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Abstract
The problem of encoding speech features in the context of a distributed speech recognition system is addressed. Specifically, speech features are compressed using scalable encoding techniques to provide a multi-resolution bitstream. The use
of this scalable encoding procedure is investigated in conjunction with a multi-pass distributed speech recognition (DSR)
system. The multi-pass DSR system aims at progressive reﬁnement in terms of recognition performance, (i.e., as additional
bits are transmitted the recognition can be reﬁned to improve the performance) and is shown to provide both bandwidth
and complexity (latency) reductions. The proposed encoding schemes are well suited for implementation on light-weight
mobile devices where varying ambient conditions and limited computational capabilities pose a severe constraint in achieving good recognition performance. The multi-pass DSR system is capable of adapting to varying network and system constraints by operating at an appropriate trade-oﬀ point between transmission rate, recognition performance and complexity
to provide desired quality of service (QoS) to the user. The system was tested using two case studies. In the ﬁrst, a distributed two-stage names recognition task, the scalable encoder operating at a bitrate of 4.6 kb/s achieved the same performance as that achieved using uncompressed features. In the second study, a two stage multi-pass continuous speech
recognition task using HUB-4 data, the scalable encoder at a bitrate of 5.7 kb/s achieved the same performance as that
achieved with uncompressed features. Reducing the bitrate to 4800 b/s resulted in a 1% relative increase in WER.
 2005 Elsevier B.V. All rights reserved.
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1. Introduction
With recent advances in wireless technology,
there has been a wide proliferation of mobile devices
with wireless connectivity, including mobile phones,
personal digital assistants (PDAs) and tablet computers. Mobile users make use of a combination of
buttons and a pointing device on the mobile devices
to enter data into these devices. The restriction of
having small displays, along with the potential need
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for hands-free operation, makes interaction with
these devices cumbersome and diﬃcult even for
simple tasks like directory lookup. Speech input
provides an obvious and promising solution for
improved data entry/retrieval ﬂexibility. There has
also been a recent trend in interactive business and
information applications such as call centers to
move from a touch-tone based solution to a voicedriven approach. Similarly, in automotive telematics, speech input provides hands free access for
users. These applications provide additional motivation for providing speech recognition capability to
mobile environments.
The scope and performance of speech recognition
is primarily dictated by the acoustic and language
models used; higher requirements along these
dimensions typically imply increased complexity of
the models. This, however, also increases the computation and memory requirements of the system.
Current desktop/laptop computers usually have
suﬃcient computation and memory resources to
support large vocabulary continuous speech recognition (LVCSR) tasks requiring complex acoustic
and language models (Woodland et al., 2001). Personal mobile devices, on the other hand, tend to
have relatively limited computation, memory and
storage capabilities, which have to be shared among
multiple tasks, so that only a limited amount of
resources can be devoted to speech applications.
Since mobile devices are equipped with wireless connectivity, an alternative solution to overcome the
complexity constraints is to adopt a client–server
architecture wherein the speech utterance is
acquired at the mobile device (client) and transmitted to a remote recognition engine (server). Thus the
mobile device makes use of network resources to
provide speech-driven services to the user. A further
motivation for the use of a client–server based architecture stems from the fact that several speechdriven applications such as call centers and voice
portals are inherently network based and domain
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speciﬁc knowledge (often dynamically changing) is
usually only available at a centralized location.
Additionally, in application scenarios where the
ambient environment is highly variable, such as
those involving mobile devices, there may be much
to be gained in terms of running more complex
schemes at a remote server for improved recognition
performance (Gales and Young, 1996).
A typical speech recognizer consists of two distinct components, a feature extractor and a pattern
recognizer that makes use of acoustic models, language models and other domain speciﬁc knowledge.
The feature extractor computes relevant features
(e.g., mel frequency cepstral coeﬃcients (MFCCs),
perceptual linear prediction (PLP) coeﬃcients, linear predicted cepstral coeﬃcients (LPCCs), etc.)
from the input speech which are used by the pattern
recognizer for recognition of input speech. When a
client–server architecture is adopted for speech recognition, it is essential for the client to compress the
speech before transmission to the server in order to
conserve bandwidth and power. One such client–
server system, shown in Fig. 1, is distributed speech
recognition (DSR) (Digalakis et al., 1999), where
the client contains the feature extractor (the computation requirements of feature extraction are almost
the same as those of a vocoder based speech encoder). Only the extracted features are encoded and
transmitted to the server with the speech recognizer
which operates on the decoded feature data.
Encoding features instead of employing a traditional speech encoder (vocoder) at the client is desirable: while vocoders are optimized to maximize
perceptual quality, DSR encoders can be designed
to achieve the best possible recognition performance
for a given bitrate. The eﬀect of various speech
coding techniques on speech recognition, including
GSM (Digalakis et al., 1999; Srinivasamurthy
et al., 2000; Kiss, 2000; Lilly and Paliwal, 1996;
Srinivasamurthy et al., 2001b), G.723.1, G.727,
G.728, G.729 (Turunen and Vlaj, 2001), ADPCM

Decoder
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Decision
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Fig. 1. A distributed speech recognizer. The client extracts the features, encodes and transmits it to the server which uses decoded features
for recognition.
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(Lilly and Paliwal, 1996) and MELP (Srinivasamurthy et al., 2000; Srinivasamurthy et al., 2001b), has
been previously evaluated by a number of researchers. In all cases, it was shown that speech coding signiﬁcantly degrades speech recognition performance.
Methods to improve the recognition performance
when speech compressed by vocoders is used for
recognition have also been proposed (Huerta,
2000; Kim and Cox, 2000). Here, features are
extracted directly from the compressed bitstream.
While this helps improve recognition performance,
the rate-recognition performance achieved by
vocoders is still inferior to those achievable by
typical DSR encoders. The main drawback of
DSR, however, is the lack of methods for reconstructing the speech of adequate quality from the
received features at the server. Toward addressing
this drawback, methods wherein the client augments
the transmitted features with pitch and voicing
information have been proposed (Chazan et al.,
2000; Ramabadran et al., 2001).
A number of techniques have also been proposed
for DSR encoding. These include scalar quantization (Digalakis et al., 1999; Zhu and Alwan, 2001;
Kiss and Kapanen, 1999), vector quantization
(VQ) (Ramaswamy and Gopalakrishnan, 1998)
and product VQ (Digalakis et al., 1999; Bernard
and Alwan, 2001; Speech processing, 2000) to quantize the features; single-step prediction (Ramaswamy and Gopalakrishnan, 1998) to exploit
memory between successive feature vectors; transformation by DCT (Zhu and Alwan, 2001; Kiss
and Kapanen, 1999) to exploit inter and intra-frame
correlation and lossless coding (Zhu and Alwan,
2001) to losslessly encode the quantization indices.
However, none of the previously proposed encoders
are scalable. In this paper we describe a scalable
DSR encoder, i.e., a system where the encoder provides a base layer which can be augmented by one
or more enhancement layers to achieve higher ﬁdelity data representation. A scalable DSR encoder
enables the client to progressively reﬁne the information at the server using multiple enhancement
layers. In the proposed scalable DSR encoder, each
feature is independently quantized after single-step
prediction using a uniform scalar quantizer (USQ).
The quantization index is losslessly coded using a
combination of Huﬀman coding and run length
coding. Separate prediction loops are maintained
for the base and each of the enhancement layers.
The proposed scalable encoding technique oﬀers
several advantages: (i) it provides multiple layers,

where the enhancement layer data reﬁnes the base
layer data to provide higher ﬁdelity representation,
(ii) the rate of each layer can be easily modiﬁed,
and (iii) it provides ﬂexibility for using unequal
error protection schemes (Weerackody et al., 2002)
to ensure adequate protection for the bitstream.
This is especially useful in mobile channels where
the channel conditions are constantly changing.
The other contribution of this paper is to show
the potential of utilizing the progressive reﬁnement
of data provided by the client for progressive
processing. Speciﬁcally, we show that the proposed
scalable encoder can be combined eﬃciently with a
multi-pass recognition scheme at the server in order
to set up a multi-pass DSR system. This system can
be adapted to achieve reduced average bitrate and
or reduced recognition latency, thus providing
increased ﬂexibility in the system design. The
multi-pass DSR system can be made to operate at
various suitable trade-oﬀ points between transmission rate, recognition performance and complexity,
depending on (i) the QoS (recognition performance,
latency) the client wants to provide the user (ii) the
channel conditions, and (iii) the computational bottlenecks in the diﬀerent parts of the overall system.
The rest of the paper is organized as follows. The
proposed scalable DSR encoder is described in Section 2. The operation of the multi-pass DSR system
under diﬀerent constraints is explained in Section 3.
Details of the multi-pass recognition schemes considered in this paper are given in Section 4 and the
actual experiments are described in Section 5.
Results are provided in Section 6. Finally, conclusions and discussion are given in Section 7.
2. Scalable encoding
The objective of the DSR client is to transmit feature data at the minimal bitrate required to achieve
the desired recognition performance. This optimal
bitrate, however, depends on several factors including the recognition task, ambient noise, channel
conditions and the speaker characteristics. The ﬁnal
objective, i.e., recognition performance and conﬁdence, is known only at the server and, hence, the
client in general will have to transmit data at a
higher than the optimal bitrate to accommodate
the diﬀerent signal conditions and achieve the
desired recognition performance.
The goal of this paper is to design scalable encoding of features in the DSR context. Previously
proposed DSR encoders are not scalable, i.e., they

N. Srinivasamurthy et al. / Speech Communication 48 (2006) 888–902

do not provide a multi-resolution or embedded bitstream. The idea here is to enable an embedded
bitstream such that the decoder can reconstruct
the features prior to recognition using only the base
layer (at bitrate R1) to achieve coarse recognition
performance, or alternatively can decode the whole
bitstream, including both base layer and enhancement layer (total bitrate R2 > R1) in order to achieve
improved recognition performance. The ﬂexibility
oﬀered by scalable encoding can be exploited in a
number of ways. For example, the server has the
option of only requesting data for portions of the
speech which it considers will help in improving
the recognition performance, i.e., the server could
request enhancement data only for low conﬁdence
portions of the speech. An example application beneﬁting from this approach is a distributed dictation
system, where initially only the base layer is transmitted to the server. After completion of dictation
the server transmits to the client the recognized text
which is shown to the user. The user can then identify the misrecognized words. The enhancement
data corresponding to these misrecognized words
is transmitted to the server. The server now generates a list of possible replacement words for each
misrecognized word. These are now provided as
choices for the misrecognized words.
Ideally, given base layer rate R1 and enhancement layer rate R2  R1, we would like the full resolution performance (when R2 bits are decoded) to
be the same as if we had used a single resolution
(only one layer) encoder at rate R2. Encoders having
this property are said to be ‘‘successively reﬁnable’’.
This property has been found to be achievable in
some particular cases, e.g., for some memoryless
i.i.d. sources under standard signal distortion metrics, such as mean square error (MSE) (Equitz and
Cover, 1991). In our DSR case, the speech features
from adjacent frames are correlated, i.e., the source
is not memoryless. Moreover, we are considering
here a non-traditional metric to measure encoding
performance at a given rate (i.e., recognition performance rather than MSE). Thus, in general, we do
not expect scalable DSR methods to be successively
reﬁnable, even with respect to standard MSE metrics. The DSR encoder proposed in this paper is
scalable, enabling reﬁnement of low ﬁdelity data
with enhancement bits to achieve higher recognition
ﬁdelity. The scalable DSR encoder is built by a
novel combination of several non-scalable predictive (DPCM) encoders. Before presenting the scalable encoder, the component predictive encoder
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(i.e., prediction with scalar quantization) is
explained.
Typically, features for ASR such as MFCCs are
computed from speech utterances that have been
segmented using overlapping Hamming windows.
Due to this overlap and the underlying correlation
in the speech (because of the slow movement of
articulators), it is reasonable to expect that MFCC
vectors from adjacent frames will exhibit high correlation. To achieve good compression eﬃciency this
correlation has been exploited using linear prediction (Ramaswamy and Gopalakrishnan, 1998; Srinivasamurthy et al., 2000), where a given MFCC in a
frame was predicted from the corresponding MFCC
in the previous frame.2 The prediction error
ei ¼ ui  a^ui1 was quantized using uniform scalar
quantization (USQ), where ui is the current sample
and ^ui1 is the reconstruction of the previous sample
generated by the coarse prediction loop. We chose
USQ instead of a more complex quantizer because
it oﬀers the advantages of low complexity encoding,
simple design (little training is required), good
quantization performance3 and additionally, given
a desired rate, techniques are available to determine
its optimal step size (Gray and Neuhoﬀ, 1998). Furthermore, the importance of the MFCCs can be
naturally incorporated in USQ quantization. It is
well known that lower MFCCs are more important
than higher MFCCs for speech recognition. Hence
the USQ step size is set to be a multiple of the standard deviation of the MFCCs (this was motivated
by the fact that the standard deviation of the lower
MFCCs is smaller than that of higher MFCCs).
This scheme implicitly implies a bit-allocation with
lower MFCCs being allocated a higher portion of
the total bitrate when compared to the higher
MFCCs.4 The USQ indices were losslessly encoded
with a Huﬀman entropy coder. To achieve lower

2

Single-step prediction seems a reasonable choice given that
most of the time overlap occurs only between adjacent frames,
and indeed our experiments showed that the gain in applying
multi-stage prediction was limited.
3
When combined with entropy coding, high rate USQ can
theoretically achieve the same distortion as the best possible
quantizer with only a 0.25 bits/sample penalty in rate (Gray and
Neuhoﬀ, 1998).
4
Refer to our work in (Srinivasamurthy et al., 2003; Srinivasamurthy et al., 2004) for an alternative technique for bit
allocation across MFCCs. These bit allocation techniques can be
applied both to the scalable technique we propose here (Srinivasamurthy et al., 2003) and to the standard Aurora codec
(Srinivasamurthy et al., 2004).
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bitrate than that achievable by Huﬀman coding, a
bitmap was transmitted to the decoder to indicate
the position of the non-zero coeﬃcients in every
frame, and the non-zero coeﬃcients were losslessly
coded by the Huﬀman coder. A binary arithmetic
coder could be used to encode this bitmap eﬃciently. However since the encoding complexity of
arithmetic coding is high, run length coding was
used. This encoder (coarse DPCM quantizer) is
shown in the bottom part of Fig. 2 and constitutes
the base layer of the proposed scalable encoder.
A straightforward method for generating the
enhancement (reﬁnement) layer would be to encode
the residue, ui  ^
ui , after coarse DPCM quantization, where ^
ui is the reconstruction produced by
the coarse DPCM quantizer for the current sample
ui. However, our initial experiments showed that
encoding these residues was not very eﬃcient.
Instead, our system comprises two separate DPCM
encoders, which perform quantization independently (with a coarse and ﬁne quantizer, respectively) and where the redundancy between the two
resulting sequences of quantization indices is
reduced via entropy coding. More speciﬁcally, we
use techniques that (i) eliminate impossible values
using consistency criteria (Singh and Ortega, 1999;
Rose and Regunathan, 2001) (see Section 2.1) and
(ii) exploit statistical dependencies between the
coarse and ﬁne quantization indices using contextdependent entropy coding (see Section 2.2).

+

+
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Predictor

We now describe the design of the scalable predictive encoding scheme. It should be noted that this
design technique is applicable not just to MFCCs
but also to other sources with memory.
2.1. Consistency criteria for independent DPCM
quantizers
Let ui be an input sample (in our case this would
be one of the MFCCs, all components of the MFCC
vector are coded independently), and let ei and Ei be
the prediction errors of the coarse and ﬁne DPCM
quantizers, respectively (see Fig. 2). Then
^ i1
E i ¼ ui  aU
^ i1 Þ
) Ei ¼ ei þ að^ui1  U

ei ¼ ui  a^ui1 ;

ð1Þ

^ i1 are the reconstructed samples of
where ^ui1 and U
the coarse and ﬁne DPCM quantizers, respectively,
and a is the prediction coeﬃcient. Deﬁne
^ i1 Þ. Given that ei 2 [ak, bk] (i.e., ei is
zi , ð^ui1  U
quantized to the bin which spans the interval
[ak, bk]), it is easy to see that Ei is constrained to
belong to an interval Ic deﬁned as follows:
Ei 2 I c ¼ ½ak þ azi ; bk þ azi .

ð2Þ

Let Bf be the set of all quantization bins of the
ﬁne DPCM quantizer. Deﬁne Bfi , Bf \ I c 6¼ /. It
is apparent that only the bins in Bfi are valid choices
for the ﬁne DPCM prediction error. This is illustrated in Fig. 3 where the interval Ic intersects 3 bins
from Bf (highlighted). If Dc and Df are the step sizes
used in the coarse and ﬁne DPCM quantizer, then
the number of valid bins jBfi j is at most dDDfc e þ 1.
If jBfi j  jBf j then signiﬁcant savings in bitrate
can be achieved by encoding only those bins of
the ﬁne quantizer that are valid choices given the
coarse quantizer.
2.2. Context-dependent entropy coding

+

ei

+

Quantizer

êi

Entropy
Coder

ji

-

Predictor
Fig. 2. The proposed scalable DPCM scheme, where two
independent DPCM prediction loops are used. The quantized
prediction error of the coarse DPCM quantizer, ^ei , is used by the
ﬁne DPCM quantizer to ﬁnd the valid bins. The entropy coder
^ i1 , to determine
uses both ﬁne and coarse predictions, ^ui1 and U
the context.

Let ji and Ji, be the quantization indices of the
coarse and ﬁne DPCM quantizers, respectively, at
time i. Context information from previous coarse
and ﬁne reproductions can be used to reduce the
entropy of the current ﬁne DPCM prediction error.
^ i1 and ^ui have already been used to ﬁnd the valid
U
bins Bfi . In addition, we can use the previous reconstructed value of the coarse DPCM quantizer ^ui1 to
select diﬀerent a priori models for the probabilities
of the ﬁne quantization indices Ji. While ^ui1 by
itself does not provide explicit information, the
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ei
û i-1
Ûi-1
Ic
Fig. 3. Overlapping shifted quantizers. Using information from the coarse reproduction, the number of potential bins for the ﬁne DPCM
quantizer is reduced. Only those bins from Bf that overlap with the interval Ic are valid. The valid bins Bfi are highlighted. With the
consistency criterion the ﬁne encoder only needs to signal to the decoder which among the valid ﬁne quantization bins is the correct one,
thus resulting in signiﬁcant rate savings as compared to sending the ﬁne DPCM bin independently of the coarse information. The predictor
^ i1 for the coarse and ﬁne prediction loops are shown in the ﬁgure. Due to quantization these values will typically be
values a^
ui1 and aU
diﬀerent.

^ i1 j is useful. Consider the case
diﬀerence j^
ui1  U
^
when j^
ui1  U i1 j is small. Then if the coarse prediction error is quantized to zero (ji = 0), it is highly
likely that the ﬁne prediction error will also be
quantized to zero (Ji = 0) and, conversely if ji 5 0,
it is highly likely that Ji 5 0. On the other hand,
^ i1 j is large, then it is highly likely
when j^
ui1  U
that Ji 5 0. This information can be exploited by
using context dependent entropy coding (Weinberger and Seroussi, 2000; Chrysaﬁs and Ortega,
1997). We deﬁne two diﬀerent contexts for Ji

^ i1 , we were able to
information from ^ui1 and U
reduce the bitrate for the enhancement layer compared to encoding the enhancement layer independently. Speciﬁcally, the consistency criteria enabled
about 26% reduction in bitrate and the context
based entropy coding resulted in an additional
9.5% reduction. In the next section, we will describe
the use of scalable feature encoding in a DSR
context.

^ i1 j 6 T q and
(C1) j^
ui1  U
ji = 0 ) p(Ji = 0)  p(Ji 5 0),
^ i1 j > T q or
(C2) j^
ui1  U
ji 5 0 ) p(Ji 5 0)  p(Ji = 0).

In order to minimize the user latency (especially
for continuous speech recognition), speech utterances are accumulated for short durations (e.g., 1
or 2 s). MFCCs are calculated and compressed for
these accumulated speech segments; then they are
packetized and transmitted. Transmission over
error-prone transport channels will typically result
in some packets being lost. To mitigate the eﬀect
of these losses, frame concealment techniques, such
as insertion, interpolation and regeneration (Milner
and Semnani, 2000; Mayorga et al., 2002) and
unequal forward error correction techniques (Weerackody et al., 2002; Riskin et al., 2001) can be
used. Now it is required that each packet be independently decodable. Hence, the prediction should
be limited to only intra-packet MFCCs (i.e., the
ﬁrst MFCC vector of each packet is not predicted

This information can be exploited by using a bitmap. The more probable event in each context is
always indicated in the bitmap by the same symbol,
‘‘0’’: i.e., in context (C1) we transmit a ‘‘0’’ if Ji = 0
and a ‘‘1’’ otherwise and in context (C2) we transmit
a ‘‘0’’ if Ji 5 0 and a ‘‘1’’ otherwise. This will ensure
that p(0)  p(1) in the bitmap, which as before, we
will encode using run length coding. Additionally,
diﬀerent Huﬀman encoders were used in the two different contexts.
Using the information from the coarse DPCM
quantizer to ﬁnd the valid bins, and the context

2.3. Packetization
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from the last MFCC vector of the previous packet).
This will obviously result in some loss in compression eﬃciency. However, assuming each packet corresponds to 2 s of speech data, this implies the
prediction loop is broken (to insert an independently coded frame) once every 80th MFCC. This
will lead to a very small loss in compression
eﬃciency.
3. Multi-pass DSR
The statistical, data-driven approach to ASR
using HMMs and N-gram language models has
been widely adopted given its adaptability to varying signal conditions and application domains.
Depending on the scope of the application and the
nature of the domain, often requiring the use of
fairly complex acoustic and language models, various strategies are adopted to achieve a good operating balance between recognition performance and
computational requirements. Note that in the
DSR context an additional computational bottleneck at the servers may arise when providing simultaneous service to many clients. Multi-pass schemes
have been eﬀectively used to trade-oﬀ complexity
and accuracy in ASR; we can extend this idea so
that bitrate selection is also part of the trade-oﬀs
to consider in a multi-pass DSR system.
For example, consider a low-complexity initial
recognizer (‘‘coarse’’ processing) that operates on
the coarsely quantized data and provides as an
output a word lattice, an N-best hypothesis or a
progressive search lattice (Murveit et al., 1993),
which can then be used to reduce the search space
of a more complex recognition scheme in a later
phase. Possible initial recognition schemes include
a reduced complexity HMM, where the HMM complexity is reduced by using smaller acoustic and/or
language models and/or a narrower pruning beam.
In a multi-pass recognition system, a more complex
recognition strategy can be used to rescore the word
lattice or the N-best hypothesis or the progressive
search lattice to provide a more accurate decision,
but only if the recognition conﬁdence after the initial
recognition pass was suﬃciently low. This reduces
the average complexity, as compared to using a single stage recognizer, since (i) the search space for the
complex recognizer can be signiﬁcantly reduced by
the low complexity initial recognizer, and (ii) the
complex recognizer is only used when the initial
recognition pass did not provide an answer with a
suﬃciently high conﬁdence level.

Let us consider now the additional potential
advantages of the multi-pass DSR system depending on whether the key constraint in the application
is to maintain response latency or to operate within
limited bandwidth conditions.
3.1. Response latency
In a multi-pass system, the initial recognizer,
which only attempts to narrow down the search
space, can provide good performance with coarsely
quantized data as an input, while the second, more
complex, recognizer is more sensitive to the quality
of the input data. Thus, when using a non-scalable
encoder, the selected quantization quality has to
be ‘‘good enough’’ for the second recognizer. Therefore, the ﬁrst operates on an input that has better
quality than strictly necessary, and thus the bitrate
provided to this recognizer is higher than needed.
Typically, in a networked environment each packet
consists of several feature frames of the speech
utterance. Additionally, the recognition operations
are pipelined, hence the ﬁnal recognition stage
depends on the results of the initial stage. This can
potentially result in higher response latency, because
the recognizer can get the data from the network
layer only after the packet has been received in its
entirety.
In contrast, a scalable encoder can reduce the
latency by exploiting this pipelining. The data
required by the diﬀerent stages are transmitted
simultaneously, but in diﬀerent layers, i.e., the base
layer contains the data required by the initial recognizer and the enhancement layer contains the additional data required by the ﬁnal recognizer. Since
the initial recognizer is simple it can be assumed
to be much faster than a more sophisticated scheme.
As the base and enhancement layer data are being
received, based on the intermediate results of the
initial recognizer, the search space of the ﬁnal recognizer can be constrained. Since the enhancement
data has also been made available, the ﬁnal recognizer can proceed with its recognition. However,
the bitrate required by the base layer will be significantly lower than that required for transmitting the
entire data.5 When the main bottleneck in the
system is a very slow link used for communication

5
For the same recognition performance the base layer bitrate
was 60% of the bitrate required for the entire data (see Section
6.1).
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between the client and server this reduction in
bitrate will enable the initial recognizer, and consequently the ﬁnal recognizer, to complete faster, as
compared to the case of a non-scalable encoder.
However, the client and server bandwidth requirements will be increased as both layers always have
to be transmitted together to the server.
3.2. Client and server bandwidth
In bandwidth constrained situations the layers
are transmitted sequentially. Initially only the base
layer is transmitted to the server. After the ﬁrst
recognition stage, if required (depending on the
recognition conﬁdence), the enhancement layer is
requested from the client. By this procedure, both
client and server bandwidths requirements can be
kept low. However the absolute delay can be high
(for cases when the recognition conﬁdence after
the ﬁrst stage is low or when the round trip delay
is large).
4. Example multi-pass DSR systems
We consider two diﬀerent recognition experiments to illustrate the performance of our proposed
scalable encoding in the context of DSR, namely, (i)
a large spoken names recognition task where a free
phone loop HMM recognizer is used as the ﬁrst
stage and a lattice based HMM recognizer is used
in the second stage, and (ii) a continuous speech recognizer (CSR) for the HUB-4 broadcast news task,
where a bigram language model recognizer was used
as the initial state and a lattice based trigram recognizer as the second state. In both DSR systems, the
client employed a scalable encoder to compress the
MFCC features.
4.1. Spoken names recognition
The spoken names recognition task (Behet et al.,
2001; Gao et al., 2001) is used, among others, in network based applications such as directory assistance
and caller identiﬁcation. In these applications the
list of names tends to be quite large, in the order
of hundreds of thousands. Variability in pronunciation further increases the perplexity. The traditional
approach to name recognition has been to use a
ﬁnite state grammar (FSG), where all the names
(with all possible pronunciation variants) are alternate paths for recognition. For a spoken name
utterance the recognizer evaluates all possible paths
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and selects the name corresponding to the most
likely path. As the names list grows it is evident that
the computational complexity increases. To ensure
reduced complexity, extensive pruning will be
required which will result in recognition performance degradation. Attempts at weighting certain
names higher by using some prior statistics is possible but limits the task scope.
An alternative approach with reduced computational complexity but acceptable recognition performance is to adopt a two stage recognizer with
dictionary lookup (Sethy et al., 2002). Fig. 4 illustrates this approach. Such a two stage approach
has also been used for spelled name retrieval
(Junqua, 1997), information retrieval (Coletti and
Federico, 1999) and complexity reduction of a
phone based continuous speech recognition system
(Abe et al., 1999). For the spoken names recognition
task, the ﬁrst stage is a low complexity bigram
phone loop which is used to identify the N-best
phone sequence corresponding to the input utterance. The next step involves a string match, where
each of the N-best phone sequences is compared
to the entries in a dictionary. The utterances corresponding to phone sequences which have a distance
less than a given threshold (the threshold is usually
chosen as a function of the number of phones in the
recognized phone sequence) from the recognized Nbest phone sequence are selected to generate a lattice. The ﬁnal stage involves rescoring this generated
lattice using more complex acoustic (triphone)
models.
The accuracy obtained by using a two stage recognizer for the spoken names task is comparable to
the conventional single stage FSG based approach
as shown in (Sethy et al., 2002) but results in significant savings in complexity, since the lattice only
consists of a subset of the entire names list. The dictionary used for lookup is a names dictionary which
consists of all possible names along with their
pronunciations. In our experiments we used the
Levenshtein (or edit) distance during dictionary
lookup to compute the string match distance
between phone sequences.6 The Levenshtein
distance between phone sequences p1 and p2,
LD(p1, p2), is the minimum cost associated in transforming p1 into p2 by deletions, insertions and

6
More sophisticated distances, for e.g., including the phone
confusion matrix scores to weight the Levenshtein distance can
also be incorporated.
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Phone
Recognizer
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Lookup

N-best list
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Result
Lattice Recognizer

Green

(Glen)

g r i yn
(Green)

ae l eh n
(Alan)

Names
Dictionary

Fig. 4. A two stage approach using dictionary lookup for the names recognition task. When a Levenshtein distance threshold of 2 is used,
although the recognized phone sequence is closer to Glen than Green, the dictionary lookup will ensure that Green is in the ﬁnal lattice
used for rescoring.

substitutions. This two stage names recognition procedure is summarized below.
Algorithm 1 (Multi-pass
Recognition).

Spoken

Names

phone recognizer and the enhancement layer with
the lattice rescoring stage to reduce the overall
latency.
4.2. A two-stage continuous speech recognition

Step 1: Identify the N-best phone sequences pnr for
the name utterance using a bigram phone
loop, n = 0, 1, . . . , N  1.
Step 2: Find Tn corresponding to pnr from Table 1,
n = 0, 1, . . . , N  1.
Step 3a: Initialize i = 0.
Step 3b: For name i in the names dictionary ﬁnd the
corresponding phone sequence pi.
Step 3c: If LDðpnr ; pi Þ < T n , for any n = 0, 1, . . . ,
N  1, add name i to the names lattice.
Step 3d: If there are more names in the dictionary
set i = i + 1 and go to Step 3b else go to
Step 4.
Step 4: Rescore the names lattice using contextdependent models to get the ﬁnal result.
This two stage names recognition procedure can
be eﬃciently combined with the proposed scalable
encoder by using the base layer with the bigram

Table 1
The threshold used during dictionary lookup is a function of the
recognized phone sequence length
Length of phone sequence

Threshold Tn

Less than 4
4 or 5
Greater than 5

3
4
5

Shorter phone sequences are assigned a lower threshold and viceversa. Thresholds were chosen by experiments on the training
data.

As a second example, we consider a more standard continuous speech recognition task using the
HUB4 data. Many practical speech recognition
applications are impeded from using advanced
speech recognition techniques due to their intensive
computation/memory complexities. Simpler speech
recognition technologies can instead be used. However, they result in recognition performance degradations. Similar to the two stage recognizer for the
spoken names task, a multi-pass recognition scheme
has been proposed (Murveit et al., 1993) which
enables improved speed/accuracy tradeoﬀ by using
progressive search techniques. These techniques
use an ‘‘early-pass’’ reduced complexity speech recognizer to reduce the search space of a ‘‘later-pass’’
more accurate but complex speech recognizer. This
procedure can be repeated iteratively, with each
stage result used to constrain the search space for
the next stage.
The early-stage recognizer builds a word lattice7
containing several most likely word sequences using
its low complexity models. The latter-stage uses this
word lattice to constrain its search space and ﬁnd
the most likely word sequence hypothesis using its
more complex models. Maintaining a reasonable
sized word lattice at the early stage typically ensures
that the ‘‘true’’ most likely word sequence is
7
We have used the early-pass recognizer to build word lattices.
However, our proposed system can also use progressive search
lattices (Murveit et al., 1993).
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included in the word lattice, while only unlikely
word sequences are discarded. Thus the word lattice, while constraining the search pass of the
later-pass recognizer, does not signiﬁcantly degrade
its recognition performance. Hence, this multi-pass
procedure ensures that simultaneously good recognition performance and reduced decoding time are
achieved, making them ideal for use in practical
speech recognition applications. Fig. 5 illustrates a
multi-pass recognition system consisting of two
stages.
The multi-pass recognition procedure when a
scalable encoder is used at the client is summarized
below.
Algorithm 2 (Multi-pass
Speech Recognition).

Distributed

Continuous

Step 1: Use the base layer data with the early-pass
low complexity speech recognizer.
Step 2: Recognize the utterance and dump the word
lattice corresponding to it.
Step 3: Use the enhancement layer data and rescore
the word lattice with the high complexity
latter-pass speech recognizer.
(a) Update the acoustic probabilities using
the enhancement layer data.
(b) Update the language probabilities using
the more complex LMs.
(c) Find the most likely word sequence.
If more than 2 stages are used in the multi-pass
recognizer, the second stage also provides a (more
reﬁned) word lattice. The third stage uses this word
lattice along with an additional enhancement layer
and so on. It should be noted that the number of
recognition stages required depends on the perfor-

Speech

mance requirements for a given application, and the
conﬁdence in the recognition results of a given stage
such as for example determined by conﬁdence
scores. As a consequence, it is possible that just a
single stage recognition with base layer data may be
adequate in some scenarios.
5. Experimental setup
An HMM-based recognizer (HTK) was used to
test the scalable DSR encoder developed in Section
2. In all our experiments 12 MFCCs and the zeroth
cepstral coeﬃcient were extracted at the client using
an overlapping Hamming window 25 ms long, with
adjacent windows separated by 10 ms. The D and
DD coeﬃcients were derived at the server from the
decoded MFCCs.
5.1. Spoken names recognizer
Two sets of acoustic models (American English)
were considered: for context-independent (CI)
models, 3 stage left to right HMMs with 8 Gaussian
mixtures per state were trained, and for contextdependent (CD) models 3 stage left to right HMMs
with 4 Gaussian mixtures per state were trained. The
number of CI and CD models were 46 and 6600,
respectively. The speech corpus used for testing
was the OGI NAMES corpus (CSLU OGI). This
is a collection of name utterances spoken by diﬀerent
speakers over the telephone. The spoken names data
used represent only ﬁrst or last names (and not the
full name). The speech utterances having been collected under realistic acoustic conditions exhibit
signiﬁcant environmental variations and almost
every name is spoken by a diﬀerent person. For

early-pass
recognizer

models

897

latter-pass
recognizer

word lattice

Recognized
word sequence

models

Fig. 5. A two stage multi-pass continuous speech recognizer. The low complexity early-pass recognizer is used to constrain the search
space of a latter-pass more complex recognizer by generating a word lattice.
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our experiments we used 4619 names of which 3498
were unique (i.e., 1121 names had multiple pronunciations). Spoken names (6356) were used for training and 3000 diﬀerent spoken names were used for
testing. The names dictionary we used had 100,000
name entries. The top two phone sequences from
the phone recognizer were used by the dictionary
lookup to generate the lattice of names for rescoring.
5.2. Continuous speech recognizer for the HUB-4
broadcast news task
The acoustic models were 1128 context-dependent models trained as 3 stage left to right HMMs
with 8 Gaussian mixtures per state. The speech
corpus used for training was the 1994 HUB-4
speech corpus. Speech (2200 s) from the 1995
HUB-5 speech corpus were used for testing.8 Both
the train and test speech utterances contain signiﬁcant variability (background music, diﬀerent recording conditions and speakers), making this a diﬃcult
recognition task. The vocabulary size was 1300
words. The language models were the bigram and
trigram broadcast news LMs provided by CMU.
The number of bigrams and trigrams were
427 · 103 and 1.8 · 106 respectively. The early-pass
recognizer employed a bigram LM and used the
base layer data. The word lattices were generated
as HTK SLF ﬁles by retaining the 20 best word
sequences and using 5 tokens at every state (Young
et al., 2000). The word lattice was used as the network for recognition by the latter-pass recognizer.
The acoustic probabilities were updated using the
enhancement layer data and the language probabilities were updated by rescoring the word lattice with
a trigram LM.
6. Results for the multi-pass DSR system
6.1. Spoken names recognition
When the proposed scalable DSR encoder is used
at the client, a base layer and an enhancement layer
are transmitted to the server for every name utterance. The bigram CI phone loop uses the base layer
to generate the N-best phone sequence. This is used
by the dictionary lookup to build the list of names
for the lattice (FSG) recognizer. The lattice recog8
Utterances with signiﬁcant speech and music overlap were
eliminated from the test set. A few examples of the test utterances
are available at http://biron.usc.edu/~snaveen/speech_examples.

nizer rescores the names list using the enhancement
layer data to get the ﬁnal recognized name result.
Note that the phone recognizer and the dictionary
lookup need not wait for the enhancement layer
data to be received. The average number of names
in the lattice when compressed data was used was
approximately 1140, which is the same when
uncompressed data was used, i.e., compression did
not increase the lattice size. However, note that this
lattice size 1140 is signiﬁcantly smaller than the
number of names in the dictionary (100,000).
The recognition results obtained with the above
procedure for the names task are shown in Fig. 6.
Transparent recognition performance (i.e., the recognition performance was the same as that achieved
with uncompressed data) with CD models was
achieved when the base layer rate was 2580 b/s
and the enhancement layer was 2000 b/s. To achieve
transparent recognition with our proposed encoder
operating with a single layer (i.e., in a non-scalable
mode) the required bitrate is 4040 b/s (in this case
this single layer of encoded data at 4040 b/s is used
by both recognition stages). Let the total user
latency be deﬁned as the sum of transmission time
and recognition time. The use of scalable coding
enables us to lower the user latency. Assume each
name utterance is put into a single packet (non-scalable codec) or two packets (scalable codec with two
layers). Table 2 shows the transmission times of the
packets for diﬀerent utterance lengths when using
an 8800 b/s transmission link (8800 b/s is the maximum bitrate used by a speech codec on the fundamental channel (FCH) in a cdma2000 mobile
network). It can be seen that the transmission time
required for the base layer of the scalable codec is
lower than the time required for the non-scalable
codec. Hence, the ﬁrst stage recognizer can be
started earlier in the scalable case. This ensures that
the second stage (lattice recognizer) can also complete faster in systems employing a scalable coder
while achieving the same recognition performance.
To illustrate the reduction in user latency, consider
the transmission times shown in Table 2. Speciﬁcally consider the case when we are using a multipass scheme for both scalable and non-scalable
encoding cases, and the length of the name utterance is 1 s. For systems employing a non-scalable
encoder, the time required to transmit the data from
the client to server is 0.5 s. Hence, the ﬁrst stage
recognizer can only be started 0.5 s after the user
ﬁnishes speaking. If we assume, without loss of generality, the speech recognizer works in real time (i.e.,
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Fig. 6. Results for the names recognition task when the proposed scalable DSR encoder is used at the client. The results are shown for
diﬀerent base layer rates. When the base layer rate is 2580 b/s and the enhancement layer rate is 2000 b/s the recognition result for CD
models is the same as that obtained with the proposed encoder operating in a non-scalable mode at a bitrate of 4040 b/s. However since the
base layer rate is lower than the full rate of the non-scalable encoder, the recognition latency is reduced. (a) CI models and (b) CD models.

Table 2
Transmission times for scalable and non-scalable codec on an
8800 b/s transmission link
Length of name utterance (s)
Non-scalable codec
Scalable codec (base layer)
Percentage reduction in user latency

0.5
0.27
0.18
10.8

1
0.50
0.33
11.1

2
0.95
0.62
11.2

The recognizer is assumed to operate in real-time. Hence time
required for recognition is equal to the length of the name
utterance. The user latency is the sum of the transmission and
recognition time. Reduction in user latency for the proposed
scalable encoder is shown in the last row. Around 11% user
latency reduction is possible. Each packet is assumed to have 40
bytes of RTP/UDP/IP headers. If RoHC (Robust Header
Compression) were used the header size could be reduced to 5
bytes.

it takes 1 s to recognize an utterance of length 1 s),
then the recognizer completes recognizing the utterance 1 s after reception of the data. Hence, the total
delay as experienced by the user is 1.5 s. However,
when we use the scalable codec, the base layer is
transmitted in 0.33 s. Now the ﬁrst stage recognizer
can be started 0.33 s after the user ﬁnishes speaking.
As the ﬁrst stage recognizer is working the server
can receive the enhancement layer. Again assuming
the same real time recognition, the total delay for
the user is now 1.33 s. Hence, by using a scalable
codec we could reduce the user latency by 0.17 s.
For diﬀerent lengths of the name utterance it was
observed that on average around 11% reduction in
user latency can be achieved. The successive transmissions in the scalable case, can be pipelined, if
needed.

Table 3 shows the degradation in speech recognition performance caused due to compression when
compared to using uncompressed MFCCs, i.e., it
shows the increase in WER when recognition was
performed using compressed MFCCs when compared to uncompressed MFCCs. Results are shown
for the ETSI standard DSR encoder Aurora and the
proposed scalable encoder. For the proposed encoder we show results when two layers are used and
also when only the base layer is used. The rates
for the proposed encoder when two layers are used
is the combined (i.e., base layer plus enhancement
layer) rate. From the table we can see that the
increase in WER for CD models when Aurora is
used is 2.04%. For the proposed encoder, the
increase in WER is 2.64% and 0.0% when both
layers are used and only base layer used, respectively. Hence, we observe that the proposed encoder
Table 3
Relative percentage increase in WER for the proposed encoder
and Aurora in the spoken names task
Encoding technique

CI

CD

Rate (b/s)

Aurora
Proposed scalable
Encoder (both layers)
Proposed scalable
Encoder (only base layer)

1.54
2.84
0.63
1.65
0.57

2.04
2.64
0.00
1.48
0.00

4400
4270
4950
3260
4040

Observe that the rate for the proposed scalable encoder is the
total rate (base + enhancement). Generating multiple layers
results in compression ineﬃciency. In spite of this, the raterecognition performance of the proposed scalable encoder is
comparable to the non-scalable Aurora encoder.
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has better rate-recognition performance when
compared to Aurora. We also observe that although
scalability results in compression ineﬃciency, the
proposed scalable encoder has comparable raterecognition performance to the non-scalable Aurora
encoder.9
6.2. Continuous speech recognition
When the proposed scalable DSR encoder is used
at the client, the bigram recognizer uses the base
layer to generate a word lattice. This word lattice
is rescored by a trigram recognizer which in addition uses the enhancement layer to update the
acoustic probabilities. As in the spoken names task,
the initial bigram recognizer does not have to wait
for the enhancement layer data to be received.
The recognition performance achieved for the
two stage multi-pass recognizer for several diﬀerent
base layer rates is shown in Fig. 7. Observe that with
a base layer rate of 2470 b/s and an enhancement
layer rate of 3230 b/s, the recognition performance
achieved is the same as that achieved with uncompressed data. To achieve transparent recognition
with our proposed encoder operating with a single
layer (i.e., in a non-scalable mode) the required
bitrate is 5240 b/s. Hence we observer that, while
using a scalable encoder provides more ﬂexibility
in the overall system design it only results in an
8.7% increase in bitrate.
The trade-oﬀ between bitrate and recognition
performance is also clear from the ﬁgure. For the
base layer rate of 2470 b/s, reducing the bitrate from
3230 b/s to 1880 b/s (42% reduction) results in only
a 2.7% relative increase in WER. In Figs. 6 and 7,
the recognition performance with compressed data
is sometimes better than with uncompressed data.
The diﬀerence in recognition performance for these
points from the uncompressed recognition performance is not statistically signiﬁcant.
An interesting observation from the results is
that the recognition performance plateaus at diﬀerent WERs for diﬀerent base layer rates (with the

9

Aurora encodes both energy and C0. But, only C0 has been
used in the recognition experiments. If the energy component was
eliminated the bitrate could be reduced. For e.g., if we assume 6
bits are required to encode C0, then the bitrate required by
Aurora would be 4200 b/s. When only the base layer of the
proposed encoder was used at both stages, the recognition
performance at 4040 b/s was better than that achieved by the
Aurora encoder.
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Fig. 7. Recognition results of the multi-pass DSR for the HUB-4
broadcast news task. Observe that with a base layer rate of
2470 b/s and an enhancement layer of 3230 b/s we achieve the
same recognition performance as with uncompressed data. Also
the recognition performance versus bitrate trade-oﬀ is clear from
the results.

plateau being higher for lower base layer rates). This
indicates that a certain minimum data ﬁdelity is
required at the initial recognition stage, below
which improving the data ﬁdelity only at the later
stages does not enable the system to achieve the
same recognition performance as that achieved by
uncompressed data, no matter how high the
enhancement layer bitrate is made. This provides a
guideline for selection of bitrates for the base and
enhancement layers. Given that a particular recognition performance is required for the task, this
implicitly decides the minimal bitrate that can be
used for the base layer. For example in the CSR
task if the desired recognition performance of the
overall system has to be as good as that achievable
with uncompressed features then, from Fig. 7, we
observe that the base layer rate has to be greater
than 2470 bps. However, this also implies that given
the constraint that a particular rate has to be used
for the base layer (this can be due to application/
channel constraints) then there is no necessity to
use a (high) rate for the enhancement layer which
lies beyond the knee of the recognition performance
curve corresponding to that particular base layer
rate. For example, at a base layer rate of 2250 b/s
there is no gain in increasing the enhancement layer
rate beyond 1940 b/s.
Fig. 8 shows both the distortion due to compression and the percentage WER for diﬀerent bitrates.
It is clear that as the bitrate is increased the distor-
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Fig. 8. Comparison of trade-oﬀ between distortion and percentage WER versus bitrate. Distortion scale is shown on the left yaxis and percentage WER scale is shown on the right y-axis. The
correlation between distortion and recognition performance is
clearly illustrated.

tion is reduced. Similarly, the percentage WER also
decreases with increase in bitrate. The two curves
have a similar tradeoﬀ against bitrate. This shows
that there is a strong correlation between distortion
and percentage WER. This relationship can be used
to predict the impact compression has on recognition performance.
Another interesting observation from Figs. 6 and
7 is that the bitrate required to ensure that speech
recognition performance is not degraded due to
compression is about 4600 b/s for the spoken names
task and 5700 b/s for the CSR task. Additionally, it
has been shown that the approximate minimum
bitrate for transparent operation for an isolated digits task was 1100 b/s (Srinivasamurthy et al., 2001a)
and for a connected digits task was 2000 b/s (Srinivasamurthy et al., 2001b). This illustrates that the
minimum bitrate for transparent speech recognition
is strongly task dependent. In general, more complex
speech recognition tasks require higher bitrate. It
will be interesting to analytically quantify the minimum bitrate requirement for diﬀerent speech recognition tasks. We leave this as potential future work.
7. Conclusions
In this paper we addressed the problem of speech
encoding for a DSR system. We showed that using
speech encoders optimized for recognition rather
than perceptual distortion provide better rate-recog-
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nition performance. To handle the practical scenario of large client density which can severely
overload a DSR server, a multi-pass DSR system
which provides trade-oﬀs between bitrate, complexity and recognition performance is desirable. It was
shown that there is more ﬂexibility in the operation
of the DSR system when a scalable coder is used at
the client. To provide a multi-resolution compressed
stream it is more convenient to work with feature
encoders, as the client now has greater ﬂexibility
in directly controlling the input to the HMMs. We
showed that the proposed multi-pass recognizer
combined with a scalable feature encoder can provide ﬂexibility in adapting the DSR system to the
changing bandwidth requirements and server load
while achieving the best recognition performance
possible. It also has the additional advantage of
reducing the recognition latency. We illustrated
the multi-pass DSR approach on two varied complex tasks: a large spoken names task and a continuous speech recognition task.
By addressing the DSR system optimization at
the encoder, at the recognizer and at the system
level, we can ensure that the system operation can
be made highly robust to user, device, channel and
network conditions. The proposed schemes gives
us more freedom to ﬁne tune the system, enabling
the DSR system to adapt and provide the desired
QoS to the user while constantly adjusting to the
network and server conditions.
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