at least the speech features from two short-time analysis
frames. Thus, when a packet is lost we lose two feature vectors.
Although more than a pair of feature vectors can be sent per
packet, it is not recommended to do so since the loss of those
packets will cause the appearance of longer bursts.

DSR payload frames are embedded on RTP frames which
include a sequence number. Thanks to this number, lost pack-
ets can be identified and reconstructed. Bolot [5] studied the
distribution of packet loss in Internet and concluded that it oc-
curs in bursts and could be approximated by a Markovian loss
model. In this work, packet loss is modeled using a three state
Markov chain with no explicit duration distribution to model
burst lengths [6]. Figure 2 illustrates the model topology. This
model allows to independently set the packet loss rate and the
average burst length by means of transition probabilities, be-
ing specially suitable to evaluate reconstruction algorithms in a
wide range of conditions. These conditions will comprise from
a packet loss rate from 10% to 50% (with 10% increments) with
an average burst lenght of 1, 4, 8, 12 and 20 packets.

3. Statistical-based Reconstruction
Techniques

3.1. Data-Source Techniques

Data-source reconstruction techniques are based on the model-
ing of the data source by means of transition probabilities from
a given symbol i (or sequence of them) to another symbol j (or
sequence of them). A prediction for a lost sequence of sym-
bols can be accomplished through this model and the received

symbols [7].
From the IP network, considered as our data source, we

receive quantized speech features, that is, SVQ indexes (i =
0, . . . , 2M − 1) or symbols which represent a pair of features.
From now on, we will focus on the mitigation of a given feature
pair (the rest of feature pairs are processed in the same way).
When a packet loss of 2B length occurs at time t = 1, we
will use the last received SVQ index before the burst (i0) and
the first one after it (i2B+1), to build two estimations. These
estimations try to minimize the minimum mean square error in
accordance with the transition probabilities of the model [8].
Assuming the transition probabilities are time independent, the
estimation only depends on the received index and the distance
in time to it (l), but not on the current time instant t. Therefore,
a precalculated sequence of estimations can be stored for each
possible symbol i:

EF (i) = (ĉ1(i), ĉ2(i), . . . , ĉL(i))

EB(i) = (ĉ−L(i), ĉ−L+1(i), . . . , ĉ−1(i))

ĉl(i) =

2M
−1∑

j=0

c
(j)

P (it+l = j|it = i)

(1)

where EF (i) is the forward estimation and EB(i) is the back-
ward estimation for a symbol i, L is the maximum length for the
estimation sequence and c

(j) is the feature pair corresponding
to the symbol j.

When a burst occurs, the first B speech feature pairs are re-
constructed through the forward estimation of i0 (EF (i0)) and
the last B speech feature pairs are reconstructed through the
backward estimation of i2B+1 (EB(i2B+1)). If B is greater
than L, then the estimations from time t = L and t = 2B −
L+ 1 are repeated toward the middle of the burst.

Further results can be obtained if we extend the
above mitigation scheme to a N -order data-source model
where the estimations depend on several symbols previ-
ous to the burst, EF (i0, i−1, . . . , i−N ), and next to it,
EB(i2B+1, i2B+2, . . . , i2B+N ). Although the previous formu-
las can be easily extended in order to do so, the main problem is
to store the sequences of estimations, due to the huge amount of
possible combinations of indexes ((2M − 1)N with M = 6, 8).

However, not all the combinations appear with an equal fre-
quency in the database. In fact, some combinations do not even
appear. Therefore, we can solve this problem by storing only
those combinations whose appearance frequency in the training
database is bigger than a certain threshold µ. This consider-
ably reduces the required amount of precalculated data and also
has a beneficial effect because those combinations with a low
frequency of appearance often have bad forward/backward esti-
mations (there are less than µ examples to train them).

When a burst appears, we build a forward reference combi-
nation of length N taking the N indexes previous to the burst.
If the first lost vector is at time t = 1, then we will take the SVQ
indexes i0, i−1, . . . , i−N . At this step, it is possible that we can
not build the reference combination because there are not pre-
vious speech vectors at certain time t = −r, due to a previous
packet loss or an utterance beginning. Since the 0th order in-
terpolation works well as reconstruction technique, we can sup-
pose that the unknown indexes (i

−r, . . . , i−N ) are copies of the
first known index (i

−r+1).
Once the forward reference combination has been built, we

search it in the table of registers, getting its corresponding for-
ward estimation and replacing the first B speech feature pairs
with it. An example diagram of a forward reconstruction with
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Figure 3: Forward reconstruction of two feature pairs based on
a 3th order source model.

an N = 3 order model can be found in figure 3.
In order to perform the backward reconstruction, we build

a backward reference combination for each feature pair in an
analogous way as we did in the forward case. Then, we search
the reference in the table and replace the last B feature pairs
with the corresponding backward estimation.

3.2. MAP Estimation

Another approach for estimating the value of lost vectors
through statistical information is the maximum a-posteriori
(MAP) estimation [9]. In MAP estimation, a sequence of lost
vectors, Xm, are calculated in order to maximize their likeli-
hood conditioned on the values of the correctly received vec-
tors, Xo, and the overall distribution of the feature vector stream
P (X;µ, σ). Assuming this distribution is Gaussian, the MAP
estimation can be simplified to a linear regression [10] given by,

X̂m = µm +ΣmoΣ
−1
oo (Xo − µo) (2)

where µm and µo are the mean vectors of Xm and Xo respec-
tively, Σoo is the auto-covariance matrix of Xo and Σmo is the
cross-covariance matrix between Xm and Xo.

In order to obtain µm and Σmo, wide-sense stationarity
is assumed, thus the mean and covariance of the speech fea-
tures are assumed to be independent of their position in time.
Given the kth

1 coefficient of the feature vector at time instant t1,
S(t1, k1), and the kth

2 coefficient of the feature vector at time
t2, S(t2, k2), their means and covariance are given as:

µ(t1, k1) = E[S(t, k1)] = µ(k1)

µ(t2, k2) = E[S(t, k2)] = µ(k2)

E[(S(t1, k1)− µ(k1))(S(t2, k2)− µ(k2)] =

c(t1 − t2, k1, k2) = c(τ, k1, k2)

(3)

where E[] is the expectation operator, µ(k) is the expected
value of each coefficient in a feature vector and c(τ, k1, k2) de-
fines the covariance between any coefficient and any other coef-
ficient τ time instants later in a feature vector sequence. Since

both the mean of all the components and the covariance between
any two components are known in the feature vector sequence,
µm and Σmo can be constructed (and also µo and Σ−1

oo ) and
equation 2 can be solved.

Due to the inversion of large covariance matrices (Σ−1
oo ), in

practice not all the received features in the utterance are used
in Xo as this imposes too much of a computational overhead.
Instead, Xo is limited to a few vectors around the region of the
loss. However, the more observations are taken into account in
the MAP estimation, the better estimations are obtained.

For this reason, the size of the auto-covariance matrix must
be reduced by reconstructing each coefficient of the feature
vector separately from the most relevant observed coefficients.
In particular the DCT operation applied during feature extrac-
tion means that coefficients are considerably more correlated
along time than quefrency. Therefore, when a burst appears
from t = 1 to t = 2B, each coefficient of the lost vector,
Sl(t, k), is reconstructed from received features using the same
vector coefficient, i.e., So(−N, k), . . . , So(0, k), So(2B +
1, k), . . . , So(2B +N, k).

3.3. Hybrid solution

The data-source technique is very fast since the estimations are
precalculated and the only operation implied is the search of the
reference combinations. The time complexity of the sequential
search is Θ(n), where n is the size of the register table. How-
ever, arranging the combinations in the table, we can use a bi-
nary search whose complexity is Θ(log(n)). On the contrary,
it needs a large amount of memory. This memory requirement
can be partially solved by quantizing the estimations.

On the other hand, the memory requirements of the MAP
estimation are reasonably low. However, matrix inversions are
required whose time complexity is Θ(n3), where n is the num-
ber of observations employed in the MAP estimation.

The data-source and MAP techniques can be combined, re-
sulting in a novel technique which not only offers better results,
but also requires less memory than the data-source technique
and less computation than the MAP estimation.

In the source-model technique, when a certain reference
combination did not appear in the table of estimations, 0th or-
der interpolation was applied. This assured us that the tech-
nique obtained, in the worst case, at least the same results as
the AURORA reconstruction. By using the MAP estimation in-
stead of the 0th order interpolation, it is possible not only to
assure better results in the worst case, but also to be more re-
strictive with the frequency of appearance of the combinations
by setting a higher threshold µ. A higher threshold implies a
reduction on the amount of memory required but also, since the
rejected combinations do not frequently appear in the training
database, MAP estimation is only used in a few cases during the
reconstruction.

4. Results
Previous techniques have been evaluated under the channel
model and conditions described in section 2, that is, at packet
loss rates from 10% to 50% and average burst lengths of 1, 4,
8, 12 and 20 packets, with 2 vectors per packet. Table 1 shows
the performance on recognition accuracy of the standard recon-
struction technique (nearest repetition) whilst table 2 shows the
performance of a 3thorder source model reconstruction. The
length of the sequence of estimations is limited to L = 40,
while the acceptance threshold have been set to µ = 10, that is,
a combination of symbols must appear 10 times in the training



Av. burst length
Packet loss rate 1 4 8 12 20

10% 99.05 96.72 93.35 92.35 90.91
20% 98.99 93.45 87.95 84.47 82.01
30% 98.98 91.34 82.05 76.64 74.09
40% 98.91 87.69 76.19 69.48 66.47
50% 98.92 84.12 69.48 63.96 57.97

Table 1: Results on accuracy recognition with standard recon-
struction

Av. burst length
Packet loss rate 1 4 8 12 20

10% 99.05 97.22 94.64 93.69 92.29
20% 99.02 94.69 90.45 87.27 84.58
30% 99.00 93.22 85.92 80.72 76.98
40% 98.93 90.30 80.77 74.73 70.73
50% 98.90 87.51 75.63 69.56 63.07

Table 2: Results on accuracy recognition with the Data-Source
estimation.

database in order to store its forward and backward estimation.
This reduces the number of stored combinations from 18 mil-
lion to less than 132K.

Table 3 shows the performance of the MAP estimation. The
MAP estimation is computed through the 10 coefficient values
in the same quefrency previous to the estimating vector and the
10 values next to it.

Finally, in table 4, the performance of the hybrid technique
can be found. The MAP and the data-source parameters are the
same as before, except for the threshold µ which has been set
to 100 instead of 10. This offers a reduction on the number of
stored combinations from 132K to less than 17K.

5. Conclusions
This work addresses the problem of remote speech recognition
on packet switched networks as Internet. Due to fact that IP
networks were designed to offer a best effort service, they are
unable to offer a reliable and quality packet delivering service,
causing packet loss.

The DSR approach is very attractive for IP networks since
it is based on a client-server architecture as many other services.
This work is focused on reconstruction techniques suitable for
a DSR architecture which transmits speech feature vectors over
a burst-like packet loss network.

Techniques based on the modeling of the data source
through transition probabilities and MAP estimation are de-
scribed in this paper. Both techniques offer a superior perfor-
mance when compared with the reconstruction based on the
nearest repetition. However, the data-source one requires a large
amount of memory and the MAP has a high time complex-
ity. On the other hand, source-based reconstruction is a very
fast technique whilst MAP estimation requires a reasonably low
amount of stored data.

For this reasons, a new hybrid technique is proposed. This
techniques offers a trade off between the previous techniques.
While it requires less memory and computational resources than
the data-source and the MAP reconstruction, respectively, better
results are obtained.

Av. burst length
Packet loss rate 1 4 8 12 20

10% 99.02 97.24 94.76 93.73 92.34
20% 99.05 94.83 90.66 87.50 84.78
30% 99.01 92.98 85.10 80.76 77.45
40% 98.99 90.30 80.58 74.70 71.00
50% 98.92 87.35 75.46 69.21 63.28

Table 3: Results on accuracy recognition with the MAP estima-
tion.

Av. burst length
Packet loss rate 1 4 8 12 20

10% 99.06 97.21 94.89 93.93 92.45
20% 99.00 94.78 90.64 87.67 84.89
30% 98.98 93.30 86.31 81.19 77.59
40% 98.94 90.29 80.80 75.14 71.36
50% 98.91 87.59 75.96 70.47 64.07

Table 4: Results on accuracy recognition with the Hybrid re-
construction.
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