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ABSTRACT model-selection and training for large vocabulary speech recogni-

Many feat h t method K f probabilisti tjon [7]. The novelty of this paper is the application of VB training to
lam; e urien danc_eme_n mde 0ds make use(f) proba "S% IC MO%ont-end models for speech denoising using the Algonquin frame-
els of speech and noise In order to improve performance of speegfy, [3]. Compared to ML training, we show that the VB approach

recognizers in_ t_he presence of ba_lckgrognd noi_se._The tradi_tional aBﬂves increased robustness w.r.t. choice of model complexity, s we
proach for training such models is maximum likelihood estimation._ ¢ i -reased performance

This paper investigates the novel application of variational Bayesian This paper starts by briefly reviewing variational Bayesian learn-

learning for front-end models under the Algonquin denoising frame- . . - L B )
work. Compared to maximum likelihood training, it is shown that Ing in section 2, before describing VB training of the GMM in sec

~tion 3. Then, we review the Algonquin algorithm for denoising in

Cection 4. Section 5 describes the application of VB trained models

33 feature enhancement and our motivations for doing so. Experi-

ments and results are presented in section 6 before the conclusion in
Index Terms— Speech recognition, Speech enhancement, Rosection 7.

bustness, Variational methods

creased robustness with respect to choice of model complexity,
well as increased performance.

2. VARIATIONAL BAYESIAN LEARNING
1. INTRODUCTION
In [5] Attias proposed a variational approach for Bayesian learning
The performance of speech recognizers can drop significantly iof graphical models. LeX = {xi,---,xx} denote the observed
the presence of background noise. If the recognition models hawtata,S = {s1,--- ,sn} denote hidden variables a® denote the
been trained in clean conditions, the problem becomes even mopmrameters. For a given model structusethe goal is to compute
severe due to the resulting mismatch between training and test cothe parameter posterig{©| X, m). In addition, for the purpose of
ditions. To improve robustness in such situations, there are two banodel selection, the posterior of model structysés:|X) is of in-
sic categories of compensation approaches: feature-based compésrest.
sation and model-based compensation. Feature-based compensation To make Bayesian computations tractable, the key point is to
schemes aim to estimate clean speech from noise-corrupted speegiproximate the joint posterig( S, ©|X) by a variational posterior
based on a noise-model or knowledge about how the noise changess, ©| X)) which is restricted to a factorized form as
the signal statistics, while model-based compensation schemes ad-
just the system parameters in order to obtain a model better suited q(S,0]|X) = q(5]X)q(0]X). Q)
for recognition in the noisy environment. N
The main advantage of feature-based approaches compared¥@te thatg should always be understood as conditionedXgnal-
model-based approaches is that they are computationally less d&ough itis common not to write this explicitly. We will also follow
manding. For the feature-based methods there has been increasthi§ convention. It is now possible to reformulate the problem of
interest in taking advantage of probabilistic models of speech anBomputing the posterior as an optimization problem, where the cost
noise [1, 2, 3, 4]. Such front-end models are normally chosen to b&inction 7., is defined by
much simpler than the recognizer models in order to retain the ad-
vantage of computational simplicity. A common choice is the Gaus- Fon = /q(g)q(@) log 222 =7
sian mixture model (GMM). q(5)a(©)
Training of such probabilistic models is also an active field of.l_h. L
; . ) . This quantity is also often referred to fuee energy. It follows from
research. Approximate Bayesian learning has been made possﬂﬂgnsen,s inequality th is bounded b by th inal
during the past few years through the use of variational method L qua ity tha,,, is bounded from above by the margina
g the pas years through t € 0 %g likelihood, i.e.
[5]. Variational Bayesian (VB) training offers several advantages ! <1 X 3
over traditional maximum likelihood (ML) training. Examples of Fm < log p(X|m). ®)
previous applications of VB learning to speech recognition are train-  The objective function can also be written as
ing of GMMs for recognition of confusable phones [6] and HMM

P, 50) 1648, )

_ p(X, S|©)
Fm = FEse {log 29

*The work was done while S.G. Pettersen was visiting Insituecom. } — KL[q(©)[lp(©)], 4



where Es o[] denotes the expectation w.rg(S,®) and KL de- The M-step can be divided into two stages. In the first stage,
notes the Kullback-Leibler distance. While the first term correspondwhich is the same as in the ordinary EM algorithm, the following
to the averaged likelihood, the second term can be interpreted asgaantities are computed.

penalty term for more complex models. As we increase the num-

ber of parameters in order to increase the average likelihood, the KL _ 1 al n

distance will also increase and thus reduce the total valug,of Ts =N Z Ts (15)

Assuming equal prior probabilities for all model structuresthe ":A:

model with the highest value of,,, corresponds to the model with _ 1 n

the highest posterior probability. Bs =N, Z Vs Xn (16)
For optimization of the objective function, an EM-like algorithm n=t

is used. The E-step consists of computing the variational posterior - 1 & [

over hidden variables as X = N. Zl Vs s an

q(S) X exp {E@[lng(X7 S|6)]} . (5) Here,C? _ (Xn _ ﬂs)(xn _ ﬂS)T’ anst — N’ﬁ's. The hyperpa—
The M-step is then to compute the variational parameter posterior &¢meters of the posteriors are then updated in the second stage.

a(©) o exp{Es[log p(X, S|©)]}p(©). (6) As=Ne+ 2, ve=N.+0° B=N.+8" (18)
p. = Nafts +5°° (19)
3. VB LEARNING FOR GMM s N, + 30
. . . . . . N 0 B ~
The application of VB Iea_rnlng as described in section 2 for the &, = N.5. + B O(H’s -~ PO)(MS _ pO)T +3°  (20)
GMM was also presented in [5]. N, + 8
The GMM has the form Since posteriors are computed instead of parameters, the pre-
dictive density is used for unseen data. In this density the param-
p(xn|0,m) Zp (Xn|sn = 3,0)p(sn = 5|O) (7)  eters®© are integrated out. This gives us a mixture of multivariate

t-distributions on the form

wheres,, denotes the hidden component that generated observation
x,. In this case, the model structure is simply the number of com- p(x|X) = Z“S ws (X[pgs As).
ponents, denotegh. Each component has a Gaussian distribution
N(u,,T5), wherep is the mean vector, anB; is the precision  For componens, the degrees of freedom atg = v, + 1 — d, the
matrix. The mixture weight for componestis denoted byrs, i.e.  mean isp, and the covariance i8s; = ((8s + 1)/8sws)®s. The
p(sn = 5|0) = 7s. mixture weight is given byt, = A5/ >, Ay

It is useful to choose prior densities from conjugate families,

since the posterior densities will then belong to the same families as 4. FEATURE ENHANCEMENT BASED ON ALGONQUIN
the priors. As a consequence, the VB learning simply amounts to

updating the hyperparameters of the posteriors. Thus, the fo”OW'”ﬁlgonqum 3, 8] is a feature cleaning method that typically operates

(21)

conjugate priors are defined for the parametgrs in the log-spectrum domain. The method takes advantage of proba-
p({ms}) = DY) ®) bilistic models of speech and noise in order to remove additive noise.
° o (Note that the method can also handle distortion from the channel,
p(p|Ts) = N(p®, 5°T) (9)  but this will not be considered here.)
p(T.) = W', a%) (10) Let x, n andy denote clean speech, noise and noisy speech

vectors respectively. Given GMM prioggx) andp(n) for speech
HereD and»V denote Dirichlet and Wishart densities respectively. and noise, the Algonquin method uses a variational algorithm to find
Definev; = g(s» = s|x). The objective of the E-step is to an approximation of the posterip(x|y). This variational posterior

computey?, and this can then be done as follows: is denoted agy (x). Givenx andn, the distribution ofy is modeled
x \TF L (x B as
A o DY/ Bem G P R b PR md20: () plylx.n) = N(y;x + log(1 + exp(n — x)), ¥)  (22)
where where ¥ is the covariance matrix. Thus, the joint distribution be-
tweenx, n, speech GMM component’ and noise GMM compo-
log s = Eollog ms] = ¥(As) — ¥ (Z )\S/> (12) nents™is given by
) s’ p(y,x,n,s%,s") = p(y|x,n)p(s”)p(x|s")p(s" )p(nls™)
log I, = Follog || = N(y;g(x,n), O)rN(x; ps 5)
d . n s™
=3 u (M) gl raiosz (3 N (o 0 B 23)
B ' whereg(x,n) = x+log(1+exp(n—x)). Algonquin approximates
I, = Eo[ls] = v:®, " (14)  the true posterior by a variational distribution which is also modeled
. . . MM, i.e.
In the above equationg; denotes the digamma function. The nor- asaG €
malization constant ofy;’ can be found using the constraint that gy(x,n) = Z q(s*,s™)qy (x,n|s", s™). (24)

Zmlﬂys =1 {s®,sm}



Setl Set 2 since the VB objective function contains a penalty term for complex
m | ML VB ML VB models, the training has an ability to prune the trained model accord-
10| 70.22 71.11] 69.48 69.82 ing to the amount of data available. Thus, even if the model structure
14 | 70.65 69.88| 70.19 71.23 is chosen too complex, the model will not have the same overfitting
18 | 70.56 71.05| 69.42 70.22 problems as ML. Moreover, the VB free energy can be used as a
22 1 7228 71.29| 69.30 69.30 model selection criterion to choose the right model complexity.
26 | 71.72  72.24| 68.44  69.97 We applied the algorithm described in section 3 to train the
30| 71.08 7135 —  70.80 speech prior used by Algonquin. The noise prior was an ML-trained
34| 69.70 7197 —  70.95 single mixture estimated from the first 20 frames of each file, which
38| — 7274 — 7126 are assumed to consist only of noise. The result of the VB train-
42| — 7218 — 7037 ing is posteriors for the parametersf). Ideally, we should use
46 | — 7117 | — 69.94 the predictive distribution given by eq. (21) when running Algo-
50] — 7031 — 7043 nquin. However, since Algonquin is based on the assumption that

the mixture components are Gaussian, we approximated each of the
Table 1. Recognition performance (word accuracy) after denoisingmuyltivariate t-distributions with the multivariate Gaussian that was
files containing subway noise at 5 dB, using models trained with tw@|osest w.r.t. KL-distance. Given a componerit can be shown
different training sets that this is a Gaussian with mean and covariance equal to that of the
multivariate t-distribution [9], i.e.

Set 3 Set 4
m| ML vB | ML VB m
10 | 69.48 70,53 70.10 70.68 p(x) = ZI’TSN (X; Py As).- @7

14 | 69.54 69.20| 67.64 69.88
18 | 69.79 70.22 | 70.28 70.86
22 | 68.93 69.63| 69.97 70.92
26 | 69.17 71.02| 67.88 70.37
30 | 68.38 71.02| 69.39 71.85

6. EXPERIMENTS AND RESULTS

The experiments in this study were performed on Aurora2, which
consists of spoken English digits with artificially added noise [10].

34| — 7080 — 7224 ] i

38| — 7104| — 71.72 In order to investigate the performance of the feature enhancemgnt
2| 7102| — 70.74 algorithm in a case where only a small amount of de_lta was av_all-
46| — 7157 — 7062 _able for training the fro_nt-end models, we used four Qn‘ferent train-
50| — 7105| — 71.85 ing sets, each consisting of 50 randomly selected files. Then, we

trained models with different numbers of mixture components using

Table 2. Recognition performance (word accuracy) after denoisindOOthhML a:d VB. The trainin%was iQitiaIiEed usifng the kémeans. a]-
files containing subway noise at 5 dB, using models trained with wdorthm. As a test set we chose the subset of Aurora2 containing

different training sets subway noise at 5. d.B' .
¢ For the VB training, the prior was set as follows:

0 __ 0 __ 0 __

The parameters of this distribution are found by maximizing the fol- A=l f=1 vi=d (28)
lowing objective function. p’=0 @ =101 (29)
F— Z /q (x,m, 5%, 8™ whered denotes the feature dimension dndenotes the x d iden-

. YA e tity matrix. The scaling constant for the prior covariance madfx

ST, sm}

was determined through some preliminary experiments.
ply,x,n,s%8") . (25) Using the four different training sets, we trained prior models
qy(x,n, 5%, 5m) (p(x)) for Algonquin using ML and VB. Then, for each prior model
See [3, 8] for details on the equations for the posterior param\—N.e denoised all _the files containing sgbway hoise ats dB, before run-
eters. After having found the posterior parameters, the minimun ing the recognizer on the resulting files. Algonquin was performed

mean square error (MMSE) estimate of the clean speech feature véﬁ-the log-spectrum domam’ using 23 dimensional log filter ba_nk
tor is found as eature vectors. After cleaning, these vectors were transformed into

the cepstrum domain, where the feature vectors were 39 dimensional
o - MFCCs including delta and acceleration parameters, @itlas en-
* /Xp(x|y)dx ~ /ngy(s)%(x‘s)dx' (26) ergy. Using these feature vectors, recognition was then performed
with models trained in clean condition. The baseline recognition re-
sult, using no feature cleaning, was a word accuracy of 45.26%.
5. TRAINING THE FRONT-END USING VB The recognition results for models with number of mixture com-
ponentsn varying from 10 to 50 can be seen in tables 1 and 2. The
There are several advantages to the Bayesian learning approach cavilL results stop at around 30 mixtures where numerical problems
pared to traditional ML training. When only a small amount of dataarose due to lack of training data. However, the results show that
is available, ML training suffers from overfitting problems if the cho- for VB the results keep improving after that point. In addition, for a
sen model structure is too complex. In addition, if a component igjiven model size VB is slightly better than ML in most cases. Fig-
assigned very few observations during ML training, numerical probure 1 shows the results averaged over all four training sets from 2
lems often arise. Because of the regularization effects from the prio 50 mixtures. For very few mixtures, the results are almost identi-
ors, the VB training has no such numerical problems. In additioncal. This is as expected since ML has enough training data to obtain

- log
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