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ABSTRACT vided the number of mask estimation errors is sufficiently low. How-

. K introduced issing d . . _ever, in practical settings, especially at low SNRs, missing data
In previous work we introduced a new missing data imputation,aqy estimation errors are unavoidable. Previous StUSiEs;

method for ASR, dubbeeparse imputation. We showed that the 7] p4ve shown that the influence of mask estimation errors can be
method is capable of maintaining good recognition accuracies eveRy,ceq when the binary reliability score is replaced by the proba-
atvery low SNRs prov_lded the number of mask estimation EITOTS 1%jlity that a spectral component is reliabl&oft (or fuzzy) masks.

sufficiently low. Especially at low SNRs, however, mask estimation), s haper we will present an extension to the sparse imputation
is difficult and errors are unavoidable. In this paper, we try to reduce,othod which enables it to use soft masks. The goal of this paper is

the. impgct ?]f maslg ebgltjmar’[]ion efrrors bY mall'<irg)? soft Qecisiqnsl, i'e&;} explore to what extent recognition accuracy improves when soft
estimating the probability that a feature is reliable. Using an isolatel, - sks are used in the sparse imputation framework.

digit recognition task (using the AURORA-2 database), we demon- The rest of the paper is organized as follows. In Section 2 we

strate that !JSif‘g soft mgsks in our sparse imputation approach yielﬂ’?‘troduce binary mask MDT and the sparse imputation framework.
a substantial increase in recognition accuracy, most notably at Iowl Section 3 we extend this framework for use with soft masks. In

SNRs. Section 4 we compare recognition accuracies between binary masks
Index Terms— Speech recognition, Robustness, Redundancy and soft masks using isolated digits extracted from AURORA-2. We
discuss the results in Section 5 and we present our conclusions in

1. INTRODUCTION Section 6.

Automatic speech recognition (ASR) performance degrades substan- 5 gpaARSE IMPUTATION USING BINARY MASKS
tially when speech is corrupted by background noise that was not

seen during training. Missing Data Techniques (MDTs) provide &, 1 Sparse representation of speech

powerful way to mitigate the impact of both stationary and non-

stationary noise for a wide range of Signal-to-Noise (SNR) rdfips  In ASR, speech is represented as a spectro-temporal distribution of
2]. The general idea behind MDT is that it is possible to estimateacoustic power, apectrogram. We express thél x T spectro-
—prior to decoding- which spectro-temporal elements of the acous-gram matrix (with/X being the number of frequency bands afid
tic representations are reliable (i.e., dominated by speech) and whi¢he number of time frames) of clean spe&#s a single vectas of

are unreliable (i.e., dominated by background noise). These relialimensionD = K - T by concatenating’ subsequent time frames.
bility estimates, referred to asspectrographic mask, can then be We assumd’ to be fixed. This can be achieved, for example, by
used to treat reliable and unreliable features differently, for instancéme-normalizing all utterances we want to process.

for replacing the unreliable features by clean speech estimates (i.e. Asin[3; 4], we consides as a non-negative linear combination
missing data imputation). of exemplar spectrograms,, wheren denotes a specific exemplar

Most missing data imputation methods work on a frame-by-(1 < n < Na)inthe set ofN 4 available exemplars. We write:
frame basis (i.e. strictly local in time). At low SNRs (0 dB) a

substantial number of frames may contain few, if any, reliable fea- Na
tures. Providing clean speech estimates for these frames is difficult s = Zmnan — Ax (1)
and hence ASR performance at low SNRs is severely reduc¢d; In
4], we introduced a new missing data imputation metheudyse ) ) . . )
imputation, to address this issue. Sparse imputation uses a time wiVith weightsz, > 0 € IR, z an Na-dimensional weight vector,
dow which is (much) wider than a single frame. The method workNdA = (a1 az ... an,) a matrix with sizeD x Na.
by finding a sparse representation of the reliable features of an un- Typically, the number of exemplar spectrograms will be much
known word in an overcomplete basis of noise-free example worddarger than the dimensionality of the acoustic representafion
The projection of these sparse representations in the basis is thél- Therefore, the system of linear equations (1) has no unique so-
used to provide clean speech estimates to replace the unreliable fddtion. Research in the field abmpressed sensing [8; 9] has shown,
tures. however, that ife is sparse, « can be determineekactly by solving:

In [3; 4] we showed that using the sparse imputation method ]
significantly improved recognition accuracies even at low SNRs pro- Hgn{ llzllo } subject tos = Az (2



with ||.||o the I° zero norm (i.e., the number of nonzero elements). 3. SPARSE IMPUTATION USING SOFT MASKS
The combinatorial problem in Eq. 2 is NP-hard and therefore unfea-

sible for practical applications. However, it has been proven that3.1. Soft missing data masks

with mild conditions on the sparsity af and the structure oA, x

can be determinef 0] by solving: We define aoft mask which represents the probability that the clean

speech dominates the background noise as follows:

min{ [Az = sfl2 + Allz[l: } @) M(k,t) = P (S(k,t)/N(k,t) > 0) @)

with a regularization parametgrand a non-negativity constraint on with A7(%, t) now taking continuous values betwegand1. If the
. The resulting vector: is a sparse representation of the cleanyg) e is close td, the spectral component has a high probability of

speech vectas. being dominated by speech. A soft mask can be generated directly
using the probabilistic output of machine learning technidéksor
2.2. Binary missing data masks by the approach followed ifB; 7], e.g. by the substitution of Eq. 4

Assuming noise is additive the spectrogram of noisy speech, denotér?ja sigmoid function:

by Y, can be described as the sum of the individual spectrograms of 1

clean speecl$ and noiseN, i.e.,Y = S+ N. Elements ofY that M(k,t) = 1+ exp— (S(EO/N(kH)=6) (®)
predominantly contain speech or noise energy are distinguished
introducing a spectrographic mask With all spectrograms rep-
resented ag( x T dimensional matrices, a mask is alsdax T
matrix. The elements of hinary maskM are eitherl, meaning  3.2. Imputation
the corresponding cell of is dominated by speech (‘reliable’) 6y
meaning it is dominated by noise (‘unreliable’ c.q. ‘missing’). Thus,
we write:

t\)/}{ith sigmoid centep.

In order to use the probabilistic information provided by the soft
mask we need to modify the optimization problem described in
Eq. 5. We propose to do this by carrying outgighted norm mini-
mization instead:

1 = reliable ifS(k,t)/N(k,t) >0 .
Mkt) =4 * ., o0 TSI OINILD >0 ) min{[WAz — Wyl + A1) ©

0 = unreliable otherwise i
) ) with W a diagonal matrix of which the elements are determined di-
with frequencybandk (1 < k < K), timeframet (1 <t <T)  rectly by the soft missing data mask The weights on the diagonal
and constant thresholl If log-spectral energy features are used, are given by using the mask vector representationdiag(\W) =

reliable noisy speech coefficients can be used directly as estjy, After recovering the sparse representationthe clean speech is
mates of the clean speech features siog§ S(k,t) +N(k,t)[] =  estimated as:

log[|S(k,t)(14+N(k,t)/S(k,1))|] ~ log[|S(k,1)]].

In experiments with artificially added noise, the so-calbed- g = Az (10)
cle masks can be computed directly using Eq. 4. In realistic situa- ) . ) .
tions, however, the masks must be estimated. In Section 4 we wil¢Sing & binary mask is equivalent to usMgas a row selector pick-
use an oracle mask and one estimated mask (i.c. harmonicity malf}d Only those rows oA andy that are assumed to contain reliable
[11]). We refer to[12] and the references therein for a more com-data. Inthe case of a soft mask the weights on the dlag_onal influence
plete overview of mask estimation techniques. the reconstruction error allowed for each spectrographic element.

2.3. Imputation 4. EXPERIMENTS

By concatenating subsequent time frameMofsimilarly as we did  |n order to explore to what extent using soft masks improves recog-
for the spectrograny, we construct a mask vectan. We consider  nition accuracy in the sparse imputation framework, we compare
an observation vectay derived from the noisy speech spectrogramdigit recognition accuracies obtained with binary masks (generated
Y. We denotey,. as the reliable coefficients gffor which the corre-  ysing Eq. 4) and soft masks (generated using the sigmoid function
sponding elements of mask vecter are equal to one. Rather than described in Eq. 8). Two different mask generation techniques are
solving Eq. 3, we use the reliablg. as an approximation fos and  studied, viz. the oracle mask and the harmonicity mfdgk. The
solve: oracle mask gives us an upper bound on the recognition accuracy
that can be obtained with the sparse imputation method. The har-
Hlmin{ [Are =y, [l2 + Allzl } (5) monicity mask serves as an example of a mask that is obtained when

with A, pertaining to the rows ok for whichm = 1. As suggested no a priori information about the clean speech signal is available.

in [13] it is possible to use the sparse representatiobtained from )
Eq. 5 to estimate the missing valuesyby reconstruction: 4.1. Experimental setup

. In this paper, we study a single-digit recognition/classification task
g = {!{r :3;( (6) using speech data from the AURORA-2 corpus. The single-digit
Yu = Hu® speech data was created by extracting individual digits from the ut-
yielding the estimated clean speech vegjor A, and, pertain  terances in the AURORA-2 corpli$4] using the segmentation in-
to the rows ofA andg for whichm = 0. A version ofg thatis  formation obtained from a forced alignment of the clean speech ut-
reshaped into & x T" matrix can be considered a denoised spectroterances with the reference transcription. We used the segments from
gram of the underlying speech signal. test set A, which compriselsclean and24 noisy subsets, with four
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Fig. 1. The figure shows AURORA-2 recognition accuracies for bireargt Fig. 2. The figure shows AURORA-2 recognition accuracies for binary
soft sparse imputation using the oracle mask. The range otttieal axis is and soft sparse imputation using the harmonicity mask. Theerafghe
[90, 100]. The vertical bars around the data points indicate 95% cendiel vertical axis is[20, 100]. The vertical bars around the data points indicate
intervals 95% confidence intervals.

noise types (subway, car, babble, exhibition hall) at six SNR values}.2. Oracle mask experiment
SNR= 20, 15,10,5,0, —5dB to evaluate recognition accuracy of L Lo )
the sparse imputation method as a function of SNR and mask typa-.he oracle mask results shown in Fig. 1 indicate that the sparse im-

Recognition accuracies were averaged over the four noise types, fautation method using soft masks achieves higher recognition accu-
sulting in13176 test digits per SNR condition. racies at SNR8 and—5 dB than when using binary masks. At SNR

—5 dB, the soft imputation method has an accurac905%, 5.5%

Following [3; 4] we converted the acoustic feature representahigher than théd2% obtained with binary masks. Accuracy of the
tions to a time normalized representation (a fixed number of acousoft imputation method at SNRs 0 dB are comparable to those
tic feature frames) using spline interpolation. In our experiment weobtained using a binary mask, except for clean speech, which has
used35 time frames per word i.e., the mean number of time frameslightly lower recognition accuracies when using soft masks.
per word in the training set. Comparison with previously reported
recognition accuracies of AURORA-2 clean speech[@fin which
the same decoder was used as in the current study), shows that

recognition accuracies of the clean speech test set have not @&treagne harmonicity mask results displayed in Fig. 2 show that our
because of the normalization procedure. sparse imputation method also achieves higher recognition accura-

For the computation of the harmonicity mask the noisy speecﬁies yvith realistic soft masks. The difference in recqgnition.accu-
signal was first decomposed into a harmonic and a random part usifgcy Increases at lower SNRs: At SNR" dB, _the soft imputation
the procedure id11]. Next, the harmonic energy was used as an ethod has an accuracy Bﬁ%’. 6% points hlgher _than the7%
estimator of the clean speech energy and the random residual as %lﬁtalned by the sparse imputation method using binary masks.
estimator for the noise energy of the speech signal, for use in Egs. 4
and 8. Followind11; 3 we have choseR0 log,,(¢)=-3 dB for the 5. DISCUSSION
oracle mask and -9 dB for the harmonicity mask in Egs. 4 and 8.

The sparse imputation method was implemented in MAT-The results from both _e_xperiments indicat_e that t_he use of soft masks
LAB. The I'minimization was carried out using the LARS algo- Increases the recognition accuracy obiained V.V'th the; sparse impu-
rithm [15 and implemented as part of tipar seLab toolbox tation technique. The recognl_nop results obtained W|th soft o_racle
(www.sparselab.stanford.edu). masks 97.5% at_SNRf5 dB) |nd!cate that th_e sparse imputation
method can deliver excellent noise robust single digit recognition
For recognition we used a MATLAB implementation of the au- results, if the mask can be properly estimated.
tomatic speech recognition system describeflL#}. Acoustic fea- The improvements in recognition accuracy obtained using soft
ture vectors of the isolated digits consisted of mel frequency lognasks not withstanding, there remains a substantial gap between the
power spectra23 bands with center frequencies starting 1a0 recognition accuracies obtained with oracle (ideal) and harmonic-
Hz). After imputation of the missing (static) acoustic features, deltdty (estimated) masks at SNRs 15 dB. As the SNR decreases
and delta-delta coefficients were calculated on these individual digt becomes increasingly more difficult for the harmonicity mask to
its. During decoding the acoustic representations are converted thistinguish between reliable and unreliable spectral features. The
PROSPECT features, an alternative feature representation that aetection of harmonic components, which are always treated as re-
lows the combination of missing data processing in the spectral ddiable, depends on accurate pitch detection, a process that is volatile
main with the attractive properties of cepstral coefficidd]. As at low SNR values. In addition, the harmonicity mask may not al-
in [16] we trained11 whole-word models with 6 states per word, ways treat noises with a harmonic structure, such as babble noise,
as well as two silence words withand3 states respectively, using correctly. Thus, there is a clear need for developing more powerful
the AURORA-2 clean speech train set. mask estimation methods.

{hg Harmonicity mask experiment



The slight and non-significant drop in recognition accuracy ofACkﬂOWledg ments

the soft masking technique on clean speech observed when using

the oracle mask is due to (small) reconstruction errors in reliablghe research of Jort Gemmeke was carried out in the MIDAS
features. When using the binary masks reliable features are copigdoject, granted under the Dutch-Flemish STEVIN program.

from the input, while in the current implementation of the soft mask-

ing framework all features are replaced by clean spestmates.

Since Eq. 5 minimizes the reconstruction error rather than enforc-
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6. CONCLUSIONS

We have proposed an extension to our previous MDT-technique for
binary masks so that it can be applied with soft masks. We have
tested the recognition accuracies obtained with the soft masking
technique using both ideal (oracle) and estimated masks on sing[%]
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to increased performance both when oracle masks and when realisigs)

masks are used.

Future work will address more advanced missing data masks
based on machine learning techniques. In addition, we are inve
tigating techniques for generalizing the soft mask sparse imputatio

technique to continuous speech recognition.
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