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ABSTRACT by using GMMs of clean speech and observed signals. Then, the

. . ) . GMM of the observed signals is obtained by composing GMMs of
This paper presents a technique that combines generative and digaan speech and noise. Unsupervised joint speaker adaptation and

criminative approaches with Gaussian mixture models (GMMs),ise GMM estimation are also carried out by using a given ob-
and deep neural networks (DNNs) for model-based feature ensgryeq signal. With the MMSE approach, the linear transformation
hancement. Typical model-based feature enhancement employ§&estimated from the weighted sum of each linear transformation
generative model approach. The enhanced features are obtaingdsis These sums are obtained by using the mean vector of each
by using the weighted sum of linear transformations given by eacls,yssian component contained in GMMs of clean speech and ob-
Gaussian component contained in GMMs and corresponding poggryed signals. The weights are given as the posterior probability of

terior probabilities. The computation of posterior probabilities is ahe ghserved signal. This method is based on the generative model
crucial factor for this kind of feature enhancement, and can also b&pproach and efficiently utilizes the property of GMMs.

formulated as the class discrimination problem of observed noisy The generative model approach is effective for the implementa-

featu.res. The prominent d_lscnmlnablllty of DNNs is a well-known tion of model-based feature enhancement, because it allows straight-
solution to this discrimination problem. Therefore, we propose thjgﬂ

f DNNs f i teri babiliti Th orward linear transformation estimation and unsupervised model
use of DININS for computing posterior probabiities. € PropOSeq, ;rameter estimation. However, generative models, and especially
method incorporates the benefit of the discriminative approach int

- - ixture models including the GMM, have a class discrimination
the generative approach. For AURORAZ task evaluations, the PrGsroblem. The class referred to here means the latent variable of

posed method provided noticeable improvements compared wi e GMM, which indicates the Gaussian components that gener-

results obtained using the conventional generative model approad}ﬂe the observed signal. To achieve accurate feature enhancement,

Index Terms— feature enhancement, generative-discriminativewe should select suitable Gaussian components that correspond to
hybrid approach, deep neural networks, unsupervised modeling the observed signal. Consequently, the computation of the posterior
probability, i.e., the estimation of the class discrimination probabil-
1. INTRODUCTION ity, is a critical factor as regards the GMM-based approach.
In terms of the above problem, a discriminative model that fo-
Ensuring the noise robustness of automatic speech recogniticuses on the class discrimination of given data by utilizing super-
(ASR) is becoming a more critical, because speech applications irised learning is usually superior to generative model-based discrim-
cluding voice searches are now used in various environments. Noisgation. As the discriminative model, the prominent discriminabil-
robust ASR technigues are generally classified into two types. Thigy of DNNs is well known in recent research; therefore, the use
front-end processing of ASR attempts to remove the influence obf DNNs is a reasonable techniques for realizing class discrimina-
noise from observed signals, and includes robust feature extractiaibn (computation of posterior probability). With this consideration,
[1, 2], feature space normalization [3, 4, 5], and feature enhancesy combining a GMM-based approach and DNN-based discrimina-
ment (noise suppression) [6, 7, 8, 9]. Recently, deep neural networtton, we investigate a generative-discriminative hybrid approach de-
(DNN)-based approaches have attracted attention and they includgyned to incorporate the benefits of both the generative and the dis-
a DNN bottle neck feature [10], a denoising autoencoder (DAE)riminative models. This hybrid approach applies the GMM-based
[11, 12], a recurrent neural network-based DAE [13], and DNN-generative model to linear transformation estimation and unsuper-
based ideal binary masking (IBM) [14, 15]. On the other handyised model parameter estimation, and computes posterior probabil-
back-end processing techniques attempt to adapt an acoustic mogglwith the DNN-based discriminative model. With this hybrid ap-
to observed signals. For the traditional Gaussian mixture modgiroach, we can realize accurate feature enhancement performance.
(GMM)-hidden Markov model (HMM) systems, there are various  The proposed method was evaluated on the AURORA2 task
techniques of model compensation [16, 17, 18, 19] and model adajps). The evaluation results reveal that the proposed method success-
tation [20, 21, 22]. For recent DNN-HMM systems, various trainingfylly improves the ASR accuracies of both tasks in results obtained

techniques have been proposed including noise adaptive trainingith the conventional generative model approach.
[23] and noise aware training [24]. Of these various techniques, we

have focused our research on model-based feature enhancement. 2 RELATED WORK

For model-based feature enhancement, we have recently pro-
posed unsupervised joint speaker adaptation and noise GMM esfRecently, model-based approaches have been widely used as pow-
mation by using minimum mean squared error (MMSE) estimategrful tools for noise robust ASR. As a representative technique of
of the clean speech and noise [9]. This method estimates the limnodel-based noise suppression, a vector Taylor series (VTS)-based
ear transformation from an observed noisy feature to a clean featuepproach [8] and its various extensions have been proposed [17, 18,
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19]. The VTS-based approach compensates the model of an othe observed signaD; = {Ot,d}f:’ol is derived by the following
served signal with models of clean speech and noise with Taylomismatch function.
series-based linear approximation. Then, model parameters are up- - _
dated by using the EM-algorithm and the given observed signals. A Ora = Sta+log (1 +exp (Nia = Su,4)) = h (S, Nea) (1)
typical VTS-based approach employs a single Gaussian distribution Based on this mismatch function, the GMM parameters of the
for the noise model. Since non-stationary noise has a multi-modaibserved signal, which consist of the mixture weight i, the
distribution and a temporal structure, a single Gaussian distributiomean vecton,, ,,, £ {po,k1,a}2=", and the diagonal variance
is unsuitable for the model of the non-stationary noise. Therefore, gatrix 3¢, ; 2 diag {00.x1a}7~, are compensated as follows:
model with a complex structure, e.g., a GMM or an HMM, is needed ) -
to ensure robustness against non-stationary noise. WO, k,l = Ws,k - WN,L 2

A stereo-based approach, which utilizes corresponding clean 1o ki,d = h (fis k,dy 4N ,1,d) 3)
and noisy speech data, has also been proposed. This approach trains 2 2
a mapping function from a noisy feature to a clean feature by using 00mta = Hira oskat (1= Hea)" onua,  (4)
stereo data. Representative stereo-based approaches are steweth the Jacobiarfiy ;g = Oh (fis,k,a; N ,1,d) /Ofis,k,d-
based piecewise linear compensation for environments (SPLICES) L ) .
[26], DAE [11, 12, 13], and IBM [14, 15]. SPLICE trains a linear >3- Parameter estimation with MMSE estimates
mapping function from a noisy feature to a clean feature with aT_he initial parameters of speaker adaptation and the noise GMM are
joint probability density function (PDF). DAE directly estimates a 9'V€N @S
clean feature from a noisy feature by using neural networks. IBM b=0 (5)
trains various binary time-frequency masks, and selects a suitable 1 R R
mask for a given observed signal. These stereo-based approaches wn, = I BN N < ‘,&N, EN) , XNy =2Xn, (6)
provide considerable improvement in ASR accuracy with sufficient o
training of the mapping function, whereas they are not always ro'Where0 denotes the zero vectoiuy,, is initialized by the mul-
bust in unknown noise environments. As an extension of SPLICE;variate Gaussian random valu®” < ‘ﬂN, f]N) with iy =
a discriminative criterion-based SPLICE has been proposed [27], _,,_, . ) L U1 T - T
This method also utilizes the DNN output for the weighted sum of Yo O: and Xy = diag {ﬁ Yo 0:0¢ — iy ¢,
linear transformations. However, since linear transformations are esvhere\/(-|-) denotes the PDF of the Gaussian distribution.
timated by using stereo data and the DNN output, the environmental Each parameter is estimated by using the EM algorithm [9] with

dependency increases greatly. the MMSE estimates of the speeh and the noiseV, derived as:
To cope with problems of presented by the above studies, our ~ .

proposed method introduces an unsupervised scheme and a discrim- S¢=0:+ Z Po.tk- (“s,k - l‘o,k,l) @)

inative criterion into feature enhancement and model parameter esti- kil

mation. Ny=0:+ ZPOJJCJ : (NN,Z - No,k,z) ) (8)
k,l

3. UNSUPERVISED JOINT SPEAKER ADAPTATION AND . . .

NOISE GMM ESTIMATION with the posterior probability
This section briefly reviews our previous work, namely model-based Po it = wo, k- N (Ot |.uo,k,17 Eo,k,l) ©)

feature enhancement based on unsupervised joint speaker adaptation

Ek,l WO, k,1 'N(Ot ‘Ho,k,z,zo,k,z) '
and noise GMM estimation [9].

Then, the posterior probability w.r.t. the clean speech GMM

3.1. Definition of GMMs Ps +.1 and the posterior probability w.r.t. the noise GMR4 +,; are

In our method, the speaker independent (SI) clean speech mod&l’€" by marginalizing®o, .. as follows:

is given by a GMM with K Gaussian components in the- Psip= ZPO,t,k.l (10)
1

dimensional log mel-filter bank (LMFB) domain, and has model
parameters that consist of the mixture weight , the mean
vector pg . = {us,k,d}f:’ol, and the diagonal variance matrix
s 2 diag {os,k,a} - - k andd denote the indices of the Gaus- L _
sian component and the element of a vector or a diagonal component With S¢, N, Ps i x and Py ., the target parameters are esti-
of a matrix. Then, we apply the global bias-based adaptation [28] tohated as follows:

Pnig = Z Po,t ki - (11)
&

the mean vector of the Sl clean speech GMM, i, = pg , +0, -1
wherefig , £ {fisk.a}i -, andb 2 {bs}7" ' denote the adapted b= Psuix-Zsr| D Psur-Ssk (S’,, - us,,g)
mean vector and the bias vector, respectively. t,k t,k

On the other hand, the noise model is also given by a GMM (12)
with L Gaussian components in the LMFB domain, and has model > P
parameters that consist of the mixture weight ;, the mean vector  wy; = tipN” (13)
By 2 {unaatls, and the diagonal variance mati®y, = i P i
diag {aN,l,d}f:’Ol, wherel denotes the Gaussian index. > Prii- Ny 14

e = S P 4
3.2. Mismatch function and model compensation T T
; 2 D-1 Pyt NN '

With the LMFB vectors of the clean speesh = {S; 4}, , and SN = 2 Py - NeNy MN,M?VJ ) (15)

the noiseN; £ {N, 4}, at thet-th frame, the LMFB vector of ’ 2 P
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By iterating the MMSE estimation of Egs. (7) and (8) and thedenotes the softmax function that gives the softmax output of the
parameter estimation of Egs. (12) to (15) until convergence, the ag:-th node at the output layeW, v, andmgf‘“ denote the weight
curacies of the MMSE estimates and the model parameter will bénatrix and the bias vector of the output layer and the output of the
mutually improved, The result of feature enhancement is obtained/-th hidden layer, respectively. The DNN is trained by using align-
as MMSE estimaté; at the final iteration. ment labeld.ab; given by Eq. (18). By using these alignment labels,

each output node of the DNN corresponds to each Gaussian compo-

4. FEATURE ENHANCEMENT BASED ON nent contained in a clean speech GMM.

GENERATIVE-DISCRIMINATIVE HYBRID APPROACH

4.1. Generative-discriminative hybrid approach Lab; = arg max Ps ¢k (18)
The method described in Sec. 3 consists of three modules, i.e.,
MMSE estimation, parameter estimation, and posterior probability By usingPéTZN) andPy +.;, the discriminative posterior prob-
computation. Each module utilizes the GMMs of the clean speech,, .. (DNN) ;.. ”
the noise, and the observed signal. Therefore, this method is bas8811Y 0 1.k,
on the framework of the generative model approach. By utilizing (DNN) (DNN)
GMMs, we can easily provide suitable parameters for MMSE esti- Poiwi =Psi - Pnet- (19)
mation, e.g., the second term on the right side of Egs. (7) and (8), L L .
by using the expectations of the PDF or some sampling algorithms. | €N MMSE estimation and parameter estlm.atlg?vﬁge‘ carried
In addition, we can also easily implement the unsupervised paran®ut by using the discriminative posterior probabilify,; ;. ,* in-
eter estimation given by Egs. (12) to (15). These properties provétead of the GMM posterior probabilityo, ;.-
that this generative model (GMM-based) approach is suitable fo&.& Processing flow
model-based feature enhancement_. . . ___The following algorithm summarizes the proposed method, and is
In the method, the MMSE estimation and parameter estlmaé1 lied to each utterance
tion modules both require the posterior probabily ; »,; given P ’
by Eq. (9). To achieve accurate feature enhancement, the computa-—— -
tion of the posterior probability’s . i, is a critical factor. In this Algorithm 1 Proposed feature enhancement with GMMs and DNNs
problem,Po ;1,1 indicates the class discrimination probability of a 1: Feature extraction aD; for all ¢
given observed sign@;. The class referred to here means a latent 2: Initialization (Egs. (5) and (6))
variable of a GMM, i.e., the index of a Gaussian component that 3: repeat
generate®), in the GMM data generation process. Thus, the com- 4. Model compensation (Egs. (2), (3), and (4))
putation of Po + x; iS equivalent to the class discrimination problem 5: Elor)T;pute posterior probabilities of noise GMM (Egs. (9) and
of Ot. 11
With this discrimination problem, the discriminative model ap- 6:  Compute softmax outputs of DNN (Eq. (17))
proach is usually superior to the generative model approach, becaus&  Compute discriminative posterior probabilities (Eg. (19))
it focuses on the discrimination of given data by utilizing super- 8:  EstimateS; andN, for all ¢ (Egs. (7) and (8))
vised learning. In consideration of this model property, the use of 9:  Estimate parameters (Egs. (12) to (15))
the discriminative model is a reasonable way to realize the acculO: until convergence is achieved
rate class discrimination ad;. Thus, we investigate a generative- 11: OutputS; at final iteration
discriminative hybrid approach to incorporate the benefits of both
generative and discriminative models. This hybrid approach applies
a generative model approach to MMSE estimation and parameter 5. EXPERIMENTS
estimation by using GMMs, and computes the posterior probabilitys.1. Experimental setup
with a discriminative model approach by using DNNs. We evaluated the proposed method on the AURORA2 task [25]. AU-
L ) . RORA2 consists of three evaluation sets, i.e., set A (four types of
4.2. Discriminative posterior probability _ known additive noises with the same channel characteristic), set B
With Egs. (10) and (11), posterior probabilif,.; i is represented  (four types of unknown additive noises with the same channel char-
as joint probabilities of a clean speech GMM and a noise GMM agcteristic), and set C (one known and one unknown additive noise
follows: with the different channel characteristics). In this evaluation, set A
was used as the development set and sets B and C were used as the
POtk = Ps,k - Pt - (18)  evaluation sets.

The proposed method aims to estimate the noise model witﬂ1 tThe feat;Jre ;t)acrlz::)mete_rs for;eatupe enhgréceme_rt]rtlwezrse 24 I;MFBS
utterance-wise processing, however, it is currently difficult to esti+ 2t WEre extracted by using a lamming window with a 25 ms irame

; : ; ) th and a 10 ms frame shift. The Sl clean speech GMM was
mate the DNN of noise using only a given observation. Thus, théen.g . .
proposed method employs the GMM posterior probabifity, ; for tralrled ?g lésmg the AURORA2 ::Iea%:ralnlngbdata% Tehe GMM had
noise (see Eg. (11)). On the other hand, the posterior probability* — b ausstan components. € number of aussian com-

B ) : ts of the noise GMM was set &t = 1,--- ,4. The pa-
w.r.t. speech is given by the following DNN output instead of GMM onen a o
posterior probability. rameterU was set al/' = 10. Then, we also trained a DNN for

the proposed feature enhancement by using multi-condition training
data. The feature parameters of the DNN were utterance-wise mean
and variance normalized 24 LMFBs and their first and second order
derivatives. A context window with 11 frames was applied to each
Whefepéi),jzm denotes the class discrimination probability given by utterance. We trained five DNNs by changing the number of hidden
the softmax output of a DNN witld/ hidden layers.softmax(-) layers withAf = 1,--- /5. Each hidden layer had 2048 nodes and

is derived as:

Pég,]ZN) = softmaxy (chiM) + 1J> , a7
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Table 1. Adjusted parameters for each method

100 60 Training condition Clean | Multi-condition
98 e Parameter M| L[| M L
96 ~~MMSE-joint-DNN, L = | DAE — 1 _— 1 —
o4 55 - MMSE-joint-DNN, L =2 MMSE-joint-GMM || — 3 — 1
< 92 s MMSE-joint-DNN, L = 3 MMSE-joint-DNN 5 2 5 1
i« 00 ~~MMSE-joint-DNN, L = 1 ; ~<MMSE-joint-DNN, L = 4
g = MMSEJoine DNR.L=2) - Table 2. ASR results for the clean training task with the average
Z 88 MMSE-joint-DNN, L = 3
36 —<~MMSE-joint-DNN, L = 4 50 WER (%)
o4 —~———— Data set SetA | SetB | SetC | Avg.
0 Baseline 2134 | 18.60 | 21.18 | 20.25
50 45 DAE 9.19 9.85 9.67 9.55
#th_ 3 . 4M 5 #Zofhidd:n ” er:M 5 MMSE-joint-GMM 12.78 | 11.87 | 14.66 | 12.79
of hidden layers ver MMSE-joint-DNN | 8.06 | 9.19 | 9.13 | 8.72
(a) Clean training (b) Multi-condition training

) . Table 3. ASR results for the multi-condition training task with the
Fig. 1. Average WERs for the proposed method with the deve|°p'average WER (%)

ment set

entse Data set SetA | SetB | SetC | Avg.
the output layer ha&k’ = 512 nodes, which correspond to the Gaus- gi?ze“ne ggg s'gg g'gé g'gg
sian components contained in the clean speech GMM. We trained MMSEJointGMM | 6.08 | 7.08 | 6.41 | 654
each hidden layer with restricted Boltzmann machine (RBM)-based MMSE-joint-DNN 478 | 637 | 538 | 553

unsupervised pre-training. After the pre-training, the DNNs were

obtained by supervised fine-tuning with state alignment labels Ofape 1 shows the values of the adjusted parameters for each method
Eq. (18). . . . and each training condition. We used these values to perform ASR
For comparative evaluation, we also trained a DAE that emp'°¥%xperiments with evaluation sets (sets B and C).
pre-trained RBMs of DNNs for feature enhancement. The number "~ Tpjes 2 and 3 show the average WER of each training condition
of hidden layers of DAE is same as the number of DNNs used fognq each data set. As seen in Table 2, the proposed method “MMSE-
feature enhancement. . i joint-DNN” indicated remarkable improvements compared with the
The ASR evaluations were carried out by using @ DNN-HMM previous method “MMSE-joint-GMM” with the clean training. By
system. In the training stage, we firstly built a GMM-HMM Sys- this comparison, we can confirm that the use of discriminative pos-
tem with the clean training data of AURORAZ. The GMM-HMMS terior probability is indispensable for accurate feature enhancement
consisted of the 16-state word HMMs and the 3-state silence HMMgnd model parameter estimation. On the other hand, the proposed
Thus, there were a total of 179 HMM states. Each state had 2fhethod also showed improvement compared with DAE. DAE trains
Gaussian components. The feature parameters of the GMM-HMMg,e denoising transformation with stereo-data in advance. However,
consisted of 13 MFCCs (including the zero-th MFCC) and their firstit i gifficult to adapt the DAE to the utterance-wise fluctuations of
and second order derivatives. Mean and variance normalization WaSspeaker and noise environment, because the DNN-based approach
applied to each utterance. With these GMM-HMMs, we applied &nclyding DAE has many more parameters than a GMM. In contrast,
state alignment to clean training data. Since the utterance content gfg proposed method has utterance-wise unsupervised joint speaker
AURORAZ2 is the same for clean and multi-condition training datavadaptation and a noise GMM estimation scheme through its use of
we used the state alignment labels of the clean_training data for bo@bneraﬁve model approach. The equipment of this architecture is a
clean and multi-condition DNNs. After state alignment, we built agreat advantage for DAE. Therefore, these results justify the effec-
DNN-HMM system for both clean and multi-condition training data. tiyeness of the proposed generative-discriminative hybrid approach.
Each DNN consisted of five hidden layers. The feature parameters jith multi-condition training, as seen in Table 3, the results ob-
and topology of the hidden layer were same as DNNs for feature efained with the conventional methods deteriorated compared with
hancement; however, the output layer had 179 nodes that correspoggseline system results, whereas the those obtained with the pro-
to the GMM-HMM states. posed method improved slightly. To achieve a significant improve-
The evaluation criterion for ASR was the word error rate (WER).ment, we will investigate ways of introducing noise adaptive training

. 2 i ining [24 h itional technique.
5.2. Experimental results [23], noise aware training [24], or another additional technique

In the evaluations, we compared three methods, namely DAE, our 6. CONCLUSIONS
previous method with the GMM posterior probability described
in Sec. 3 (“MMSE-joint-GMM”), and our proposed method with

the DNN discriminative posterior probability described in Sec. 4
(“MMSE-joint-DNN"). The adjustable parameters of each method,
i.e., the numbers of hidden layerd and Gaussian components

in the noise GMML, were adjusted by using the development set
(set A). Fig. 1 shows the average WER of the proposed method wit|

various parameter values. As seen in the figure, the WER ten e generative model approach. In this paper, posterior probabilities
to improve when)M is increased, whereas it degrades wtiers 9 . pp L paper, p P
w.r.t. the noise model were given by a generative model approach.

increased. Withl, = 4, the WER seriously degraded due to the In future, we plan to introduce a discriminative approach to unsuper-
over-fitting of the noise GMM. Thus, a deep structured DNN and a ised no‘ise rr?odelin pp p
simple structured noise GMM are suitable for the proposed method’ 9-

This paper presented a generative-discriminative hybrid approach for
model-based feature enhancement. The proposed method applies
the generative model approach to feature enhancement and param-
eter estimation by using GMMs, and computes the posterior prob-
ability with a discriminative model approach by using DNNs. The
ﬁvaluation results showed that the proposed method provides signif-
ant improvements compared with the conventional technique with
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