
Learning dynami
 noise models fromnoisy spee
h for robust spee
h re
ognitionBrendan J. Frey1, Trausti T. Kristjansson1, Li Deng2, Alex A
ero21 Probabilisti
 Inferen
e Group, University of Toronto2 Spee
h Te
hnology Group, Mi
rosoft Resear
hAbstra
tA 
hallenging, unsolved problem in the spee
h re
ognition 
om-munity is re
ognizing spee
h signals that are 
orrupted by loud,highly nonstationary noise. One approa
h to noisy spee
h re
og-nition is to automati
ally remove the noise from the 
epstrum se-quen
e before feeding it in to a 
lean spee
h re
ognizer. In previouswork published in Eurospee
h, we showed how a probability modeltrained on 
lean spee
h and a separate probability model trainedon noise 
ould be 
ombined for the purpose of estimating the noise-free spee
h from the noisy spee
h. We showed how an iterative 2ndorder ve
tor Taylor series approximation 
ould be used for prob-abilisti
 inferen
e in this model. In many 
ir
umstan
es, it is notpossible to obtain examples of noise without spee
h. Noise statis-ti
s may 
hange signi�
antly during an utteran
e, so that spee
h-free frames are not suÆ
ient for estimating the noise model. In thispaper, we show how the noise model 
an be learned even when thedata 
ontains spee
h. In parti
ular, the noise model 
an be learnedfrom the test utteran
e and then used to denoise the test utteran
e.The approximate inferen
e te
hnique is used as an approximate Estep in a generalized EM algorithm that learns the parameters ofthe noise model from a test utteran
e. For both Wall Street Jour-nal data with added noise samples and the Aurora ben
hmark, weshow that the new noise adaptive te
hnique performs as well as orsigni�
antly better than the non-adaptive algorithm, without theneed for a separate training set of noise examples.1 Introdu
tion
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Two main approa
hes to robust spee
h re
ognition in
lude \re
ognizer domain ap-proa
hes" (Varga and Moore 1990; Gales and Young 1996), where the a
ousti
re
ognition model is modi�ed or retrained to re
ognize noisy, distorted spee
h, and\feature domain approa
hes" (Boll 1979; Deng et al. 2000; Attias et al. 2001; Freyet al. 2001), where the features of noisy, distorted spee
h are �rst denoised and thenfed into a spee
h re
ognition system whose a
ousti
 re
ognition model is trained on
lean spee
h.One advantage of the feature domain approa
h over the re
ognizer domain approa
his that the spee
h modeling part of the denoising model 
an have mu
h lower 
om-plexity than the full a
ousti
 re
ognition model. This 
an lead to a mu
h faster



overall system, sin
e the denoising pro
ess uses probabilisti
 inferen
e in a mu
hsmaller model. Also, sin
e the 
omplexity of the denoising model is mu
h lowerthan the 
omplexity of the re
ognizer, the denoising model 
an be adapted to newenvironments more easily, or a variety of denoising models 
an be stored and appliedas needed.We model the log-spe
tra of 
lean spee
h, noise, and 
hannel impulse responsefun
tion using mixtures of Gaussians. (In 
ontrast, Attias et al. (2001) modelautoregressive 
oeÆ
ients.) The relationship between these log-spe
tra and thelog-spe
trum of the noisy spee
h is nonlinear, leading to a posterior distributionover the 
lean spee
h that is a mixture of non-Gaussian distributions. We showhow a variational te
hnique that makes use of an iterative 2nd order ve
tor Taylorseries approximation 
an be used to infer the 
lean spee
h and 
ompute suÆ
ientstatisti
s for a generalized EM algorithm that 
an learn the noise model from noisyspee
h.Our method, 
alled ALGONQUIN, improves on previous work using the ve
torTaylor series approximation (Moreno 1996) by modeling the varian
e of the noiseand 
hannel instead of using point estimates, by modeling the noise and 
hannel as amixture mixture model instead of a single 
omponent model, by iterating Lapla
e'smethod to tra
k the 
lean spee
h instead of applying it on
e at the model 
enters,by a

ounting for the error in the nonlinear relationship between the log-spe
tra,and by learning the noise model from noisy spee
h.2 ALGONQUIN's Probability ModelFor 
larity, we present a version of ALGONQUIN that treats frames of log-spe
traindependently. The extension of the version presented here to HMM models ofspee
h, noise and 
hannel distortion is analogous to the extension of a mixture ofGaussians to an HMM with Gaussian outputs.Following (Moreno 1996), we derive an approximate relationship between the logspe
tra of the 
lean spee
h, noise, 
hannel and noisy spee
h. Assuming additivenoise and linear 
hannel distortion, the windowed FFT Y (f) for a parti
ular frame(25 ms duration, spa
ed at 10 ms intervals) of noisy spee
h is related to the FFTsof the 
hannel H(f), 
lean spee
h S(f) and additive noise N(f) byY (f) = H(f)S(f) +N(f): (1)We use a mel-frequen
y s
ale, in whi
h 
ase this relationship is only approximate.However, it is quite a

urate if the 
hannel frequen
y response is roughly 
onstanta
ross ea
h mel-frequen
y �lter band.For brevity, we will assume H(f) = 1 in the remainder of this paper. Assumingthere is no 
hannel distortion simpli�es the des
ription of the algorithm. To seehow 
hannel distortion 
an be a

ounted for in a nonadaptive way, see (Frey et al.2001). The te
hnique des
ribed in this paper for adapting the noise model 
an beextended to adapting the 
hannel model.Assuming H(f) = 1, the energy spe
trum is obtained as follows:jY (f)j2 = Y (f)�Y (f) = S(f)�S(f) +N(f)�N(f) + 2Re(N(f)�S(f))= jS(f)j2 + jN(f)j2 + 2Re(N(f)�S(f));where \�" denotes 
omplex 
onjugate. If the phase of the noise and the spee
h areun
orrelated, the last term in the above expression is small and we 
an approximatethe energy spe
trum as follows:jY (f)j2 � jS(f)j2 + jN(f)j2: (2)



Although we 
ould model these spe
tra dire
tly, they are 
onstrained to be non-negative. To make density modeling easier, we model the log-spe
trum instead. Anadditional bene�t to this approa
h is that 
hannel distortion is an additive e�e
t inthe log-spe
trum domain.Letting y be the ve
tor 
ontaining the log-spe
trum log jY (:)j2, and similarly for sand n, we 
an rewrite (2) asexp(y) � exp(s) + exp(n) = exp(s) Æ (1+ exp(n� s));where the exp() fun
tion operates in an element-wise fashion on its ve
tor argumentand the \Æ" symbol indi
ates element-wise produ
t.Taking the logarithm, we obtain a fun
tion g() that is an approximate mapping ofs and n to y (see (Moreno 1996) for more details):y � g�hsni� = s+ ln(1+ exp(n� s)): (3)\T" indi
ates matrix transpose and ln() and exp() operate on the individual elementsof their ve
tor arguments.Assuming the errors in the above approximation are Gaussian, the observationlikelihood is p(yjs;n) = N (y;g�hsni�;	); (4)where 	 is the diagonal 
ovarian
e matrix of the errors. A more pre
ise approxi-mation to the observation likelihood 
an be obtained by writing 	 as a fun
tion ofs and n, but we assume 	 is 
onstant for 
larity.Using a prior p(s;n), the goal of denoising is to infer the log-spe
trum of the 
leanspee
h s, given the log-spe
trum of the noisy spee
h y. The minimum squared errorestimate of s is ŝ = Rs sp(sjy), where p(sjy) / Rn p(yjs;n)p(s;n). This inferen
e ismade diÆ
ult by the fa
t that the nonlinearity g([s n℄T) in (4) makes the posteriornon-Gaussian even if the prior is Gaussian. In the next se
tion, we show how an it-erative variational method that uses a 2nd order ve
tor Taylor series approximation
an be used for approximate inferen
e and learning.We assume that a priori the spee
h and noise are independent | p(s;n) = p(s)p(n)| and we model ea
h using a separate mixture of Gaussians. 
s = 1; : : : ; Ns is the
lass index for the 
lean spee
h and 
n = 1; : : : ; Nn is the 
lass index for the noise.The mixing proportions and Gaussian 
omponents are parameterized as follows:p(s) =X
s p(
s)p(sj
s); p(
s) = �s
s ; p(sj
s) = N (s;�s
s ;�s
s);p(n) =X
n p(
n)p(nj
n); p(
n) = �n
n ; p(nj
n) = N (n;�n
n ;�n
n): (5)We assume the 
ovarian
e matri
es �s
s and �n
n are diagonal.Combining (4) and (5), the joint distribution over the noisy spee
h, 
lean spee
h
lass, 
lean spee
h ve
tor, noise 
lass and noise ve
tor isp(y; s; 
s;n; 
n) = N (y;g�hsni�;	)�s
sN (s;�s
s ;�s
s)�n
nN (n;�n
n ;�n
n): (6)Under this joint distribution, the posterior p(s;njy) is a mixture of non-Gaussiandistributions. In fa
t, for a given spee
h 
lass and noise 
lass, the posteriorp(s;nj
s; 
n;y) may have multiple modes. So, exa
t 
omputation of ŝ is intra
tableand we use an approximation.



3 Approximating the PosteriorFor the 
urrent frame of noisy spee
h y, ALGONQUIN approximates the posteriorusing a simpler, parameterized distribution, q:p(s; 
s;n; 
njy) � q(s; 
s;n; 
n):The \variational parameters" of q are adjusted to make this approximation a

urate,and then q is used as a surrogate for the true posterior when 
omputing ŝ andlearning the noise model (
.f. (Jordan et al. 1998)).For ea
h 
s and 
n, we approximate p(s;nj
s; 
n;y) by a Gaussian,q(s;nj
s; 
n) = N��sn� ; ��s
s
n�n
s
n� ; ��ss
s
n�sn
s
n�ss
s
n�nn
s
n��; (7)where �s
s
n and �n
s
n are the approximate posterior means of the spee
h and noisefor 
lasses 
s and 
n, and �ss
s
n , �nn
s
n and �sn
s
n spe
ify the 
ovarian
e matrix forthe spee
h and noise for 
lasses 
s and 
n. Sin
e rows of ve
tors in (3) do not intera
tand sin
e the likelihood 
ovarian
e matrix 	 and the prior 
ovarian
e matri
es �s
sand �n
n are diagonal, the matri
es �ss
s
n , �nn
s
n and �sn
s
n are diagonal.The posterior mixing proportions for 
lasses 
s and 
n are q(
s; 
n) = �
s
n . Theapproximate posterior is given by q(s;n; 
s; 
n) = q(s;nj
s; 
n)q(
s; 
n).The goal of variational inferen
e is to minimize the relative entropy (Kullba
k-Leibler divergen
e) between q and p:K =X
s X
n Zs Zn q(s;n; 
s; 
n) ln q(s;n; 
s; 
n)p(s; 
s;n; 
njy) :This is a parti
ularly good 
hoi
e for a 
ost fun
tion, be
ause, sin
e ln p(y) doesn'tdepend on the variational parameters, minimizing K is equivalent to maximizingF = ln p(y) �K =X
s X
n Zs Zn q(s;n; 
s; 
n) ln p(s; 
s;n; 
n;y)q(s;n; 
s; 
n) ;whi
h is a lower bound on the log-probability of the data. So, variational inferen
e
an be used as a generalized E step (Neal and Hinton 1998) in an algorithm thatalternatively maximizes a lower bound on ln p(y) with respe
t to the variationalparameters and the noise model parameters, as des
ribed in the next se
tion.Variational inferen
e begins by optimizing the means and varian
es in (7) for ea
h
s and 
n. Initially, we set the posterior means and varian
es to the prior meansand varian
es. F does not have a simple form in these variational parameters.So, at ea
h iteration, we make a 2nd order ve
tor Taylor series approximation ofthe likelihood, 
entered at the 
urrent variational parameters, and maximize theresulting approximation to F . The updates are��ss
s
n�sn
s
n�ss
s
n�nn
s
n� ���s
s 00 �n
n��1 + g0���s
s
n�n
s
n��T	�1g0���s
s
n�n
s
n����1; and��s
s
n�n
s
n� ��s
s
n�n
s
n�+��ss
s
n�sn
s
n�ss
s
n�nn
s
n����s
s 00 �n
n��1��s
s� �s
s
n�n
n� �n
s
n�+ g0���s
s
n�n
s
n��T	�1�y�g���s
s
n�n
s
n����;where g0() is a matrix of derivatives whose rows 
orrespond to the noisy spee
h yand whose 
olumns 
orrespond to the 
lean spee
h and noise [s n℄.



The inverse posterior 
ovarian
e matrix is the sum of the inverse prior 
ovarian
ematrix and the inverse likelihood 
ovarian
e matrix, modi�ed by the Ja
obian g0()for the mapping from s and n to yThe posterior means are moved towards the prior means and toward values thatmat
h the observation y. These two e�e
ts are weighted by the inverse prior 
o-varian
e matrix and the inverse likelihood 
ovarian
e matrix.After iterating the above updates (in our experiments, 3 to 5 times) for ea
h 
s and
n, the posterior mixing proportions that maximize F are 
omputed:�
s
n = ��s
s�n
n exp��12 ln j�s
s j� 12 ln j�n
n j+ 12 ln �����ss
s
n�sn
s
n�ss
s
n�nn
s
n�����12�y�g���s
s
n�n
s
n���T	�1�y�g���s
s
n�n
s
n���� 12tr�g���s
s
n�n
s
n��T	�1g���s
s
n�n
s
n����ss
s
n�sn
s
n�ss
s
n�nn
s
n���12(�s
s
n��s
s)T�s
s�1(�s
s
n��s
s)� 12tr(�s
s�1�ss
s
n)�12(�n
s
n��n
n)T�n
n�1(�n
s
n��n
n)� 12tr(�n
n�1�nn
s
n)�;where � is a normalizing 
onstant that is 
omputed so that P
s
n �
s
n = 1. Theminimum squared error estimate of the 
lean spee
h, ŝ, isŝ = X
s
n �
s
n�s
s
n :We apply this algorithm on a frame-by-frame basis, until all frames in the testutteran
e have been denoised.4 SpeedSin
e elements of s, n and y that are in di�erent rows do not intera
t in (3), theabove matrix algebra redu
es to eÆ
ient s
alar algebra. For 256 spee
h 
omponents,4 noise 
omponents and 3 iterations of inferen
e, our unoptimized C 
ode takes 60ms to denoise ea
h frame. We are 
on�dent that this time 
an be redu
ed by anorder of magnitude using standard implementation tri
ks.5 Adapting the Noise Model Using Noisy Spee
hThe version of ALGONQUIN des
ribed above requires that a mixture model of thenoise be trained on noise samples, before the log-spe
trum of the noisy spee
h 
anbe denoised. Here, we des
ribe how the iterative inferen
e te
hnique 
an be used asthe E step in a generalized EM algorithm for learning the noise model from noisyspee
h.For a set of frames y(1); : : : ;y(T ) in a noisy test utteran
e, we 
onstru
t a totalbound F =Xt F (t) �Xt ln p(y(t)):The generalized EM algorithm alternates between updating one set of variationalparameters �(t)
s
n , �n(t)
s
n , et
. for ea
h frame t = 1; : : : ; T , and maximizing F withrespe
t to the noise model parameters �n
n , �n
n and �n
n . Sin
e F �Pt ln p(y(t)),this pro
edure maximizes a lower bound on the log-probability of the data. The useof the ve
tor Taylor series approximations leads to an algorithm that maximizes anapproximation to a lower bound on the log-probability of the data.



Restaurant Street Airport Station Average20 dB 2.12 2.96 1.82 1.73 2.1615 dB 3.87 4.78 2.27 3.24 3.5410 dB 9.18 10.73 5.49 6.48 7.975 dB 20.51 13.52 14.97 15.18 18.540 dB 47.04 45.68 36.00 37.24 41.49-5dB 78.69 72.34 69.04 67.26 71.83Average 16.54 17.53 12.11 12.77 14.74Table 1: Word error rates (in per
ent) on set B of the Aurora test set, for theadaptive version of ALGONQUIN with 4 noise 
omponentsset.Setting the derivatives of F with respe
t to the noise model parameters to zero, weobtain the following M step updates:�n
n  1T Xt X
s �(t)
s
n ;�n
n  �Xt X
s �(t)
s
n�n
s
n(t)�=�Xt X
s �(t)
s
n�;�n
n  �Xt X
s �(t)
s
n��nn
s
n(t)+diag�(�n
s
n(t)��n
n)(�n
s
n(t)��n
n)T���=�Xt X
s �(t)
s
n�:The variational parameters 
an be updated multiple times before updating themodel parameters, or the variational parameters 
an updated only on
e before up-dating the model parameters. The latter approa
h may 
onverge more qui
kly insome situations.6 Experimental ResultsAfter training a 256-
omponent spee
h model on 
lean spee
h, we used theadaptive version of ALGONQUIN to denoise noisy test utteran
es on twotasks: the publi
ally available Aurora limited vo
abulary spee
h re
ognition task(http://www.etsi.org/te
hni
ala
tiv/dsr.htm); the Wall Street Journal (WSJ) largevo
abulary spee
h re
ognition task, with Mi
rosoft's Whisper spee
h re
ognitionsystem.We obtained results on all 48 test sets from partitions A and B of the Auroradatabase. Ea
h set 
ontains 24,000 senten
es that have been 
orrupted from one of4 di�erent noise types and one of 6 di�erent signal to noise ratios. Table 1 givesthe error rates for the adaptive version of ALGONQUIN, with 4 noise 
omponents.These error rates are superior to error rates obtained by our spe
tral subtra
tionte
hnique for (Deng et al. 2000), and highly 
ompetitive with other results on theAurora task.Table 2 
ompares the performan
es of the adaptive version of ALGONQUIN andthe non-adaptive version. For the non-adaptive version, 20 non-spee
h frames areused to estimate the noise model. For the adaptive version, the parameters areinitialized using 20 non-spee
h frames and then 3 iterations of generalized EM areused to learn the noise model. The average error rate over all noise types andSNRs for set B of Aurora drops from 17.65% to 15.19% when the noise adaptivealgorithm is used to update the noise model. This is a relative gain of 13.94%.When 4 
omponents are used there is a further gain of 2.5%.The Wall Street Journal test set 
onsists of 167 senten
es spoken by female speak-ers. The Mi
rosoft Whisper re
ognizer with a 5,000 word vo
abulary was used tore
ognize these senten
es. Table 2 shows that the adaptive version of algonquin



WER WER Redu
tion WER Redu
tion20 frames 1 
omp in WER 4 
omps in WERAurora, Set A 18.10% 15.91% 12.10% 15.62% 13.70%Aurora, Set B 17.65% 15.19% 13.94% 14.74% 16.49%WSJ, XD14, 10dB 30.00% 21.8% 27.33% 21.50% 28.33%WSJ, XD10, 10dB 21.80% 20.6% 5.50% 20.6% 5.50 %Table 2: Word error rates (WER) and per
entage redu
tion in WER for the Auroratest data and the Wall Street Journal test data, without s
aling.performs better than the non-adaptive version, espe
ially on noise type \XD14",whi
h 
onsists of the highly-nonstationary sound of a jet engine shutting down. Fornoise type \XD10", whi
h is stationary noise, we observe a gain, but we do not seeany further gain for multiple noise 
omponents.7 Con
lusionsA far as variational methods go, ALGONQUIN is a fast te
hnique for denoising log-spe
trum or 
epstrum spee
h feature ve
tors. ALGONQUIN improves on previouswork using the ve
tor Taylor series approximation, by using multiple 
omponentspee
h and noise models, and it uses an iterative variational method to produ
ea

urate posterior distributions for spee
h and noise. By employing a generalizedEM method, ALGONQUIN 
an estimate a noise model from noisy spee
h data.Our results show that the noise adaptive ALGONQUIN algorithm 
an obtain bet-ter results than the non-adaptive version. This is espe
ially important for non-stationary noise, where the non-adaptive algorithm relies on an estimate of thenoise based on a subset of the frames, but the adaptive algorithm uses all theframes of the utteran
e, even those that 
ontain spee
h.A di�erent approa
h to denoising spee
h features is to learn time-domain models.Attias et al. (2001) report results on a non-adaptive time-domain te
hnique. Ourresults 
annot be dire
tly 
ompared with theirs, sin
e our results are for uns
aleddata. Eventually, the two approa
hes should be thoroughly 
ompared.Referen
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