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Abstract
Context-dependent Deep Neural Network has obtained con-

sistent and significant improvements over the Gaussian Mixture
Model (GMM) based systems for various speech recognition
tasks. However, since DNN is discriminatively trained, it is
more sensitive to label errors and is not reliable for unsuper-
vised adaptation. Moreover, DNN parameters do not have a
clear and meaningful interpretation, therefore, it has been dif-
ficult to develop effective adaptation techniques for the DNNs.
Nevertheless, unadapted multi-style trained DNNs have already
shown superior performance to the GMM system with joint
noise/speaker adaptation and adaptive training. Recently, Tem-
porally Varying Weight Regression (TVWR) has been success-
fully applied to combine DNN and GMM for robust unsuper-
vised speaker adaptation. In this paper, joint speaker/noise
adaptation and adaptive training of TVWR using DNN posteri-
ors are investigated for robust speech recognition. Experimental
results on the Aurora 4 corpus showed that after joint adaptation
and adaptive training, TVWR achieved 21.3% and 11.6% rela-
tive improvements over the DNN baseline system and the best
system in currently reported literatures, respectively.
Index Terms: Adaptation, Adaptive Training, Temporally
Varying Weight Regression, Deep Neural Network

1. Introduction
In practice, many speech variabilities exist due to the acoustic
environment, reverberation, background noise, communication
channel and speaker difference. Training an acoustic model to
be robust against these variabilities has always been important
and challenging. When the Gaussian Mixture Model (GMM)
was a dominant observation distribution representation of the
Hidden Markov Model (HMM) state, many techniques were de-
veloped to make it robust to various acoustic conditions. Since
the GMM is a generative model whose parameters represent the
statistics of the data, it is easier to manipulate the parameters
to adapt to a specific condition. For example, Maximum a Pos-
terior (MAP) [1] and Maximum Likelihood Linear Regression
(MLLR) [2] are commonly used for speaker adaptation. On the
other hand, Vector Taylor Series (VTS) is widely used to com-
pensate acoustic features or models for different noise condi-
tions. All these methods modify the GMM parameters to better
represent the data statistics in the respective acoustic conditions.

The DNN parameters do not represent the statistics of the
speech data, but are obtained using the error back-propagation
algorithm [3] to minimize the cross-entropy objective function.
Hence, existing model-based techniques, such as MAP, MLLR
and VTS, cannot be applied to the DNN models. In order to
handle speaker variability, discriminative learning of speaker
code has been proposed to adapt a DNN-based system [4]. In

this work, the speaker code is learned as the additional param-
eters in the first two layers of the DNN using the error back-
propagation algorithm. Another simple but effective method to
“adapt” the DNN is to borrow the fMLLR feature transform
from a GMM-based system [5]. However, both methods re-
quire adaptive training to achieve consistency between training
and testing. Moreover, speaker code based method may be not
reliable for unsupervised speaker adaptation.

Currently, techniques that improve the noise robustness of
the DNN-based acoustic models can be divided into two cat-
egories: multi-style training [6] and feature engineering [5, 7,
8, 9, 10]. The former simply lets the model learn the appro-
priate parameters to handle the variabilities in the multi-style
data. Although multi-style training has been found to greatly
improve the average performance of a DNN-based system, it
sometimes degrades the performance on the clean environment.
Feature engineering aims to either extract more robust acoustic
features against variabilities or remove variabilities to get nor-
malized acoustic features. If a DNN-based system is trained
using the clean data, feature enhancement or denoising tech-
niques, such as feature-based VTS [11, 7, 8], can be performed
to cope with the noisy environment. If the stereo training data
(a parallel clean and noisy speech) is available, SPLICE [12],
MMSE [10] or DRADE (Deep Recurrent Denoising Autoen-
coder) [9] can be applied to estimate the “clean” speech. In
practice, it is much more expensive to prepare the stereo train-
ing data than the multi-style training data.

Recent work [6] has shown that the standard DNN system
using filter-bank features and multi-style training achieved com-
parable performance to a GMM-based system with joint speaker
and noise adaptive training [13]. Therefore, it is interesting to
investigate whether combining these two systems will further
improve the performance. In our recent work [14], Tempo-
rally Varying Weight Regression (TVWR) has been presented
as an approach to combine GMM and DNN for speaker adap-
tation. VTS has also been applied to compensate TVWR us-
ing the GMM-based posterior features [15]. In this paper, joint
speaker/noise adaptation and adaptive training will be studied
for robust TVWR using the DNN posteriors.

The rest of this paper is organized as follows. Section 2
introduce the sparse regression for incorporating TVWR with
high-dimensional DNN posteriors. Section 3 introduces the
proposed joint speaker/noise adaptation and adaptive training
for robust TVWR. Last, experimental results on Aurora 4 cor-
pus are discussed in Section 4.

2. Sparse Regression of DNN Posteriors
As previously mentioned, the DNNs are able to predict high
quality discriminative CD posteriors while the GMMs can be
reliably adapted in an unsupervised manner. Therefore, to get
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the best of both worlds, combining the GMMs and DNNs using
the TVWR framework has been proposed for robust speaker
adaptation [14]. In the TVWR framework [16, 17], the output
probability of state j is given as:

p(ξt|j) ∝
M∑

m=1

N∑

i=1

p(i|τ t)
P (i)

P (i|j,m)P (m|j)p(ot|j,m)

=

M∑

m=1

cjmR(τ t;wjm)N (ot;µjm,Σjm) (1)

where the linear regression function is given as

R(τ t;wjm) =

N∑

i=1

h̃itwjmi (2)

ξt = {ot, τ t} is the long span acoustic feature, τ t =
{ot−δ . . .ot−1,ot+1 . . .ot+δ} denotes the contexts of the cur-
rent observation ot, p(i|τ t) is the posterior probability of a la-
tent variabe, i, given the acoustic contexts, cjm = P (m|j) is
the prior of the Gaussian component m and wjmi = P (i|j,m)
is the regression parameter, which describes the prior proba-
bility of i being associated with the component m in state j.
M and N correspond to the number of Gaussian components
and the number of latent variables, respectively. To incorpo-
rate the DNN into TVWR, the latent variables are associated
with the high dimensional normalized posteriors of the context-
dependent phone states, such that: h̃it = p(i|τ t)/P (i). In or-
der to address the issue of incorporating the high-dimensional
CD-DNN posteriors without dramatically increasing the model
complexity, sparse regression [14] is applied in this paper. The
idea of sparse regression is to select only a relevant subset of
latent variables for each state. Hence, the linear regression can
be efficiently computed by:

R̃(τ t;wjm) =
∑

i∈Ij

h̃itwjmi (3)

where Ij denotes the set of active latent variables for state j,
which can be chosen such that:

Ij = {i : P (i|j) > ν}, P (i|j) = 1

|Tj |
∑

t∈Tj

p(i|τ t) (4)

where ν is a threshold that controls the number of active param-
eters, such as ν = 1

N
, Tj is the set of frames which is associated

to state j and |.| denotes the cardinality, the regression parame-
ters are initialized as P (i|j,m) = P (i|j). Hence, the auxiliary
function to be optimized for the maximum likelihood estima-
tion [17] is given as:

Q(Λ, Λ̂) =
∑

t,j,m

∑

i∈Ij

γjmi(t) logwjmi (5)

where Λ are the model parameters to be optimized, and Λ̂ are
the current model parameters. The occupancies are given as:

γjmi(t) = γjm(t)
ŵjmih̃it

R̃(τ t; ŵjm)

γjm(t) = γj(t)
ĉjmR̃(τ t; ŵjm)N (ot; µ̂jm, Σ̂jm)

∑
m ĉjmR̃(τ t; ŵjm)N (ot; µ̂jm, Σ̂jm)

γj(t) is the state occupancy given the current model, Λ̂ and
transcription. The regression parameter update formulae will
be given as:

wjmi =

{ ∑
t γjmi(t)∑

t

∑
i∈Ij γjmi(t)

if i ∈ Ij
0 otherwise

In this paper, the posterior feature is assumed to be context
dependent and predicted by a DNN. In order to make the re-
gression robust against noise conditions, DNN is trained using
multi-style training data. The next section will present the adap-
tation and adaptive training of TVWR.

3. Joint Adaptation and Adaptive Training
Different speaker has different speaking style such as female vs.
male, native vs. non-native, young vs. elder, etc. Environmental
variabilities includes background noises, different microphones
and transmission channels. Many adaptation techniques have
been developed for each of them. Speaker and noise factoriza-
tion have also been proposed to consider both of them in the
GMM-based system [13]. In this section, the “VTS-MLLR”
scheme, which has been found to perform best [13], will be
used to exploit the joint adaptation and adaptive training in the
TVWR framework. In other words, noise compensation will be
first performed using VTS and followed by speaker adaptation
using MLLR mean transform for the joint adaptation. It is also
assumed that one speaker can speak many utterances but one ut-
terance can only have one speaker. Furthermore, one utterance
has one acoustic condition and its own distortion parameters,
and one condition can only contain one speaker in the follow-
ing formulation. Define the clean, noisy speech, additive noise
and channel distortion variables as x, y, n, h, respectively. The
objective of joint adaptive training is to maximize the likeli-
hood of the multi-style training data, and the auxiliary function
can be expressed as in Eq-6 (due to the similar formulation for
delta parameters, only the first order delta parameters are dis-
cussed here). The forward-backward component occupancy is
now given as:

γs,kjm(t) = γs,kj (t)
ĉjmR̃(χs,kt ; ŵjm)N (ys,kt ; µ̂s,kjm, Σ̂

k
jm)

∑
m ĉjmR̃(χ

s,k
t ; ŵjm)N (ys,kt ; µ̂s,kjm, Σ̂

k
jm)

where χt = {yt−δ . . .yt−1,yt+1 . . .yt+δ} is the noisy con-
text, s represents a speaker, k is the utterance (or condition) in-
dex. Assuming that each speaker uses a global block-diagonal
MLLR mean transform 1, the joint speaker and noise adaption
for the Gaussian means can be written as:

µs,k�jm ≈ As
�µ

k
�jm + bs� (7)

µs,k∆jm ≈ As
∆µk∆jm + bs∆ (8)

where � and ∆ indicates the static and delta parameters, re-
spectively, As, bs are the speaker transforms, VTS [18, 19]

1This assumption is made for easier discussion, and it is possible to
use full transform and multiple regression classes.
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Q(Λ, Λ̂) =
∑

s,k,t,j,m

γs,kjm(t)

(
−1

2
log |Σk

�jm| −
1

2
(ys,k�t − µs,k�jm)TΣ−1,k

�jm(ys,k�t − µs,k�jm)

)

+
∑

s,k,t,j,m

γs,kjm(t)

(
−1

2
log |Σk

∆jm| −
1

2
(ys,k∆t − µs,k∆jm)TΣ−1,k

∆jm(ys,k∆t − µs,k∆jm)

)
(6)

expansion functions for noise compensation are given as:

µk�jm ≈ f(µ̂�jm, µ̂
k
�h, µ̂

k
�n) + Gk

jm(µ�jm − µ̂�jm)+

Gk
jm(µk�h − µ̂k�h) + Fkjm(µk�n − µ̂k�n) (9)

µk∆jm ≈ Gk
jmµ̂∆jm + Gk

jm(µ∆jm − µ̂∆jm) (10)

Σk
�jm ≈ diag

{
Gk
jmΣ�jmGT,k

jm + FkjmΣk
�nFT,kjm

}
(11)

Σk
∆jm ≈ diag

{
Gk
jmΣ∆jmGT,k

jm + FkjmΣk
∆nFT,kjm

}
(12)

where diag{.} is an operator to extract the diagonal elements,
µ∆n = 0, µ∆h = 0 and Σ�h = Σ∆h = 0 are assumed, the
distortion function of the static parameters is expressed as:

f(x,h,n) = x+h+C log(1+exp(C−1(n−x−h))) (13)

C is the discrete cosine transform, and the Jacobian terms are
given as:

Gk
jm =

∂f

∂x
|µ̂�jm,µ̂

k
�h

,µ̂k
�n
, Fkjm = I−Gk

jm (14)

Let Φ = {µjm,Σjm} be the canonical model, Ψk =

{µkn,µkh,Σk
n} be the noise model, and Ks = {As,bs} be the

speaker transform. By setting Φ = Φ̂ and Ψ = Ψ̂, the mod-
ified MLLR mean statistics [13, 2] after the noise compensa-
tion can be accumulated and used to estimate speaker transform,
K. Given the current speaker transform K̂, noise and canonical
means, µkn,µ

k
h,µjm can be estimated using the modified noise

adaptive training (NAT) formulae [13, 19]. This modification
includes the revised Jacobians Âs

�Gk
jm, Âs

�Fkjm, Âs
∆Gk

jm,
Âs

∆Fkjm, and jointly adapted Gaussian means, µ̂s,k�jm, µ̂
s,k
∆jm.

The noise and canonical variance, Σk
n,Σjm estimates are very

similar to the conventional NAT formulae [19], except that the
compensated means are also adapted to speaker. These three
groups of parameters can be estimated in an interleaved man-
ner for joint adaptive training [13], while regression parameters,
static weights and transition probabilities can be just estimated
using the standard procedures but with the occupancies based
on the jointly adapted system.

4. Experimental Results
In this section, experiments were conducted on the Aurora4 cor-
pus for evaluation of robust TVWR using DNN based poste-
riors. Multi-style training set with 16kHz sampling rate were
used in this experiment. The training dataset comprises 7138
utterances from 84 speakers, or about 12 hours of speech. Half
of multi-style training data were recorded by a close-talking mi-
crophone, but the rest were recorded by a variety of different
microphones. The multi-style training data contain 6 different
types of noise. The noise was added at a randomly chosen SNR
between 10 and 20 dB, averaged 15 dB. For evaluation, 14 test
sets (each with 330 utterances and 8 speakers) are available for
covering 14 test conditions, which can be further grouped into
4 sets, named as A, B, C, D. A represents the clean test set;

B contains 6 test sets and 6 types of noise, whose SNR is ran-
domly chosen between 5 and 15 dB, averaged 10 dB; C is also
the clean test set but recorded with a different microphone; D is
similar to B, except that the recording devices are different.

The baseline GMM systems consisted of context-dependent
HMMs with 3187 senones (or tied states) and 16 mixtures per
state. Multi-style training (MST) was performed using maxi-
mum likelihood criterion. The input features for noise adap-
tation and adaptive training are Mel Frequency Cepstral Coef-
ficients (MFCC), including 12 static parameters, zero-th coef-
ficient, and first two orders of dynamic parameters. Cepstral
mean&variance normalization (CMVN) was also used to per-
form two-model re-estimation for another baseline. The GMM
baseline using CMVN features was used to align the training
data as the initial senone labels for DNN training. The testing
results were obtained by a bigram full decoding using HTK.

The input features for DNN training are 24-dimensional log
Mel filter-bank (FBANK) features with two order dynamic pa-
rameters and context expansion with window size 11, i.e. 792
visible units. There were 6 hidden layers with sigmoid activa-
tion function and 2048 hidden units for each layer. Output layer
had 3187 units corresponding to the context-dependent senones
and used soft-max as activation function. Layer-by-layer gen-
erative pre-training was performed to obtain an initialization of
DNN. Cross-entropy criterion was used for back propagation
fine tuning. Back propagation was done using stochastic gra-
dient descent with 128 examples per mini-batch. The initial
learning rate was 0.015, which was reduced by a factor of 2 if
cross validation performance was dropped. Momentum was 0
and maximum training iteration was 25. 1206 multi-style devel-
opment utterances were extracted from the corpus. Both pre-
training and fine-tuning were done by Kaldi toolkit [20]. The
trained DNN was then used to re-align the training data, and
the second DNN was trained with updated labels, which was
the final DNN for the following experiments. The DNN output
log posterior features were analyzed by Principle Component
Analysis (PCA), and 13 dimensional features were projected
and appended to the original CMVN features. The concatenated
features were used to train a tandem system.

For the best performance, constrained MLLR (CM-
LLR) [21] was used for the adaptive training of the GMM-
based systems. In particular, one global transform was used
per speaker, which was also used for speaker adaptive train-
ing of another DNN system. Due to the limitation of cur-
rent formulation and implementation, only MLLR mean adap-
tation was used for speaker adaptation and adaptive training in
the TVWR framework. To perform unsupervised speaker/noise
adaptation, one full bigram decoding was performed first and
followed by an EM estimation of noise model/speaker trans-
form. ν = 0.0003 was used as the floor of building the confu-
sion table, and 130 active latent variables in average were ob-
tained for sparse regression.

First, the performance of various baseline systems trained
using multi-style data are reported in Table.1. The GMM base-
line system using MFCC performed worst among all the sys-
tems. Cepstral mean&variance normalization (CMVN) signifi-
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System A B C D AvgModel Feature
GMM MFCC 10.5 23.6 29.4 38.1 27.7
GMM CMVN 8.0 16.2 18.1 32.2 22.6

GMM [13] AFE 8.8 16.7 19.1 28.6 21.4
DNN FBANK 4.8 8.8 8.8 20.5 13.6
GMM Tandem 6.4 12.4 13.0 28.0 18.7
TVWR MFCC 5.6 9.1 11.3 21.7 14.4

Table 1: Recognition results (WER%) of various baseline sys-
tems without adaptation on Aurora4.

cantly improved the recognition results on all test sets. It is also
comparable to the Advanced feature enhancement (AFE) [13].
Hence, the initial DNN training label was obtained by forced-
alignment using the GMM-CMVN system. The DNN using the
filter-bank features achieved best performance. Its performance
is also comparable to that reported in [6]. This DNN system
was then used to generate the posterior features to train all the
subsequent TVWR and tandem systems. The Tandem system
significantly outperformed other GMM-based systems due to
the additional information from DNN. As dimension reduction
was performed to build the tandem features, information loss
makes it perform worse than the DNN baseline. On the other
hand, TVWR performs sparse regression on the raw posterior
features and achieved better performance than other GMM and
Tandem systems. However, TVWR still performed worse than
the DNN baseline system.

Without speaker/noise adaptation, the GMM performs
poorly in noisy data, such that TVWR does not yield better
results compared to the DNN baseline system. By perform-
ing adaptive training to the GMM components of TVWR, the
performance gap between the GMM and DNN can be reduced
so that the combination via TVWR may become more effec-
tive. Hence, in order to improve the robustness of TVWR,
speaker/noise adaptation and adaptive training were performed
next. Various system performances based on adaptation and
adaptive training are shown in Table.2. In order to apply VTS
noise compensation, acoustic features used in this experiment
were MFCC. The multi-style trained GMM can benefit from the
adaptation techniques and achieved significant improvements
over the multi-style GMM baseline. In addition, adaptive train-
ing also helped to improve the system performance. With both
speaker (MLLR mean) and noise adaptations, GMM [13] ob-
tained comparable performance to DNN using the FBANK fea-
tures. Adaptation and adaptive training also helped to improve
the Tandem system performance, however, it is still worse than
the DNN baseline system. After applying either the VTS or
MLLR mean adaptation, TVWR obtained 1.8% absolute im-
provements over the DNN baseline system. If both adapta-
tion were applied, another 0.6% absolute improvements were
obtained. After speaker adaptive training (SAT), TVWR with
speaker adaptation achieved 2.4% absolute gain over DNN
baseline and 1.2% absolute gain over the speaker adaptively
trained DNN. Joint adaptation further improved the system per-
formance to 10.9% WER. However, NAT alone does not seem
to help much compared to the multi-style training.

Finally, the current best system on Aurora 4 reported in
the literature is the DNN-based system trained with the con-
strained Feature Discriminant Linear Regression (cFDLR) fea-
tures. This system achieved an overall WER of 12.1%. With ei-
ther NAT or SAT, TVWR has already outperformed this system

System Adaptation A B C D AvgModel Training Noise Speaker

GMM

MST VTS - 9.7 14.9 14.0 22.4 17.7
- fMLLR 7.1 15.1 15.4 31.4 21.5

SAT - fMLLR 7.0 14.1 12.5 27.6 19.3
NAT VTS - 8.5 13.7 11.4 21.3 16.4

Joint [13] VTS MLLR 5.6 11.0 8.8 17.8 13.4

Tandem MST - fMLLR 5.9 11.5 10.9 26.3 17.4
SAT - fMLLR 5.6 11.0 10.0 25.6 16.8

TVWR

MST
VTS - 5.6 8.3 8.3 16.8 11.8

- MLLR 5.0 8.1 7.3 17.4 11.8
VTS MLLR 5.0 7.8 7.7 16.1 11.2

SAT - MLLR 5.0 7.8 6.7 16.5 11.2
VTS MLLR 5.1 7.6 7.0 15.9 10.9

NAT VTS - 4.9 8.5 7.7 17.1 11.9
VTS MLLR 4.7 8.0 7.3 16.1 11.2

Joint VTS MLLR 4.4 7.5 7.1 15.6 10.7

DNN

NAT [6] VTS - 5.4 8.8 7.8 19.6 13.1
Drop [6] - - 5.1 8.4 8.6 19.3 12.9
N+D [6] VTS - 5.4 8.3 7.6 18.5 12.4

MST [22] cFDLR - 5.1 8.5 8.4 17.6 12.1
SAT - fMLLR 4.3 7.9 6.7 19.2 12.4

Table 2: Recognition results (WER%) of various systems on Au-
rora4 based on adaptation and adaptive training.

by 0.9% and 1.2% absolute, respectively. The best TVWR sys-
tem , with joint adaptive training, achieved 10.7% WER. This
system is 1.4% absolute better than the cFDLR DNN system
and 2.9% absolute (or 20% relative) better than the baseline
DNN system.

5. Conclusions
In this paper, joint speaker/noise adaptive training and adapta-
tion has been proposed for TVWR, a framework that combines
the discriminative power of the DNN and the adaptability of
the GMM for robust automatic speech recognition. On top of
the superior performance of the DNN-based system, we were
able to obtain further improvements on the Aurora 4 test sets
by applying either the speaker adaptive training or noise adap-
tive training to the GMM parameters of the TVWR systems. Fi-
nally, the best overall word error rate performance of 10.7% was
obtained by applying joint adaptive training, which was 11.6%
relatively better than the best DNN alone system reported in
the literature on the same data set. This shows that TVWR can
be an effective approach to combining the best of two worlds:
GMM and DNN.
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