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Abstract

We present a novel automatic speech recognition (ASR) scheme
which uses the recently proposed noise robust exemplar match-
ing framework for speech enhancement in the front-end. The
proposed system employs a GMM-HMM back-end to recog-
nize the enhanced speech signals unlike the prior work focusing
on template matching only. Speech enhancement is achieved
using multiple dictionaries containing speech exemplars repre-
senting a single speech unit and several noise exemplars of the
same length. These combined dictionaries are used to approxi-
mate the noisy segments and the speech component is obtained
as a linear combination of the speech exemplars in the com-
bined dictionaries yielding the minimum total reconstruction
error. The performance of the proposed system is evaluated on
the small vocabulary track of the 2" CHiME Challenge and the
AURORA-2 database and the results have shown the effective-
ness of the proposed approach in improving the noise robustness
of a conventional ASR system.

Index Terms: exemplar matching, noise robustness, speech en-
hancement, front-end denoising, automatic speech recognition

1. Introduction

Speech enhancement techniques, aiming to suppress the back-
ground noise degrading the speech signals recorded by a mi-
crophone, are often combined with automatic speech recogni-
tion (ASR) systems for improved noise robustness [1-3]. These
techniques reduce the mismatch between the statistical acous-
tic models, e.g. hidden Markov models (HMM), trained un-
der noise-free conditions and the target speech by preprocessing
the noisy speech and/or features to enhance the noise corrupted
spectrotemporal structure and recover the speech component as
accurately as possible. Numerous enhancement techniques have
been combined with Gaussian mixture model (GMM)-HMM
[4-11] and deep neural network (DNN)-HMM [12-16] ASR
systems and reported to provide considerable improvements in
the recognition accuracy.

This paper presents a novel noise robust ASR system which
incorporates an exemplar-based speech enhancement approach,
dubbed noise robust exemplar matching (N-REM), for de-
noising the target utterance using the actual occurrences of
speech and noise extracted from training data. Unlike previ-
ous exemplar-based speech enhancement systems using fixed-
length exemplars in a single overcomplete dictionary [17-20],
the proposed approach uses exemplars of multiple lengths, each
associated with a single speech unit such as phones, syllables,
half-words or words [21-23]. These exemplars are organized
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in multiple dictionaries based on the their length and class (as-
sociated speech unit). Using separate dictionaries for different
speech units is motivated by the geometrical interpretation of
SR-based source separation. It is known that the farther the
convex hull of the basis vectors belonging to speech and noise
sources are, the better the separation is [24]. Hence, the use
of separate dictionaries for each speech unit provides a more
precise representation in the high-dimensional feature space.

Previously, the N-REM framework has been successfully
applied on small vocabulary ASR tasks [25,26]. In previous
work, the recognizer performs exemplar matching using the
mel-scaled spectral representations of the exemplars and noisy
speech and relies on a reconstruction error-based back-end to
find the most likely hypothesis. However, in the proposed work,
N-REM enhances the noisy speech and the enhanced speech
represented in mel frequency cepstral coefficient (MFCC) do-
main is recognized using a conventional GMM-HMM back-
end. This system is expected to remedy the poor recognition ac-
curacy at higher SNR levels thanks to the better discrimination
of GMMs trained on MFCC features rather than the suboptimal
divergence metric used for exemplar matching. Moreover, on
account of the more precise representations of the speech units,
the proposed front-end is expected to provide better enhance-
ment and recognition than the FE approach [27,28] which is an
alternative exemplar-based sparse representations approach per-
forming enhancement using fixed-length exemplars in a single
overcomplete dictionary. We have performed experiments on
both the AURORA-2 database and the small vocabulary track
of the 2" CHIME Challenge to investigate the performance of
the proposed approach under different noise and training con-
ditions and compare the performance with other noise robust
recognition systems.

2. Noise Robust Exemplar Matching

Training frame sequences representing various speech units
(speech exemplars) are extracted based on the state-level align-
ments obtained using an HMM-based recognizer. Speech ex-
emplars, each comprised of D mel frequency bands and span-
ning [ frames, are reshaped into a single vector and stored in the
columns of a speech dictionary S, ;: one for each class ¢ and
each length [. Each dictionary is of dimensionality DI x N,
where N ; is the number of available speech exemplars of class
c and length [. Similarly, a single noise dictionary N; for each
length [ is formed by reshaping the noise exemplars. Each
speech dictionary is concatenated with the noise dictionary of
the same length to form a combined dictionary A, ; = [S.,; Ni]
of dimensionality DI x M. ; where M. ; is the total number of
available speech and noise exemplars.

Every noisy speech segment of frame length 7 is also re-
shaped into vectors by applying a sliding window approach
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[27] with window length of [ frames and stored in an obser-

vation matrix Y, = [y},y?...,y§T7[+l>] of dimensionality

DI x (T — 1 4 1). Due to multiple-length exemplars, the win-
dow length [ is varied between the minimum exemplar length
Imin and maximum exemplar length [m.x yielding observation
matrices Y for lmin < [ < lmax. For every class ¢, each ob-
servation vector y; is expressed as a linear combination of the
exemplars that are stored in the dictionaries of the same length:
VI~ Zﬁf":i zhaly = Acixc, for z'; > 0 where x.; is
an M. ;-dimensional non-negative weight vector. The sparse
solutions of x.; yield more realistic approximation of the ob-
served segments without overfitting and have been shown to
provide better recognition results [29,30]. The combined dictio-
naries consisting of speech and noise exemplars are presumed
to model all acoustic variability in the observed signal due to
pronunciation variation, background noise and so forth. This
model can also cope with reverberation by storing reverberated
speech exemplars rather than clean speech exemplars.

The non-negative exemplar weights x.; are obtained by

. . M,
minimizing the cost function, d(y;, AciXe,1) + > met gy Am

for x;’fl > 0 where A is an M, ;-dimensional vector. The
first term is the divergence between the observation vector and
its approximation. The second term is a regularization term
which penalizes the [;-norm of the weight vector to produce
a sparse solution. A contains non-negative values and controls
how sparse the resulting vector x is. Defining A as a vector,
the amount of sparsity enforced on different types of exem-
plars can be adjusted. In this work, the regularized optimiza-
tion problem with the aforementioned cost function is solved
by applying non-negative sparse coding (NSC) [31]. The gen-
eralized KLD is used for d which is commonly used in source
separation problems and shown to produce better results than
Euclidean distance when used in conjunction with mel-scaled
spectral features [30], d(y,¥) = EkK:1 Yk log z—z — Yk + Uk-

All observation matrices Y for lmin < | < Imax are approx-
imated using the combined dictionaries A ; of the same length
by applying the multiplicative update rule given in [25]. To
quantify the approximation quality, we use the reconstruction
error between the noisy speech segments and their approxima-
tions. After a fixed number of iterations for all dictionaries, the
reconstruction errors between the observation matrix Y, and its
approximations A ;x.; are calculated for lmin <1 < lpax. As
the label of each dictionary is known, decoding is performed by
applying dynamic programming to find the class sequence that
minimizes the reconstruction error to find the best approxima-
tion of the target utterance.

After finding the best approximation, the denoising is per-
formed by reconstructing the frame-wise speech and noise esti-
mates, 5.; and 7., that are obtained after removing the win-
dowing effect by adding the components belonging to overlap-
ping windows from the estimates S.; X, and N; X", respec-
tively. Here, X ; refers to the exemplar weights of the speech
exemplars and X', refers to the exemplar weights of the noise
exemplars. The frame-level Wiener-like filter is then obtained
asin [19], W = C"3.; @ (C" (3¢, + fic,1)) where C is the
short-time Fourier transform (STFT)-to-mel matrix containing
triangular shaped filter-banks.

3. Experimental Setup
3.1. Databases

AURORA-2: The training material of AURORA-2 [37] database
consists of a clean and a multi-condition training set, each con-
taining 8440 utterances. The multi-condition training set was
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constructed by mixing the clean utterances with noise at SNR
levels of 20, 15, 10 and 5 dB. Test set A and B consists of 4
clean and 24 noisy datasets at six SNR levels between -5 and
20 dB. The noise types of test set A match the multi-condition
training set. Each subset contains 1001 utterances with one to
seven digits 0-9 or oh. We use the complete test sets to be able
to compare the results with other systems.

CHIME-2: The small vocabulary track of the 2" CHiME Chal-
lenge [38] addresses the problem of recognizing commands in
a noisy and reverberant living room. The clean utterances con-
tain utterances from 34 speakers reading 6-word sequences of
the form command-color-preposition-letter-digit-adverb. There
are 25 different letters, 10 different digits and 4 different alter-
natives for each of the other classes. The recognition accuracy
of a system is calculated based on the correctly recognized letter
and digit keywords.

3.2. Dictionary Creation and Implementation Details

AURORA-2: The speech exemplars are extracted from the clean
training set. Acoustic feature vectors used during speech en-
hancement are represented in mel-scaled magnitude spectra
with 23 frequency bands. There are in total 52,305 speech ex-
emplars representing half-digits. The minimum and maximum
exemplar lengths are 8 and 40 frames respectively. Exemplars
longer than 40 frames are omitted to limit the number of dictio-
naries. The recognizer uses in total 675 dictionaries of 23 dif-
ferent classes (half-digits plus silence). The noise dictionaries
are created by performing active noise exemplar selection and
noise sniffing which are detailed in [25]. The combined dictio-
naries and observation matrices are [3-normalized for all SNR
levels. The multiplicative update rule is iterated 100 times for
convergence of all frame lengths. Further details can be found
in [25].

The enhanced speech is input to a GMM-HMM recognizer
employing an HMM topology with 16 states describing each
digit and 3 states for silence leading to a total of 179 states. The
GMM model is trained on MFCC with 13 static features along
with their delta and delta-delta time differences resulting in a 39
dimensional feature space. The emission probabilities of each
HMM state is modeled using a GMM of 32 Gaussians with di-
agonal covariance. For the Viterbi decoder, an HMM topology
where all the words have the same word entrance penalties was
used. We trained acoustic models on the clean and multicon-
dition training set. To evaluate the impact of retraining on the
recognition accuracy, we further train an acoustic model on the
enhanced waveforms of the multicondition training set.
CHIME-2: The N-REM system for speech enhancement uses
exemplars and noisy speech segments that are represented as
mel-scaled magnitude spectral features extracted with a 26
channel mel-scaled filter bank (D = 26). The frame length
is 25 ms and the frame shift is 10 ms. The binaural data is av-
eraged in the spectral domain to obtain 26-dimensional feature
vectors. The exemplars are extracted from the reverberated ut-
terances in the training set according to the state-based segmen-
tations obtained using the acoustic models in the toolkit pro-
vided with the database. Exemplars belonging to each speaker
are organized in separate dictionary sets for speaker-dependent
modeling yielding 34 different dictionary sets. Based on the
availability of the exemplars, the minimum and maximum ex-
emplar lengths are 4 and 45 frames respectively.

Half-word exemplars seemed to generalize sufficiently to
unseen data. Dictionary sizes vary with different classes and
speakers. Prewarping [39] is applied to boost the modeling ca-
pabilities of the underpopulated speech dictionaries. The num-



Table 1: Word error rates in % obtained on test set A and B of AURORA-2 data

[SNR(dB) -5 0 5 10 15 20 0-20 clean| [SNR(dB) 5 0 5 10 15 20 0-20 clean|
[N-REM 20.1 100 63 4.6 3.5 2.7 54 1.8 |[N-REM 56.9 25.6 10.4 57 38 32 9.7 18 |
N-REM-SE (clean) 24.4 10.1 53 3.4 2.1 1.4 44 0.3 |[N-REM-SE (clean) 563 24.1 95 42 23 1.3 83 03
N-REM-SE (multi) 17.9 8.2 4.5 2.8 1.9 1.0 3.6 0.8 ||N-REM-SE (multi) 55.0 23.9 89 39 1.9 1.2 8.0 0.8
N-REM-SE (retrain) 19.5 8.6 4.7 32 1.9 1.0 39 0.5 | N-REM-SE (retrain) 55.7 24.1 93 4.1 2.1 1.2 82 05

(a) Test set A

Table 2: Comparison of NREM-SE with other recognition sys-
tems on AURORA-2 data

Technique test set A test set B
S5 020 -5 0-20
GMM-HMM [28] 772 169 | 77.1 159
AFE [32] 565 7.7 | 5717 82
NAT [33] 577 63 | 58.1 63
SC [28] 357 72 | 498 93
FE [28] 304 3.6 | 508 6.1
SC+FE [28] 256 3.1 | 437 5.0
ESSEM-MCM [34] - 44 - 4.7
RBM-DNN [35] - 4.5 - 5.1
MASK-RBM-DNN [14] - 3.8 - 5.0
MS-CD [36] 21.1 24 | 624 75
FE+MS-CD [36] 206 24 | 542 6.1
N-REM [25] 201 54 | 569 9.7
N-REM-SE 179 36 | 550 8.0

ber of exemplars in each dictionary after prewarping is limited
to 50. The noise dictionaries used for the recognition phase con-
tain 200 noise exemplars that are acquired on the fly from the
immediate neighborhood of the target utterance in both direc-
tions until the frames belonging to other target utterances. In
addition to these sniffed noise exemplars, 200-300 noise exem-
plars are extracted from the most active 2 noise-only sequences
selected by adaptive noise exemplar selection technique [25].
The multiplicative update rule is iterated 25 times to obtain the
exemplar weights. The columns of the combined dictionaries
and observation matrices are [2>-normalized. Further details can
be found in [25].

The enhanced speech is recognized using the baseline
HMM structure provided by the challenge organizers at the
back-end [38]. The provided acoustic models use 4-10 state
word-level HMMs and the emission probabilities of each HMM
state is modeled using a GMM of 7 Gaussians. The speech
features are standard 39-dimensional MFCCs applied with cep-
stral mean normalization. We first use the default acoustic mod-
els trained on clean, reverberated and noisy training utterances.
Similar to the AURORA-2 experiments, we also retrain a new
acoustic model using the enhanced isolated noisy training utter-
ances.

3.3. Evaluation Metrics

We have opted for the metrics which have been traditionally
used for the evaluation of the databases described in Section 3.1
for comparability with the previous literature. The word error
rate (WER) has been used to quantify the recognition accuracy
for the AURORA-2 digit recognition task. The keyword recog-
nition accuracy (RA) is used to evaluate the system performance
on the CHIME-2 data.

4. Results

We perform recognition experiments using the proposed system
(N-REM-SE) on test set A and B of AURORA-2 and devel-
opment and test sets of CHIME-2 data. For both datasets, we
first compare the performance of N-REM-SE with the exemplar
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(b) Test set B

matching version (N-REM) [25] using the same combined dic-
tionaries and divergence measure. Then, the proposed system is
compared with other noise robust ASR systems to evaluate the
overall performance of N-REM-SE.

4.1. AURORA-2 Results

Table 1 and 2 presents the results obtained on AURORA-2 data.
The clean speech recognition performance of all systems are
given in the last column of Table la and Table 1b. The ex-
emplar matching system provides a WER of 1.8% on clean
speech which is higher than any setup with a GMM-HMM
back-end. N-REM-SE trained on clean and multicondition data
has a WER of 0.3 and 0.8 on clean speech respectively. As ex-
pected, the GMM-HMM back-end considerably improves the
clean speech recognition performance.

N-REM provides WERs of 20.1%, 10.0% and 6.3% at SNR
levels of -5 dB , 0 dB and 5 dB. N-REM-SE trained on clean
speech performs surprisingly well with WERs of 24.4%, 10.1%
and 5.3% at the same SNR levels. Training the acoustic mod-
els of N-REM-SE on multicondition data improves the results
by an absolute improvements of 6.5%, 1.9% and 1.0% respec-
tively. Unlike the other exemplar-based approaches which use
a single fixed noise dictionary, retraining the acoustic models
on the enhanced training data does not bring any improvement
in case of N-REM-SE. This is due to the adaptive noise model-
ing adopted in N-REM-SE which selects a different set of noise
exemplars for each noisy utterance on the fly. Consequently,
retraining does not help the back-end to cope with the artifacts
introduced by speech enhancement in this scenario. The models
trained on multicondition data yield better or similar recogni-
tion performance at all SNR levels.

Using a GMM-HMM back-end reduces the WER in general
at higher SNR levels similar to the clean speech performance.
Compared to the WERS of 4.6%, 3.5% and 2.7% provided by
N-REM at SNRs of 10 dB, 15 dB and 20 dB respectively, N-
REM-SE trained on multicondition data has WERs of 2.8%,
1.9% and 1.0% at the same SNRs. Moreover, this system has
an average WER (0-20) of 3.6% compared to the 5.4% of N-
REM. Multicondition trained N-REM-SE also shows superior
performance at all SNR levels of test set B compared to N-REM
and other N-REM-SE variants. This system provides an average
WER of 8.0% compared to the 9.7% of N-REM and 8.3% of
retrained N-REM-SE.

Table 2 lists the recognition results of some other noise
robust ASR systems data with state-of-the-art performance on
AURORA-2 data. This list is by no means exhaustive and it
only includes the recognition results published on the complete
test sets for a fair comparison. From these results, it can be
concluded that the recognition systems using exemplar-based
speech enhancement approaches, e.g. FE variants and N-REM-
SE, provide impressive performance in matched noise scenar-
ios. Other exemplar-based systems which do not rely on a statis-
tical model at the back-end, e.g. SC and N-REM, mainly suffer
from low recognition accuracies at higher SNR levels resulting
in worse average WER results. On the other hand, the ESSEM-
MCM and RBM-DNN methods perform almost equally well



Table 3: Keyword recognition accuracies in % obtained on the development and test set of CHIME-2 data

l SNR(dB) -6 -3 0 3 6 9 Auvg ‘ l SNR(dB) -6 -3 0 3 6 9 Aug ‘
l N-REM 704 779 84.8 904 92.6 93.8 85.0 ‘ l N-REM 71.0 789 85.3 88.7 919 92.8 84.8 ‘
N-REM-SE (clean) 21.1 23.4 279 30.5 34.4 349 28.7||N-REM-SE (clean) 19.9 22.8 26.8 29.7 34.2 38.1 28.6
N-REM-SE (reverb) 67.3 74.7 81.7 88.2 89.8 91.5 82.2 || N-REM-SE (reverb) 69.8 76.8 84.3 87.3 90.3 91.6 83.4
N-REM-SE (noisy) 60.8 68.8 74.3 78.1 81.8 83.2 74.5|| N-REM-SE (noisy) 60.3 69.1 74.8 78.0 81.4 82.8 744
N-REM-SE (retrain) 69.4 759 82.8 87.4 88.6 91.7 82.6 || N-REM-SE (retrain) 70.3 76.4 84.5 86.7 89.3 90.6 83.0

(a) Development Set (b) Test set

Table 4: Comparison of NREM-SE with other recognition sys-
tems on CHIME-2 data

Technique Baseline AM Retrained AM
Dev Avg [ Test Avg [ Dev Avg [ Test Avg
GMM [38] 68.7 68.8 - -
SCSS [40] 76.0 71.7 - -
FE [41] 81.2 82.2 - -
HMM-FE [41] 81.9 82.7 - -
BSE [42] 81.8 82.0 81.5 83.2
FASST [43] 82.9 84.2 84.7 85.7
N-REM-SE 82.2 834 82.6 83.0

under matched and mismatched noise conditions.

The hybrid SC+FE system appears to be a nice compro-
mise with a remarkable -5 dB performance and one of the low-
est average WERs on both test sets. Compared to this sys-
tem and other exemplar-based systems, the gap between the
matched and mismatched noise is larger for the proposed sys-
tem due to the smaller amount of noise exemplars in the class-
and length-dependent dictionaries. This results in poor general-
ization against unseen noise types. In the case of matched noise,
N-REM-SE has a better -5 dB performance, which is actually
the best among all systems, and a comparable average WER on
test set A.

4.2. CHIME-2 Results

Table 3 and 4 presents the results obtained on CHIME-2 data.
We first focus on Table 3 presenting the recognition accura-
cies obtained on the development and test sets to compare the
performance of the exemplar matching-based system and the
proposed recognizer. The results on both sets follow a similar
trend; hence the results on the test set are discussed only. N-
REM provides RAs of 71.0%, 78.9% and 85.3% at -6 dB, -3
dB and 0 dB. N-REM-SE trained on reverberated data has RAs
of 69.8%, 76.8% and 84.3% at the same SNR levels. These
results are slightly worse than the exemplar matching system.
Retraining the acoustic models does not improve the recogni-
tion performance similar to the results obtained on AURORA-2
data. The proposed setup with the acoustic models trained on
clean and noisy speech provides inferior results.

The overall performance of N-REM is also mildly better
with an average RA (Avg) of 84.8% compared to the proposed
recognizer trained on the reverberated data with 83.4%. The
CHIME-2 results favor the exemplar matching system over N-
REM-SE unlike the AURORA-2 experiments. The same ob-
servation holds for the single dictionary counterparts, FE and
SC [27], considering the recognition results reported in [25].
We discuss the differences between AURORA-2 and CHIME-2
databases to get more insight for the reduced performance of the
exemplar-based front-end denoising systems (N-REM-SE and
FE) on CHIME-2 task compared to the other systems (N-REM
and SC) which do not rely on a statistical model at the back-
end. Firstly, the variation in both speech and noise components
in the noisy mixtures are more significant in CHIME-2 com-
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pared to AURORA-2. The former is due to the smearing effect
of reverberation degrading the spectrotemporal content of the
speech exemplars and the latter is an outcome of the highly non-
stationary room noise. Secondly, there are only few exemplars
available in training data, especially for letters, to obtain accu-
rate representations of each speech unit in the high-dimensional
feature space. Hence, the speech enhancement quality provided
by the combined dictionaries with increased variation is less ef-
fective in compensating for the mismatch between the target
speech and the acoustic models trained on neither reverberated
nor noisy speech. Under such a scenario, adopting a GMM-
HMM back-end is less favorable compared to the N-REM and
SC systems which either relies on the reconstruction error or
estimates state likelihoods directly from the exemplar weights
at the back end respectively.

To be able to evaluate the enhancement performance of the
N-REM front-end, we present some results obtained using other
speech or feature enhancement-based recognition systems in
Table 4. The recognition results of the best performing GMM-
HMM baseline trained reverberated data is also provided as a
reference. The best performing FASST system does not only
benefit from spectral enhancement, but also from spatial en-
hancement using spatial full-rank covariance matrices [43]. All
other systems benefiting only from either spectral or spatial en-
hancement and using the standard acoustic models provided as a
part of the CHIME-2 challenge perform moderately compared
to the more sophisticated approaches with some speaker and
environment adaptation techniques. N-REM-SE provides a rea-
sonable performance outperforming the other exemplar-based
sparse representation systems, FE and HMM-FE, which use ex-
emplars of fixed length in a single overcomplete dictionary for
feature enhancement.

5. Conclusion

This paper presents a novel noise robust ASR system using a
single-channel speech enhancement setup that performs noise
robust exemplar matching to separate speech and noise sources
in the front-end. The exemplars used in this technique are asso-
ciated with a certain speech unit and organized in separate dic-
tionaries based on the associated speech unit and length. The
noisy mixtures are approximated as a sparse linear combination
of the speech and noise exemplars in each dictionary. The pro-
posed system has provided comparable performance with the
other state-of-the-art ASR systems on two popular small vocab-
ulary recognition tasks, AURORA-2 and CHIME-2.

Future work includes investigating the performance of the
hybrid N-REM recognizer which combines the acoustic scores
obtained from the statistical models and exemplar matching.
Moreover, replacing the mel-scaled magnitude spectral fea-
tures with perceptually motivated modulation spectrogram fea-
tures is expected to provide better separation of speech and
noise. Finally, an extension of the proposed system working on
databases with larger vocabulary using e.g. phone or biphone
sized exemplars remains as a future work.
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