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ABSTRACT (Codebook dependent cepstral normalization) CDCN are applied to
...__noisy car environments. All these methods either require prior adap-

N hall t h i ¢ In thi Bation data from the test environment or process test data indepen-
presents a challenge 1o speech recognition systems. In this papgh of the training environment to remove channel and noise related

we investigate an approach for matching the distributions of trainin%ffects. Some methods exist in the literature which do not need sep-

and test da?a in the fea_ture space. This appr_oach uses the Propeii¥te adaptation data from the test environment and work on the test
of reproducing kernel Hilbert space (RKHS) with a universal kerne

for the task of distributi wehina. Th hi . tterance directly. Feature transformation based on maximum like-
or the task ot distribution matching. The approach IS UNSUPEIVISeQy, ., framework has been proposed in [3]. [4] attempts to match
requiring no transcripts of data for compensation, and can be e

Mhe histograms of training and test data for normalization. Extensive
ployed either with explicit adaptation data or with live test data. Th 9 g

: ) search has also been focused on improving interactive systems for
approach is evaluated on two real car environments - CU-Move an

. o - < In-vehicle applications ([5], [6]).
- 0,
UTD_rlve. Relatlve_ improvements of between 10-25% are obtaine Recently, Huang, et. al [7] applied a kernel mean matching ap-
for different experimental setups.

proach to the problem of correcting sample selection bias (or do-
Index Terms— speech recognition, feature adaptation, repro-main adaptation) using unlabeled data. The solution of kernel mean

ducing kernel hilbert space, universal kernel matching (KMM) gives the weights for each training sample that are
used to scale the loss function for each pair of (feature vector, class
1. INTRODUCTION label). The weights obtained are the ratio of a test to training distri-

bution under ideal asymptotic conditions (provided some constraints

The performance of Automatic Speech Recognition (ASR) system@ the support of the distributions are met). The expectation of the
suffer dramatically when there is a mismatch between training any€ighted loss function is minimized to get the classifier parameters.
test data conditions. This mismatch can be due to many reasoride cIaSS|f|er_shouId be optlmal_ for the test distribution according to
including changes in background noise, changes in training anH® theory of importance sampling. _
test recording conditions (different microphone, channel effects) ~However, itis well known that training a recognizer for speech
which result in convolutive mismatch, changes in speaker accent§ computationally complex, and once trained it is not feasible to
(native/non-native speakers), and speaker stress levels, etc. F&frain for the test distribution if the test distribution itself is not sta--
in-vehicle systems, there is a need to perform recognition usingonary (the noise and channell chgracterlstlcs are changlng). In this
far-field or hands-free microphone so that the driver is free fronPaper, we achieve compensation in the feature space using the ker-
unnecessary distractions. nel mean matching approach and assess performance for the task of
Considerable research has been conducted on the problem $#€€ch recogntion. The remainder of the paper is organized as fol-
mismatch compensation for speech recognition. Some of thed@Ws: Sec. 2 describes background concerning kernel mean match-
methods require the presence of stereo data (simultaneous recordifi§g: Sec. 3 describes the actual method employed; Sec. 4 describes
from both environments) that is not available in most real scenariogh® training and test environments and compares them using various
Other approaches do not mandate the availability of stereo data, bafatistics (other than WER obtained on the recognizer); Sec. 5 de-
they require some information about the environments such as %prlb.es.the baseline system and results obtained. Sec. 6 summarizes
model or knowledge of environmental statistics. These approachde findings of the paper.
can be classified under two broad categories: model based methods
and feature based methods. Model based approaches try to trans- 2. BACKGROUND
form the phoneme models to reduce the mismatch. Most of themet (v, d) be a metric space ari@, ¢) be two probability measures

need prior adaptation data to do it. defined on the Boret—algebra onY'. We have the following result
Feature based approaches aim to find a transformation in the feom [8],

ture space to match an already trained model. Spectral subtraction
(SS) along with many variants has been applied to this problem. FqQreryma 1 Two probability measures will be equal (p = ¢) if and

example, [1] applies non-linear SS to speech recognition in n0i5$nlyifEx~p(f(x)) = Exq(f(x)) forall f € C(X), where C(X)
car environments. In [2], cepstral mean normalization (CMN) andg ihe space of continuous bounded functions on .

This project was supported in part by USAF under a subcontmac ) o . . )
RADC, Inc. under FA8750-05-C-0029. Approved for publicemse; dis- In practice, it is not feasible to work with such a rich class of
tribution unlimited. functions. Alternatively, consider a restricted function cl#&sand



a metric for closeness/separability (integral probability metric [9],Simplifying the objective function,
maximum mean discrepancy (MMD) [10]),

MMD [F, p, q] := sup (Ex~p[f(x)] — Ex~q[f(x)]) 1) 1,2 n
rer = (X 0@). Y o)) -

The computation of MMD becomes straightforward if we are in =t Fl{
a reproducing kernel Hilbert space (RKHS). To define RKHS, let us 2 " , (6)
takeX to be an arbitrary set arH to be a Hilbert space of functions ! <Z ® (), Z (zh + /3)> +
on X. We say thatH is a RKHS if the linear magf — f(z) is =1 J=1
continuous for allz in X. This essentially means that for everyn 1 n'

H / !
X, there exists an elemeftf, of H such that 5 <§:1 ®(z; + ), 221 d(a + ,6)>.
— =

fl@)=(f(), K()) VfeH. _ _ L
Using the reproducing property of RKHS and omitting unnecessary
Here, K, is called the point evaluation functionalatWe can define  terms,
afunctionkK : X x X — Rby K(z,y) := K.(y). This is called ,
the reproducing kernel for the Hilbert spalle For exampled(x;, -) . . 2 ,
can be considered a point evaluation functionalfdfwhich is not 218 min O(f) = arggnm(_ oy, Z Z K(zi, 25 +5) +

a RKHS), buts(z, -) is not in L? (which is consistent with the fact =15=1 @
that L2 space is not RKHS). The reproducing property of the kernel n'  n
1 / ’
says thati (z,y) = (K (-, 2), K(-y)). The mapd : z — K(-,) —3 2D Kli+pa+ B))-
is called the feature map which maps each point in the domath of i=1j=1

to the functionK (-, z) in the RKHS. . . )
An RKHS with a universal kernel has a universal approximatingThe Gaussian kernel is universal on every compact subsgt"of

. . : , and we employ a Gaussian kernel in our experiments. As dif-
property: given any positive numbernd any functiory € C'(X), ([11]), and I G lan k .I. . . o A .d.f
there exists a function € K (X) such tha| f — glls < € ([(11]) ferent phoneme classes in the speech signal have significantly differ-
That is, the universal RKHS is densedr{X). ~ = ' ent distributions, i_t is reasonable to restri(_:t the optimization prqplem
It can be shown ([10]) that iF is a unit ball F = { : || ]| < 1}) to a subset of train and test samples which have high probability of
in a universal RKHS defined on the compact metric sphcthgn belonging to the same class. The objective function is then given by

_ . . . argmin O(f) =
MMD [F,p,q] = 0 ifandonlyif p=q. @) min O(f)
Let us define (where feature map : = — K(-,z)), pu(p) = . 2 L& 2 , 9
Ex-p[®(x)]. It can be easily shown for a universal RKHS that argﬁmm(_nn’ ZZeXp(_J lzs = 25 = BII%)
([10]) o=t
1 n 77./
MMD 7, p, q] = llu(p) = u(q)]] ®) + =5 20> exp(—o® |zt — af|1%))

i=1 j=1
The consequence of these results (Eg. (2) and Eq. (3)) is that we can

L . R O (if 8 is same for ally)
mimimize the separation between two distributions by minimizing

Eg. (3). The fact that we are operating in RKHS makes the mini- = arg min( — 2/ § exp(—o?||z; — z; — ﬁ“z))
mization computationally feasible. B L P
1<j<n’/
\|wi:i§H<D

3. KERNEL MEAN MATCHING FOR SPEECH

(8)
Let us suppose that training and test data is generated by two differ- . o _
ent distributions andq respectively. Here, we match the two distri- Wherex; is a sample from training data and is a sample from
butions by assuming an additive bias exists in the cepstral domaif€st data. The value ef influences the rate of decrease in the dot
although there can be other possible transforms to model the migroduct in kernel space with the increase in Euclidian distance in

match (like a linear transformation in the original feature domain).the original feature domain. A greater valuesoneans that the dot
Formally, product decreases more rapidly with increasing Euclidian distance

between the two feature vectors in the original space. The second
MMD?[F,p, q] = ||[Exp|[®(x)] — Exq[®(x)]||>. (4) term in the equation (7) cannot be removed if we choose to use a
different 5 for each frame. Although in this paper we experiment
Letx;(1 < i < n)andxi(1 <1i < n') be the sequences of MFCC with a fix beta for a set of test samples (one utterance at a time), the
vectors for training and test speech respectively. Replacing the eyossibility of a differentd for each frame or group of frames can
pectations by the empirical means and adding a bias term to the tesiso be explored by employing a suitable constraint on the values of
MFCC vectors (before taking means in RKHS), the objective func8. We also experiment with taking differefittor speech and silence
tion O(3) to be minimized becomes parts.
The optimization is limited to inside a ball of radilis centered
2 11 & 1 n' 2 at each test sample. For a fixgdfor all frames, the method re-
0(B) = Hf(')H :H =y 0(xi) - > B(xi+ ﬂ)H . (®  duces to asimple form as in Eq. 8. This equation in itself can be ex-
i [t plained intuitively; however it is interesting to have it coming from



Speech from a close-talk microphone is also available as part
Aasi;N e UTDRIVE 1 of the UTDrive corpus. An estimate is also made of the channel
aof —— CU-Move mismatch between speech from the close-talk and far-field micro-
e phones. The long term average of the log spectra can be used to
characterize the channel. The average log spectra of both chan-
nels are calculated and their difference is found (far-field log-spectra
e is subtracted from the close-talk log-spectra), which characterizes
29 5000 2000 5000 5000 the channel mismatch from far-field to close-talk, with the response
Freq, (H2) shown in Fig. 2. This resembles a high pass filter with two sharp
peaks in the spectrum. These peaks are due to some measurement
Fig. 1. Long term average noise spectra from UTDrive and CU- artifact in some of the close-talk speech files. In these experiments,
Move, obtained using 40 sec. duration of data (log magnitude (in far-field microphone speech from UTDrive is processed with this fil-

Amplitude (dB)
()
a

dB) vsfrequency (in Hz)) ter to make it closer to the close-talk channel, which further increases
the mismatch between training and test environments. Recognition
Microphone Channel Response experiments are performed with this data to test the effectiveness of

10} the feature based environment mismatch compensation approach.

The two car environments present additional challenges in the
sense that each background noise is non-stationary. There are many
events that can happen which change the acoustic environment such
as rolling up/down the windows, indicator beeps, road surface, en-
gine noise, etc. This varies the noise shape across the frequency
range over time. The difference in environments is reflected in word
error rates, when training is done with one corpus and testing per-
formed with the second corpus.

. Response (dB)

o 2000

4000 6000 8000
Freq. (Hz)
Fig. 2. Channel response applied to test data to incorporate convo-
lutive mismatch in environments(log magnitude (in dB) vs frequency 5. RECOGNITION EXPERIMENTS
(inHz) '
5.1. Baseline

a distribution matching viewpoint using properties of RKHS with aWe use a s_peaker-lndependent ASR system based on CMU Sphinx
for evaluating the proposed approach. Mel frequency cepstral co-

umve_rsal kernel. Here, a gradient descent is used to minimize thgfficients (MFCC) in combination with their first and second order
function. Let us concentrate on Eq. (8) for a moment and note th

differences of this with standard CMN. which also emplovs an addi. erivatives are used as the feature vector (39 dimensional feature
5 ploy Yector). Acoustic modeling is done for a set of 42 phonemes. Each

tive bias. The bias in this method is obtained by taking into accountc 197 shoneme states is modeled using a mixture of 8 Gaussian
both training and test data and minimizing the mismatch. CMN con- P 9

siders one speech segment at a time and obtains the bias baseddci)%t(;ibIUtionS Witgout sltate tying (cogtf);t-inde?(endeélt mor;oplmon'e
that. It simply tries to align the means of the training and test speecW0 gls are use ): .A anguage modet for a_l -word vocabuiary IS
h -~ used during decoding for all experiments with CU-Move and UT-
utterances to zero. The proposed method tries to match the dlsmbl'_’)'rive corora
tions by matching training and test data means in the kernel space. P o
The complexity of this method is higher than CMN because of pair2-2. Experiments and Results
wise computations but it is reduced to a great extent by restrictingypical utterances, that have high acoustic scores on the trained ASR
the optimization among the samples of same classes. Finally, anodel, are chosen from the training data. Samples from these typical
though we have matched distributions by an additive bias here, alitterances are used as training distribution samples in the optimiza-
affine transform operating on test data can also be considered usifign problem. The values af and D in these experiments is taken
the same framework. to be0.2 and1 (both values are decided empirically). Two types
4. TRAIN AND TEST ENVIRONMENTS of experir_nents are conducted. First, the bias Vectors on a per utter-
ance basis are estimated. Next, we estimate different bias vectors for
In our evaluations, we use two corpora collected from real car envithe speech and silence parts. This is done to acknowledge the fact
ronments: UTDrive [12] and CU-Move [13]. The speech collectedthat speech has a significant impact of channel in addition to additive
from a far field microphone is used in the experiments for both cornoise while silence segments are mainly corrupted by additive noise.
pora. The acoustic conditions in both cars and microphones are difor this, the training samples are grouped in two classes - speech and
ferent in the two databases. Here, we focus on quantifying the missilence. Voice activity detection is performed on the test utterance to
match between these two environments. decide its class and two different optimizations are carried out.

To illustrate the distribution of noise across frequencies, we av-  Training is done on the data from CU-Move (far-field), while
erage the magnitude spectra of only the noise/silence frames ovetesting is done with data from CU-Move far-field microphone
duration of about 40 seconds. Fig. 1 shows the long term averagenatched condition), UTDrive far-field data and UTDrive far-field
noise spectra for both environments. Background noise in CU-Moveata processed with a close-talk channel as shown in Fig. 2 (mis-
is spread across a wider frequency range while noise in UTDrivenatched conditions). Table 1 shows the results obtained. Cepstral
drops significantly in the higher frequency range. It can be seen thabean normalization (CMN) tries to align the means of all training
the average noise power in CU-Move is higher than UTDrive acrosand test utterances to zero. This is expected to reduce the channel
the complete frequency band. There is a difference of 2-7 dB imismatch to some extent. As the data used in the experiments are
noise levels over the frequency range 0-4000 Hz. from noisy car environment, we also use spectral subtraction (SS)



Train with CU-Move

Test On

CU-Move | UTDrive | UTDrive_CH'
Baseline 13.8% 23.1% 38.4%
CMN+SS 9.1% 22.4% 34.3%
CMN+SS+RATZ 9.4% 22.8% 34.0%
CMN+SS+KMM 8.8% 21.7% 29.5%
CMN+SS+KMM 8.6% 21.3% 29 204
(silsp)

1 UTDrive speech processed with filter response shown in Fig. 2
2 different bias vectors for silence and speech segments

Table 1. Word Error Rate (WER) results

which tries to suppress the additive background noise and wor
in the spectral domain. It can be seen that kernel mean matchin
improves the performance in all the three experiment setups. Us-

bias per utterance ties all the frames together which are moved in a
single direction, so the prospect of a final feature frame moving to an
undesignated region is negligible. There is a considerable improve-
ment in the performance using the proposed approach. Still, there
might be several factors affecting it. First, the objective function is
highly non-linear and the solution can be trapped at a local mini-
mum depending upon the initialization. Second, different phonemes
in speech have significantly different distributions and the use of the
Euclidean distance to ensure that the optimization is over the same
class is not as sophisticated an approach. Some probabilistic method
can be used here. Third, an additive bias alone may not be able to
model the entire mismatch between environments. Some kind of
non-linear term (which is a function of the input feature itself) or an
affine transformation in addition to the bias may give better results.
The prime purpose of this paper is to consider the problem of envi-
ronment mismatch from the viewpoint of a difference in probability

I(aistributions of the feature vectors. To that end, the formulation and

al car data evaluations show promise for in-vehicle ASR.

ing different biases for silence and speech improves performance
marginally. This can be due to the fact that we have already reduced 7. REFERENCES
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