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Abstract
This paper proposes a novel model composition method to im-
prove speech recognition performance in time-varying back-
ground noise conditions. It is suggested that each order of the
cepstral coefficients represents the frequency degree of chang-
ing components in the envelope of the log-spectrum. With this
motivation, in the proposed method, variational noise models
are generated by selectively applying perturbation factors to a
basis model, resulting in a collection of various types of spectral
patterns in the log-spectral domain. The basis noise model is
obtained from the silent duration segments of the input speech.
The proposed Variational Model Composition (VMC) method
is employed to generate multiple environmental models for our
previously proposed feature compensation method. Experimen-
tal results prove that the proposed method is considerably more
effective at increasing speech recognition performance in time-
varying background noise conditions with 30.34% and 9.02%
average relative improvements in word error rate for speech
babble and background music conditions respectively, com-
pared to an existing single model-based method.
Index Terms: variational model composition (VMC), time-
varying noise, feature compensation, multiple environmental
models, robust speech recognition.

1. Introduction
Acoustic mismatch between training and operating conditions
of an actual speech recognition system is one of the primary
factors severely degrading recognition performance. To mini-
mize this mismatch, extensive research has been conducted in
recent decades, with the goal of achieving successful results
for slowly changing background noise, including many types
of speech/feature enhancement methods and model adaptation
techniques [1]-[5]. However, they continue to suffer from inef-
fectiveness in time-varying background noise conditions, where
the noise characteristics need to be effectively estimated as time
elapses. Recently, missing-feature methods have shown promis-
ing results [6], which utilize no prior knowledge on the back-
ground noise [7]. Unfortunately, they are highly dependent on
the ability of reliable component estimation, still resulting in
performance degradation in time-varying noise conditions.

In this study, a novel model composition method is pro-
posed to address time-varying background noise for improved
speech recognition. Our motivation is that each order of the cep-
stral coefficients represents the frequency degree of the chang-
ing components in log-spectrum envelope [8]. In the proposed
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method, variational noise models are generated by selectively
applying perturbation factors to a basis model in the cepstral
domain to obtain various types of spectral patterns. The pro-
posed variational model composition method is employed to
generate multiple environmental models for our previously pro-
posed feature compensation method [4]. The proposed method
will be evaluated on various types of background noise includ-
ing speech babble and background music within the Aurora 2.0
evaluation framework [9].

2. Variational Model Composition
In this section, a novel method is proposed to effectively es-
timate time-varying background noise contained in the speech
utterance by using information contained in the silent segments.
As initial knowledge for our discussion, first, the effect on log-
spectral coefficients caused by adding a gain to the cepstral co-
efficients is presented. From the fundamentals of the cepstrum,
which is obtained by a discrete cosine transformation (DCT)
of the log-spectrum, each order of the obtained cepstral coef-
ficients represents the frequency of the log-spectrum envelope
changes (i.e., quefrency [8]). For example, the lower order
cepstral coefficients indicate a measure of the slowly chang-
ing components in the envelope of the log-spectrum, having the
0th cepstral coefficient represent a DC component (i.e., energy)
of log-spectrum at a frame. Therefore, applying a weight to
each order of the cepstral coefficients could generate a variation
of the original cepstrum in terms of the frequency of envelope
change along the log-spectral axis.

Assume that a vector of cepstral coefficients x consists of
0th to (N−1)th coefficients. A variation of the cepstrum vector
can be obtained by adding a gain vector g as follows:

x̃ = x+ g. (1)

If the gain is applied only on the 0th coefficient such as g =
[±g, 0, 0, . . . , 0], the log-spectral coefficients of the obtained
variation will have a different energy level from the original
log-spectrum, which can be obtained by an inverse DCT of the
cepstral coefficients. In Fig. 1, (a) shows log-spectra of the
variations which are generated by weighting the 0th cepstral
coefficient. The solid line indicates the original log-spectral
coefficients and the lines with black or empty circles indicate
the resulting log-spectrum by weighting +g and −g at the 0th
cepstral component respectively. We can see the two varia-
tions have different energy levels, while maintaining an iden-
tical spectral envelope with the original coefficients. Plots in
(b) and (c) present the log-spectra of the variations generated
by applying weights only on the 1st and 4th cepstral compo-
nents respectively. The variations in (b) show a smooth change
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Figure 1: Examples of variational log-spectral coefficients gen-
erated by applying a weight to the (a) 0th, (b) 1st, and (c) 4th
cepstral coefficients.

of the envelope and the plots of the variations in (c) are varying
relatively faster.

With this motivation, we believe that a range of models
could be generated by applying a combination of weights to an
original model in the cepstral domain. In our proposed method,
it is assumed that (i) a basis noise model can be obtained from
periods of silence within the speech stream, and (ii) the target
time-varying noise included in the speech duration would re-
flect variations of the estimated basis model. The variational
models are generated by selectively applying weights on each
component of the mean vector of the basis model in the cep-
stral domain. Here, we propose a novel algorithm to generate a
collection of variational noise models as follows:

• Step 1: Basis Model Estimation
A basis noise model is obtained from silent segments
within the input speech, which generally exists at the
beginning and end parts of an utterance. The model is
estimated as a Gaussian pdf (μ,σ2) in the cepstral do-
main.

• Step 2: Variational Component Determination
The V largest components {v1, v2, . . . , vV } in the
variance vector σ2 are selected. They are named
Variational Components, which are considered highly
variable components in a size-ordered rank as follows,

σv1 ≥ σv2 ≥ · · · ≥ σvV . (2)

• Step 3: Model Composition by Mean Perturbation
A variation of the mean vector is generated by selectively
applying the perturbation factor fp on the determined
variational components of the cepstral coefficients v1 to
vV as follows,

μ̃i =

{
μi(1 + fp), if i ∈ {v1, v2, . . . , vV }
μi, otherwise (3)

where fp = 0,−α, or + α and the α is a small pos-
itive value which we determine heuristically. The ob-
tained model collection {λ̃ = (μ̃,σ2)} consists of a to-
tal 3V number of generated variational models as a result
of combinations of the 3-type gains of the V variational
components.
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Figure 2: Mean parameters of variational models in log-
spectral domain generated by the proposed model composition
method. Four-digit symbol of each plot indicates a combination
of perturbation factors (i.e., 0,−α, or + α) for the selected 4
variational components.

In this study, we employed 4 variational components for the
proposed model composition method. Fig. 2 demonstrates
several representative variational noise models (i.e., mean pa-
rameters in the log-spectral domain) obtained by the proposed
model composition algorithm, showing various types of spec-
tral patterns generated by applying combinations of weights to
the selected variational cepstral components using a basis model
which is presented as the dashed line in each figure.

3. PCGMM-Based Feature Compensation
Employing Variational Model Composition
In this section, to address time-varying background noise for
speech recognition, the Parallel Combined Gaussian Mixture
Model (PCGMM) based feature compensation algorithm [4]
employing the proposed variational model composition method
is presented. In the PCGMM method, the parameters of the
noise-corrupted speech model are obtained through a model
combination procedure using clean speech and noise models
independently. A constant bias transformation of the mean pa-
rameters of the clean speech model is assumed in the cepstral
domain under the additive noisy environment as follows,

μy,k = μx,k + rk (4)

where μy,k and μx,k denote mean vectors of the kth compo-
nent of GMMs for noise corrupted speech y and clean speech x
respectively. The bias term rk is estimated with Eq.(4), once the
mean parameters of the clean speech model and corresponding
noise-corrupted speech model are obtained.

Utilizing multiple number of environmental models is con-
sidered to be effective for compensating input features adap-
tively under time-varying noisy conditions [4]. In the multi-
ple model method, a sequential posterior probability of each
possible environment is estimated over the incoming noisy
speech. Given the input noisy speech feature vectors Yt =
[yt−d+1,yt−d+2, . . . ,yt]

T over a d interval, the sequential
posterior probability of a specific environment GMMGi among
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Figure 3: Block diagram of the PCGMM method employing the
proposed variational model composition method.

all models can be written as,

p(Gi|Yt) =
P (Gi)p(Yt−1|Gi)p(yt|Gi)∑E

e=1 P (Ge)p(Yt−1|Ge)p(yt|Ge)
, (5)

where p(Yt−1|Gi) =
∏t−1

τ=t−d+1 p(yτ |Gi) and P (Gi) is a
prior probability of each environment i represented as a GMM.
Based on Eq.(5), the clean feature at frame t is reconstructed by
the weighted combination of the compensation terms obtained
from a set of E multiple environments as follows,

x̂t,MMSE
∼= yt −

E∑

e=1

p(Ge|Yt)
K∑

k=1

re,k p(k|Ge,yt), (6)

where re,k is a constant bias term from the kth Gaussian com-
ponent of the eth environment model and p(k|Ge,yt) is the
posterior probability for environment Ge.

The variational noise models obtained by the proposed
variational model composition method in this study are used
to generate the environmental models {Ge}, which are es-
timated through the model combination procedure using the
clean speech GMM and the obtained variational noise models.
A uniform prior probability is set on all obtained noise models
in this study. Fig. 3 demonstrates the resulting block diagram
of the PCGMM-based feature compensation employing the pro-
posed variational model composition method.

4. Experimental Results
Our evaluations of the proposed method are performed within
the Aurora 2.0 evaluation framework as developed by the Euro-
pean Language Resources Association (ELRA) [9]. The task is
connected English-language digits consisting of eleven words,
with each whole word represented by a continuous-density
HMM with 16 states and 3 mixtures per state. The feature
extraction algorithm suggested by the European Telecommu-
nication Standards Institute (ETSI) was employed for all exper-
iments [10]. An analysis window of 25msec duration is used
with a 10msec skip rate for 8-kHz speech data. The computed
23 Mel-filterbank outputs are transformed to 13 cepstrum coef-
ficients including c0 (i.e., c0-c12). The first and second order
time derivatives are also included, so the feature vector is 39-
dimensional.

The HMMs of the speech recognizer were trained using a
database that contains 8,440 utterances of clean speech. In or-
der to evaluate the performance under time-varying background
noise conditions, speech babble condition was selected from the
Aurora 2.0 test database, and a new test data set was generated
combining clean speech samples with background music which

Table 1: Recognition performance of baseline system and con-
ventional methods in speech babble and background music con-
ditions (WER, %).
Speech Babble 20dB 15dB 10dB 5dB 0dB Avg.
Baseline 7.47 21.13 44.38 71.13 88.88 46.60
SS+CMN 2.48 4.63 10.97 26.24 54.90 19.84
VTS 2.57 4.05 9.49 25.51 55.83 19.49
AFE 1.87 3.99 8.13 19.41 42.17 15.11
Background Music 20dB 15dB 10dB 5dB 0dB Avg.
Baseline 4.84 12.19 28.11 51.34 74.27 34.15
SS+CMN 3.39 7.28 15.24 29.93 54.52 22.07
VTS 4.69 8.92 16.08 31.60 54.67 23.19
AFE 2.99 6.76 11.72 25.55 44.43 18.29
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Figure 4: Log-likelihood score of the variational noise model as
change of the perturbation factor α.

consists of prelude parts of ten Korean popular songs with vary-
ing degrees of beat and tempo. Each test set consists of 1,001
samples at five different SNRs: 20, 15, 10, 5, and 0 dB.

The performance of the baseline system (no compensation)
is examined with comparison to several existing preprocessing
algorithms in terms of speech recognition performance. Spec-
tral Subtraction (SS) combined with Cepstral Mean Normaliza-
tion (CMN) was selected as one of the conventional algorithms.
This represents one of the most commonly used techniques for
additive noise suppression and removal of channel distortion re-
spectively. We also evaluated a feature compensation method,
VTS (Vector Taylor Series) for performance comparison where
the noisy speech GMM is adaptively estimated using the EM
algorithm over each test utterance [2]. The Advanced Front-
End (AFE) algorithm developed by ETSI was also evaluated as
one of the state-of-the-art methods, which contains an iterative
Wiener filter and blind equalization [11]. Table 1 demonstrates
performance of the baseline system and existing algorithms on
speech babble and background music conditions.

Fig. 4 presents the ability of the proposed variational model
to characterize the background noise included in the input signal
in terms of log-likelihood score as change of α for the pertur-
bation factor fp in Eq.(3). A noise corrupted speech GMM was
generated by the PCGMM scheme using clean speech GMM
and the variational noise model corresponding to the given in-
put signal. The log-likelihood score was calculated using the
generated noise corrupted speech GMM over the given signal
in four background noise conditions at 5dB SNR. The α for
the perturbation factor for variational noise model composition
was controlled over the range 0.0 to 0.15 by 0.01 steps. Here,
we employed 4 unique variational components. The case of
α = 0.0 is identical to using a single noise model which is
the basis noise model estimated from the silence interval of the
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Table 2: Recognition performance of the proposed VMC-
PCGMM method in speech babble and background music con-
ditions (WER, %).

Speech Babble 20dB 15dB 10dB 5dB 0dB Avg.
PCGMM 2.06 3.36 7.26 22.70 58.43 18.76
VMC-PCGMM 1.87 2.93 5.29 15.08 40.18 13.07
(Relative Improve) (9.22) (12.80) (27.13) (33.57) (31.23) (30.34)
Background Music 20dB 15dB 10dB 5dB 0dB Avg.
PCGMM 1.94 4.01 8.67 19.96 37.03 14.32
VMC-PCGMM 1.91 3.89 7.96 18.45 32.92 13.03
(Relative Improve) (1.55) (2.99) (8.19) (7.57) (11.10) (9.02)

input signal. It is interesting to note that the plot of each condi-
tion consistently formulates convex curve showing a local max-
imum score around 0.08 of the perturbation factors. The plot
with black-faced circle presents the averaging scores of the four
noise conditions. Based on the observation here, we used 0.08
for the perturbation factor in this study.

Tables 2 shows performance of the PCGMM method em-
ploying the proposed Variational Model Composition (VMC)
method for speech babble and background music conditions.
The performance was compared to the basic PCGMM method
(i.e., a single model based approach) in terms of relative im-
provement in Word Error Rate (WER). We estimated a noise
model as a Gaussian pdf from the silence duration at the be-
gin and end parts of each utterance which consists of a total
of 24 frames. The estimated noise model is used as a target
noise model for the single model PCGMM, and as the basis
noise model for the proposed VMC-PCGMM method. For the
VMC-PCGMM, four member variational components were de-
termined by Eq.(2), resulting in a collection of total 81(=34)
number of variational noise models.

From the results in Table 2, there were significant relative
improvements in WER by employing the proposed variational
model composition method. We obtained 30.34% and 9.02%
average relative improvements in WER compared to the sin-
gle model PCGMM method for babble and music noise con-
ditions. This suggests that the proposed VMC method is sig-
nificantly more effective in generating candidate noise models
which would be included across the duration of the utterance,
which are not effectively estimated by the conventional single
noise model method.

To prove the effectiveness of the proposed method on rel-
atively slowly changing noise conditions (compared to speech
babble and music), we evaluated the performance on car and
subway noise conditions as well, which were also obtained
from Aurora 2.0. The performance results in average WER for
all four types of background noise and all SNR conditions are
summarized in Table 3 and 4. We can see that the proposed
VMC-PCGMM method shows consistently improved perfor-
mance over the single model PCGMM in car and subway condi-
tions as well. Note that the VMC-PCGMM method was effec-
tive at increasing the recognition performance in adverse SNR
conditions such as 0 and 5 dB, showing 24.30% and 19.75%
relative improvements.

5. Conclusions
In this study, a novel model composition method was pro-
posed to improve speech recognition in time-varying back-
ground noise conditions. In the proposed method, a basis noise
model was estimated from silent segments, and variational noise
models were generated by selectively applying the perturbation
factors on the variational cepstral components, which are deter-

Table 3: Performance comparison in four types of noise condi-
tions as average over all SNRs; 20, 15, 10, 5, and 0dB (WER ,
%).

Car Subway Babble Music Avg.
Baseline 38.20 35.26 46.60 34.15 38.55
SS+CMN 17.41 25.93 19.84 22.07 21.31
VTS 14.71 23.89 19.49 23.19 20.32
AFE 6.59 14.68 15.11 18.29 13.67
PCGMM 8.04 14.73 18.76 14.32 13.96
VMC-PCGMM 6.03 12.12 13.07 13.03 11.06
(Relative Improve) (25.02) (17.72) (30.34) (9.02) (20.77)

Table 4: Performance comparison in all SNRs conditions as av-
erage over four types of noise conditions (WER , %).

20dB 15dB 10dB 5dB 0dB Avg.
Baseline 4.65 12.16 31.30 61.16 83.49 38.55
SS+CMN 2.80 5.18 11.89 28.45 58.25 21.31
VTS 3.34 5.65 11.63 26.47 54.51 20.32
AFE 2.22 4.32 8.26 17.67 35.89 13.67
PCGMM 2.15 3.40 6.78 17.07 40.43 13.96
VMC-PCGMM 1.99 3.15 5.86 13.70 30.61 11.06
(Relative Improve) (7.11) (7.35) (13.58) (19.75) (24.30) (20.77)

mined by the variance of the basis model. The proposed model
composition method was employed to generate multiple envi-
ronmental models for the PCGMM algorithm. Experimental
results demonstrated that the proposed method is considerably
more effective at increasing speech recognition performance
in time-varying background noise conditions. We obtained
30.34% and 9.02% average relative improvements in WER for
speech babble and background music conditions respectively,
compared to the single model PCGMM method. This proved
that the variational noise model composition generates a noise
space that can effectively address the time-varying nature of the
background noise.
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