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Abstract

Model compensation is a standard way of improving the robustness of speech
recognition systems to noise. A number of popular schemes are based on vector
Taylor series (vTs) compensation, which uses a linear approximation to represent
the influence of noise on the clean speech. To compensate the dynamic parameters,
the continuous time approximation is often used. This approximation uses a point
estimate of the gradient, which fails to take into account that dynamic coeflicients
are a function of a number of consecutive static coefficients. In this paper, the ac-
curacy of dynamic parameter compensation is improved by representing the dy-
namic features as a linear transformation of a window of static features. A modified
version of vTs compensation is applied to the distribution of the window of static
features and, importantly, their correlations. These compensated distributions are
then transformed to distributions over standard static and dynamic features. With
this improved approximation, it is also possible to obtain full-covariance corrupted
speech distributions. This addresses the correlation changes that occur in noise.
The proposed scheme outperformed the standard vTs scheme by 10 % to 20 % rel-
ative on a range of tasks.
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1 Introduction

Changes in background noise conditions can severely impact the performance of speech
recognition systems. Standard approaches to address this problem are to use either fea-
ture enhancement or model compensation techniques. The latter have been found to
yield good performance, particularly in conditions with low signal-to-noise ratios, and
will be the focus of this paper.

The first stage in developing a noise compensation scheme is to express how the
noise affects the clean speech. When cepstral-based coefficients are used, the mis-
match function between clean and noise-corrupted speech is non-linear. This non-
linearity makes computing the exact distribution of the noise-corrupted speech in-
tractable. There are a range of approximations that can be used to estimate the model
parameters given the mismatch function [2, 6]. A commonly used method that has
yielded good results approximates the mismatch function with a first-order vector Tay-
lor series (vTs) expansion [17, 2]. Using this vTs approximation it is straightforward
to compensate the parameters for the static parameters based on MEcc features. How-
ever, in HMM-based speech recognition systems dynamic features, for example delta
and delta-delta coeflicients, are appended to the static features to form the feature vec-
tor. A number of approaches to compensate parameters for these dynamic features
have been proposed in the literature [7, 6, 3]. The standard is to use the continuous
time approximation [7]. The continuous time approximation makes the assumption is
that the dynamic coefficients are the time derivatives of the statics. The form of com-
pensation for the dynamic parameters is then closely related to the static parameters.
The continuous time approximation allows a mismatch function to be defined for any
form of dynamic parameters, both those based on linear regression and simple differ-
ences. If only simple differences are considered then it is possible to find compensa-
tion by storing extra clean speech statistics [6]. This should be more precise than the
continuous time approximation approach, but is only applicable to simple difference
based dynamic parameters. Another scheme that attempts to improve compensation
by using additional statistics, but in the log-spectral domain, is described in [3]. How-
ever, as section 3.3 will show, this approach involves approximations that negate any
potential improvements and basically yields the same form as the continuous time ap-
proximation. Though there are known limitations to the use of the continuous time
approximation it is still the form used in the vast majority of model-based compensa-
tion schemes [2, 15, 12].

This paper proposes a new approach for compensating the dynamic parameters that
is applicable to both linear-regression and simple-difference based dynamic features.
The dynamic coefficients can be expressed as a linear transformation over a window of
static feature coefficients. The mismatch function for the static features can be used for
each element of the window. Once the distribution over this “extended” feature vec-
tor is known then by linearly transforming the parameters of the distribution over the
extended feature vector, the distribution of the static and dynamic parameters can be
found. In the same fashion as standard model-based compensation there are a range of
schemes that can be used to combine the extended clean speech and noise distributions
together to yield the extended corrupted speech distribution. In this work an extended
version of vTs is introduced. This approach will be referred to as extended vTs (evTs).

Improving the compensation of dynamic parameters also addresses a second prob-
lem. Standard model compensation methods diagonalise the covariance matrices for



the corrupted speech distributions. This is consistent with the form of the clean speech
distribution, which allows robust parameter estimation and efficient decoding. How-
ever, the correlations between the features are expected to change due to variations in
the background noise. For example, in the limit, when the noise masks the speech, the
correlation pattern will be that of the noise. These effects could be modelled with full-
covariance compensation. Though continuous time approximation compensation can
be used to generate block-diagonal covariance matrices (one each for the static delta
and delta-delta features), these have not been used for recognition. In this work it is
shown that the reason for this, ignoring the computational costs, is that compensa-
tion with the continuous time approximation is not accurate enough. Full covariance
matrix corrupted speech distribution compensation, is expected to be more sensitive to
approximations in the dynamic parameter compensation than diagonal compensation.
However, extended vTs should be more accurate than vTs with the continuous time
approximation, thus it should enable effective full-covariance matrix compensation.
Though the use of these full-covariance matrices during decoding is computationally
expensive, approaches such as predictive linear transforms [5] can be used. This pa-
per only concentrates on the theoretical aspects of improved covariance compensation,
rather than the computational load.

This paper introduces extended vTs and discusses how it can be used to generate
full-covariance compensation. The organisation of this paper is as follows. The next
section surveys model compensation techniques. Section 3 introduces extended vrs.
Section 4 discusses how to find the clean speech and noise statistics. Section 5 examines
the accuracy of compensation with standard vts and extended vTs. Section 6 discusses
experimental results on AURORA 2, a noise-corrupted Resource Management task, and
an in-car recorded corpus.

2 Model compensation

To compute the effect of the acoustic noise on the feature vectors of a speech recogniser,
an expression for the mismatch between clean and corrupted speech is needed. In the
time domain, the additive noise n and the convolutional noise h transform the clean
speech x, resulting in noise-corrupted speech y. In the time domain this will have the
form [1]

y=hxx+n (1)

where x denotes convolution. Many speech recognition systems are based on MFcc
features, which are in the cepstral domain. For time t, the static MFCC noise-corrupted
speech vector will be denoted as y3. Similarly, MFcc vectors of the other features will be
written: X} for the clean speech; n for the additive noise; and h} for the convolutional
noise. The mismatch function that relates the static corrupted speech with the sources
is [2]

y; = Clog (exp (C™' (x§ + h$)) +exp (C'n3))
=x$ 4+ hi + Clog (1 +exp (C' (n{ —x§ — h3)))
=f(x{,n;,h}), (2)
where 1 is a vector of 1s, and log(-) and exp(-) indicate the element-wise logarithm and

exponent, respectively. The superscript s will be used throughout this paper to denote
the static coefficients and parameters.



Itis standard practice in HMM-based speech recognition systems to augment the ob-
servation vector containing per-time slice (static) features, with dynamic features [4].
They represent the change of the static features over time. Both first- and second-order

features (Y2, ytAZ respectively) are normally used. Hence the observation feature vec-

tor becomes Yy, = [ysT yAT y&'T ]T. For clarity of presentation only first-order,
delta, coefficients Yy will be considered, though the extension to delta-delta parame-
ters or higher orders is simple. Dynamic coefficients are normally computed with linear
regression as the slope of the statics. The first-order dynamics at time t are computed
from a window £w of static coefficients [23]:

A Z?:] T(yi+’1' B yi,T)

yt - 2 Z:/f\;] Tz (3)

Model compensation schemes combine clean speech and noise distributions using
the relationship between the clean and corrupted speech, to yield the parameters for
the noise-corrupted speech model. The clean speech distributions are based on the
HMM trained on clean speech data, with Gaussian components N (,, X,). In this
work, as in many others, the static convolutional (channel) noise is assumed constant
h${ = u;, and the additive noise is assumed Gaussian-distributed ny ~ N (pn, Z,).
These assumption allow the noise model to be estimated in a maximum likelihood
fashion on test data [15, 12] (section 2.3 will discuss this in detail). Also, since the noise
is assumed independent and identically distributed, each clean speech Gaussian can be
compensated separately. In this work each noise-corrupted speech component is also
assumed Gaussian. Thus the parameters of this Gaussian N (py, X, ) are’

b, = Ely); z,={lw-wly—m)"} @

where the expectations are over the distribution of a component of the clean speech
model and the noise distribution. The speech and noise are combined using the mis-
match function in (2). However, no closed forms for the expectations in (4) exist, so
approximations must be used. The next sections briefly discuss two options, vector
Taylor series (vTs) and data-driven parallel model combination (DpMmc).

2.1 Vector Taylor series compensation

The mismatch function in (2) can be approximated with a first-order vector Taylor se-
ries (vTs) [17]. The expansion point is normally set to the means of the clean speech and
the noise. In that case, the approximated mismatch function for the static parameters
becomes (assuming the convolutional noise is constant h{ = u})

Yiuws = 5, ) + T8 — 1) + (IT=J)(n§ — 13, (5)

where I is the identity matrix, and J is the Jacobian of the clean speech

a S
J = % , (6)
(TR TR T

'The dependence on the component has been dropped from the notation used in this paper for clarity.



which is a full matrix. If the mean of the clean speech is much smaller than the mean
of the noise, J will tend to I. Conversely, under high noise conditions, J will tend to O
and (I —J) in (5) will tend to 1.

When the vector Taylor series approximation in (5) is applied to model compen-
sation, the corrupted static mean and covariance of the compensated component be-
come [2]

B = EYL v = F (B3 15, 155 (7a)
25 = E{(U e — 1) (YT s — 1) "}
= e{I0¢ — 1) — 1) T+ (L= D) — w3 (mg — ) (X))}
=JE )T+ (1= (1)) . (7b)

To compensate the dynamic parameters, the continuous time approximation [7] is
often used in conjunction with vTs. This approximation assumes that delta coefficients
are derivatives of static coefficients with respect to time t, so that
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Combining this approximation and the vTs approximation in (5), the dynamic coefhi-
cients become
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These mismatch functions can be used to yield the dynamic mean and covariance of the
corrupted speech. Since the additive noise is assumed to be stateless, the expected value
of its dynamic coeflicients is zero. The compensated dynamic parameters are given by

ud =E{x¢ + (I =nf} =Jud, (102)
£p = e{ U =) + (1=)md) (Ot — ) + (1)) " |
= e{xt =) x =) I+ e{ M= Imend T -1}
=)=+ (I-NZR -0 (10b)

The noise dynamic mean (both for the delta and delta-delta parameters) are assumed
to be zero in the above expressions. This is consistent with the i.i.d. assumptions behind
the noise.

The compensated mean and covariance matrix are formed by concatenating the
static and dynamic parameters:

_m. _|5 0
N I X R
The resulting covariance matrix, X, will be block-diagonal in structure as the Jacobian
matrix, J, is full. Decoding with this block-diagonal structure has two problems. First,

itis computationally expensive. Second, the continuous time approximation for the dy-
namic parameters does not yield accurate block-diagonal compensation (section 5.1.2



will discuss this in more detail). Therefore, when decoding the following, standard,
form for the output probability is used

P (Ue) =N (Ye; my, diag(Zy)), (12)

where diag (-) denotes matrix diagonalisation.

2.2 Data-driven parallel model combination

The relationship between the corrupted speech, and the clean speech and the noise, is
not linear. The first-order vector Taylor series expansion is therefore only an approx-
imation. Data-driven parallel model combination (ppmc) is a Monte Carlo method
for estimating the distribution of the corrupted speech [6]. The procedure it uses for
the static coeflicients is straightforward. From the distributions of the clean speech
and the additive noise, K samples of the clean speech, x*(1), ... x*(¥), and noise,
nstM .. ns(®) | are drawn. For each pair of samples (xs(¥) ns(k)) the mismatch
function in (2) gives the corresponding corrupted speech sample y>(*:

y =" ni ). (13)

The static parameters for the corrupted speech are then estimated with

K
s 1 s(k).
uy:EZU( ); (14a)
k=1
K
1 T
I = (K Y y¥ [yo] ) AR (14b)
k=1

This allows the static parameters to be compensated. In previous work on pPMC an
alternative approach to the continuous time approximation for compensating the dy-
namic parameters was proposed [6]. This approach is only applicable when simple
differences (linear regression using a window of one time instance left and one right)
are used. By modelling the static coeflicients from the previous time instance to the
feature vector, x_;, the dynamic coefficients for the noise-corrupted speech can be
found using >

e =1 (X xSt ) — £ (N ) as)

However this form of approximation cannot be used for the linear-regression-base dy-
namic parameters.

In the limit as the number of samples goes to infinity, bPMc yields accurate Gaus-
sian parameters for the noise-corrupted speech given the mismatch function and the
speech and noise distributions, and could be viewed as an infinite-order vrs. How-
ever, as a large number of samples are necessary to train the noise-corrupted speech
distributions, the computational cost is much greater than for vTs.

*Normalisation of dynamic parameters is ignored for clarity of presentation.



2.3 Noise estimation

The discussion so far has assumed that a distribution of the noise is known. In practice,
however, this is seldom the case. The noise model must therefore be estimated. The
model M;, = {un, X, un} comprises the parameters of the additive noise, assumed
Gaussian with /' (u,,, X,,), and the convolutional noise uy,, which is assumed constant.
The parameters are of the form

_ . _ | diag(Z3) 0 : _ -
”n_|:0:|a Xn—|: 0 dlag(ZnA)]’ uh_|:0h:| (16)

The expected value of the dynamic coeflicients of the additive noise are zero because
the noise model has no state changes. Since the convolutional noise is assumed con-
stant, its dynamic parameters are also zero. Using data from the target environment,
it is possible to find a noise estimate with expectation-maximisation that maximises
the likelihood assuming a particular form of model-based compensation, for example
vTs compensation [17, 14]. This iteratively updates the component-time posteriors (the
expectation step) and the noise model (the maximisation step).

In the maximisation step, the static noise means can be updated at the same time
using a fixed-point iteration [17]. The additive noise covariance, however, is more com-
plex to estimate. It is possible to estimate it on the parts of the waveform known to con-
tain noise without speech. Another options is to use gradient ascent to find an estimate
for the additive noise variance for vs with the continuous time approximation [14].
This needs to be alternated with the estimation of the noise mean.

Another option is to use Expectation-Maximisation (EM) to estimate the noise model
parameters. Here the noise and corrupted speech are assumed to be jointly Gaussian.
The noise distribution can be iteratively estimated using £m [11]. In [11] this approach
was used with feature-based vrs. When model-based compensation schemes are used
along with the diagonal corrupted speech distribution, the form in [11] cannot be used,
unless additional approximations, such as diagonalising the cross-covariance of the
noise and the corrupted speech are made. Thus in this work the approach described
in [14] is used to estimate the noise model parameters.

The resulting noise model estimate maximises the likelihood of model compensa-
tion with vTs. Thus, the parameters do not necessarily correspond to the actual noise
or to a consistent sequence of static observations.

3 Extended vTs

The continuous time approximation yields a simple approach to compensating the dy-
namic feature model parameters. However, it relies on an approximation which has
been found to degrade performance for some noise conditions [12]. This section de-
scribes an alternative method for compensating the dynamic model parameters called
“extended vTs”. The key intuition is that the dynamic coeflicients are a linear combi-
nation of consecutive static feature vectors. Thus, if the corrupted speech distribution
over the consecutive static feature vectors can be estimated then the distribution for
the dynamic coefficients can be found.



3.1 Model compensation with extended feature vectors

For simplicity, a window of £1 and only first-order dynamic coefficients will be con-

sidered. An extended feature vector Y§, containing the static feature vectors in the
T

surrounding window, is given by y§ = [y$_{ y}' y5.1 | > The transformation of

the extended feature vector y§ to the standard feature vector with static and dynamic

parameters Y can be expressed as a linear projection D:

Yt 0 107 |Yin e
Yoe=|ya| = | _I,I|| Yt | =Dyt (17)
‘ 2727 Yy

The second row of D applies the transformation from a window of statics to yield the
standard delta features. As D is a linear transformation, if the distribution of the ex-
tended corrupted speech y§ is assumed Gaussian with with mean pf and covariance
27, the extended corrupted speech distribution can be transformed to a distribution
over statics and dynamics with

u, =E{y} =DE{Y*} = Duy; (18a)
L, =&{yy" — )} =DE{yys" —pusue'} DT = DD (18b)

It is interesting to look at the structure distribution of the extended feature vector,
y°. The mean pj of the concatenation of consecutive static feature vectors is simply a
concatenation of static means at time offsets —1, 0, +1. For the corrupted speech, these
will be written pj, |, uj , uy. . The covariance LY contains the covariance between
statics at different time offsets. The covariance between offsets —1 and +1, for example,

is written X Thus, the full parameters of the extended distribution are

Y—1Y+1*
S S S S
u}’—1 ZY—1Y—1 ZY—WO ZY—1Y+1
e __ S . e __ S S S
Uy - uyo ’ Zy - Zyqu ZYO‘/O YoY+1 . (19)
S S S S
”YH ZYHYA ZY+1yo Y+1Y+1

The standard parameters with statics and dynamics can be found from this extended
distribution, For example X, in (18b), substituting 2y from (19) and D from (17), can
be expressed as

S s s I
T 0IO0 Zys—1Y—1 Zy;1yo Zy§1y+1 0 -2
Zy = DZyD = |:_I 0 I:| voy_1 YoYo VoY1 10 (20)
2 2 ys s s 0 l
Y+1Y-1 Y+1Y0 TY+1Y+1 >

The problem is to find the correct form for the extended distribution.

3.2 Extended distribution compensation

The procedure to find the distribution over the statics and dynamics of the corrupted
speech outlined in the previous section requires parameters for the extended corrupted

31t is straightforward to extend this to handle both second-order dynamics and linear-regression coef-

. . T
ficients over a larger window of 2w, so that y¢ = [y5_,T ... y?[+VI ]



speech distribution in (19). Since the extended feature vector is a concatenation of static
feature vectors, it is possible to use the static mismatch function for each time offset to
yield an overall mismatch function for y¢.

An extension to static compensation using vTs can be used to find the extended
corrupted speech distribution. The first-order vector Taylor series approximation in
(5) is applied to each time instance separately. Thus the expansion point for each time
instance is given by the static means at the appropriate time offsets. These are obtained
from the extended distributions distributions over the clean speech, x¢, and noise, n®.
Thus using the form of the vTs approximation in (5) per time instance:

yi—],evts f (ui*1 ! uf‘fﬂui—l) + If] (Xi71 - u'>5<,1) + (I - ]71) (ni,1 — HfL])
Yiews | = f(us,, s, 5, ) +J0 (3§ —ps,) + (I—TJo) (g —u3,)
s

yt+1,evts f (ui+1 ) HL]»HSM,) +I+1 (XiJr] — l—li+1) + (I 7I+1) (niﬂ — uf1+1>

(21)

where the offset-dependent Jacobians are given by

_ oy
o

_ oy’
Tooxs

- oy®
) +1 = Fs
TRTAANTI ox

J 7 Jo

S S S
pn,] vux,1 vuh71

Mo, oM B
(22)

Note that J is equal to the Jacobian for standard vTs described in (6).

The expression for the corrupted speech in (21) requires distributions over extended
feature vectors for the clean speech x® (from training data) and noise n®, h® (esti-
mated). The forms of these distributions are analogous to those for the extended cor-
rupted speech in (19):

[ S s s s s
Xt 1 u’x,1 Zx,1x,1 Zx,1xo Zx,1x+1
e _ s s s s s .
X" = Xt NN uxo ) Z><o>(,1 Zxoxo Zxox+1 ) (233)
s s s s s
[ Xt 41 My ZX+1X71 ZX+1X0 X4 1X4 1
1S T s s s s
nt—] un,1 Zn71n,1 Zn,1no Zn,1n+1
e _ s s s s s .
n = ni ~N Mo ) Znon,1 Znono Zn0n+1 y (23b)
s s s s s
LTt Mo Zn+1n71 nyino “nyingg
s T s
t—1 uh71
e _ s _ s
he=| hi | =] K, (23¢)
s s
L™t Mh,

Approaches and approximations for these clean speech and noise statistics will be dis-
cussed in section 4.1.

The parameters of the extended corrupted speech distribution in (19) can be found
by computing expectations over the distributions in (23). The mean for time offset +1,
for example, is given by

u?’Jrl :g{yiJr],evts} :f<u>s<+1)u?1+1»uf1+]) . (24)

The covariance matrix Zf, (shown in (19)) requires the correlations between all time
offsets in the window to be computed. The covariance between offsets 0 and +1, for



example, is found by generalising (7b) to

Z;OY+] = 5{(yi‘evts — Hyo )(UiJr] evts My )T}
- 5{ (Joxs — p2,) + (T —TJo) (n — )

(a6 —ms, )+ I=Tan)niy —p3, )"

)T

= &{Jolxt — m3, )0, — w5, )T,

(= Jo)(mg — w )y — w3, ) (1=T40)"}
=JoZso. JT1 + T =TJo) 55, (T=T1)". (25)

This is applied for each of the possible time offset blocks in Z¢.

3.3 Relationship between vTs and evTs

It is interesting to examine the relationship between standard vTs and extended vTs de-
scribed in the previous section. It is possible to describe the mismatch function for the
dynamic coeflicients of standard vTs, which uses the continuous time approximation
for the dynamic coeflicients, in terms of extended vs.

The approximation that standard vTs uses for the static coeflicients is exactly the
same as the one extended vTs uses for the statics at the centre time offset. Therefore, the
compensated static mean and covariance that standard vrs finds are the same as the
ones extended vTs finds for time offset 0. However, dynamic parameter compensation
with standard vTs uses the continuous time approximation. This uses the vector Taylor
series expansion point of the static coefficients for all the dynamic coefficients. When
the vector Taylor series expansion uses the same clean speech and noise means p5, , u7, |
and the same Jacobian J for all time offsets in (21), it becomes

Yi1us f (uio,uio,uio) +Jo (x{_; — Hio) +(I—=Jo) (n§_, — llio)
Yivs | = | Fusmheomp,) +To (6 —u5,) +(T—TJo) (g —13,)
Yt s £ (s s, 15 ) +Jo (X —ms) + (I—To) (n,, —u3,)
(26)

This approximation results in the following when substituted in the expression for com-
puting dynamic coefficients in (3):

ZY::] T(y§£+T B yi,T)

ue'= 2y T
Yo t(Joxir+(T=TJomg « —Jox§ . — (I—JoIn$_,)
B 2y T
T Tt (e —Xi) + ([ Jo) TV T (e — i)
22?:1 T2
=Jox2 + (I—Jo)n&. (27)

This is exactly the same expression as the continuous time approximation when applied
to vrs compensation (in (8)). Extended vTs compensation therefore becomes equiv-
alent to standard vTs compensation when the expansion point is chosen equal for all
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time offsets. Extended vTs performs the transformation from extended to standard pa-
rameters after compensation. This allows extended vTs to use a different vector Taylor
series expansion point for every time offset to find more accurate compensation.

A scheme related to evTs was described in [3]. This approach proposed a similar
form of linear transformation of a window of static parameters to obtain the compen-
sated dynamic parameters. However, there are a number of differences between the
schemes. First, the scheme in [3] operated in the log-spectral domain, rather than the
cepstral domain used for evrs. Moreover, a large number of additional approximations
are used in [3] to derive the vTs form. This includes ignoring correlations between time
instances and using the same Jacobian between time instances. This approximation
negates the advantages in accuracy of explicitly modelling distributions over a window
of features over standard vTs.

3.4 Computational cost

Compensation with extended vTs is more computationally expensive than vTs with
the continuous time approximation. This section examines the differences in detail.
The computational complexity per component will be expressed in terms of the size of
the static feature vector n (typically 13), the total width of the window e = 4w + 1
(typically 9), and the number of orders of statics and dynamics a4 (typically 3). Since
the calculation of the covariance matrices dominates the computation time, the analysis
will not explicitly consider the means.

VTS evTs
Statistics diag.  block-d. | striped full
Decoding diag.  block-d. | diag. full
Jacobians n3 en’
Compensation | d*n?  d%n? e’n? e’n?
Projection — d%ne?  dA’n2e?

Table 1 Computational complexity O (-) per component for compensation with
vTs and with extended vTs, for diagonal blocks and for full blocks.

Table 1 gives a comparison of the computational complexity for the three operations
that can be distinguished in extended vTs compensation. The first one is computing
the Jacobian of the mismatch function, which takes O (n3 ) Standard vTs compensa-
tion uses one linearisation point per component, and therefore needs to compute the
Jacobian only once. Extended vTs, however, uses a different linearisation point for all
e time offset in the window, and computes a Jacobian for each of these.

Compensation of the covariance matrix is done one n x n block at a time. The
expression for standard vTs is (repeated from (7b)):

I =) (-1 -] (28)

The expression for extended vTs compensation has the same form (but different vari-
ables) for each block of the covariance matrix. It has time complexity O (n?) if the
blocks for the noise X7, the clean speech X5 and the corrupted speech X7 are diago-
nal. For standard vTs, this happens when the covariances for statistics and decoding
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are all diagonal; for extended vTs, when covariances for statistics are striped, and for
decoding are diagonal. When either the statistics or compensation uses full covariance
matrices, then compensation takes O (n?). For vs, the d* blocks along the diagonal
are compensated; for extended vTs, for the % e(e+1) blocks in the extended covariance
matrix. The row labelled “Compensation” in table 1 summarises this.

Extended vTs projects the compensated distribution onto the standard feature space
with statics and dynamics. Since the projection matrix D is striped, computing one
entry of the resulting covariance matrix X§ = DZ;DT takes O (e?). For diagonal-
covariance decoding, d®n entries need to be computed; for full-covariance decoding,
ds%n2,

Thus for full-covariance compensation, the computational complexity of evTs is
significantly higher than standard vts. However, in practice per-Gaussian compensa-
tion is often too costly even when the standard version of vTs is used. Joint uncertainty
decoding (Jup) [16] attempts to address this by computing compensation per base class
rather than per Gaussian component. The choice for a number of base classes decides
the trade-off between speed and accuracy. evTs, and the other approximations dis-
cussed in the next section such as extended ppmc, can also be used within the jup
compensation framework. To apply these approaches to JuD statistics (as in section 4.1)
and compensation are computed per base-class. Appendix A discusses this process in
more detail.

Another important issue is the computational cost of decoding. If full-covariance
compensation is found, joint uncertainty decoding still compensates for changes in the
correlations by decoding with full covariance matrices. This is slow. Predictive linear
transformations [5] can solve this issue by applying transformation to the feature vec-
tors that eliminate the need to decode with full covariance matrices. Other predictive
transforms, such as predictive semi-tied covariance matrices trained from extended
vTs compensation, would also be possible. However, this paper concentrates on find-
ing accurate compensation per component.

3.5 Alternative extended approximations

The previous section has discussed the use of vTs to determine the extended distribu-
tion. Rather than approximating the mismatch function to find the corrupted speech
parameters analytically, it is also possible to use sampling approaches. This section
discusses two sampling methods: extended pPmc (epPMC), and the unscented trans-
formation. Both draw sample pairs, (xelk) pnelk) ), from the extended distributions of
the clean speech and additive noise. Each sample has a weight w(*) associated with
it. The total weight summed over all samples, w, is given by w = 5, w¥). The mis-
match function f for the static cepstral parameters in (2) is applied to each time offset
to yield an extended corrupted speech sample for y©(*):

s(k) s(k) _s(k)
() Ut—k1 f("t—kw"t—kwhs)
Yo = yi( )| = f(xi( ]»ni( ))hs) . (29)

s(k) s(k) s(k)
Yig f(xt+1>nt+1>hs)
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Maximum likelihood estimates of the extended corrupted speech parameters uj and
L7 can then be found based on these samples:

K
1
b= 3 wlyeto; (302)
k=1
1 T
I = (W Zw(k)ye(k) [ye(¥] ) — ujuﬁT- (30b)
k=1

The first method considered for choosing the samples is a Monte Carlo approach,
extended ppMc. Extended pPMC, eDPMC, is based on bpMc as described in section 2.2,
but it randomly draws samples x*(¥) and n¢*), with constant weights, from the ex-
tended distributions of the clean speech and additive noise. This procedure is slow, but
generates accurate compensation as the number of samples goes to infinity. This pa-
per uses eDPMC as a reference compensation method. Additional results using eppmc,
along with its application to jup and predictive transformations, are given in [20].

The second method of choosing the samples uses the unscented transformation [9].
This draws samples, called sigma points, deterministically. The samples and their weights
are chosen according to certain properties, for example, so that their sample mean and
covariance are equal to the distributions. The standard scheme for choosing samples
in [9] draws two symmetric samples around the mean for every dimension. The num-
ber of samples therefore scales linearly in the number of dimensions. The unscented
transformation has been applied to feature enhancement for noise compensation ear-
lier [19]. See appendix B for a discussion and preliminary results of model compensa-
tion with the unscented transformation.

4 Extended statistics

A practical issue when using evTs is the form of the statistics for the clean speech and
the noise. For standard vTs, the clean speech statistics are usually taken from the recog-
niser trained on clean speech and the noise model is usually estimated with maximum
likelihood estimation, as discussed in section 2.3. In contrast, evTs requires distribu-
tions over the extended clean speech and noise vectors. As these have more parameters
than standard statistics, robustness and storage requirements need to be carefully con-
sidered.

4.1 Clean speech statistics

Model compensation schemes, such as vTs, use the Gaussian components from the
uncompensated system as the clean speech distributions. For evTs, however, distri-
butions over the extended clean speech vector are required. For one extended clean
speech Gaussian NV (ug, Z2), the parameters are those in (23a)

s s s s
My ZX—IX—I fowo ZX—IX+1
e __ s . e __ s s s
u’x - uxo ) Zx - Zxox,] Z><o><0 Zxox> 1 . (31)
s

S S S
My ZX+1><71 z

X4+1X0 X4 1X41
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In common with standard model compensation schemes, when there is no noise the
compensated system should be the original clean system. To ensure that this is the case
single-pass retraining [6] should be used to obtain the extended clean speech distribu-
tions. Here the same posteriors (associated with the complete data set for Em) of the
last standard clean speech training iteration (with static and dynamic parameters) are
used to accumulate extended feature vectors around every time instance.

Another problem with using the extended statistics is ensuring robust estimation.
The extended feature vectors contain more parameters than the standard static and
dynamic ones. Hence, the estimates of their distributions will be less robust and take
up more memory. If full covariance matrices for X¢ are stored and used, both first-
and second-order dynamic parameters use window widths of +2, and there are n static
parameters, this requires estimating a 91 x 9n covariance matrix for every component.
This is memory-intensive and singular matrices and numerical accuracy problems can
occur. One solution is to reduce the number of Gaussian components or states in the
system. However, the precision of the speech model then decreases. Also, this makes
it hard to compare the performance of compensation with extended vTs and standard
VTS.

An alternative approach is to modify the structure of the covariance matrices, in the
same fashion as diagonalising the standard clean speech covariance model. To maintain
some level of inter-frame correlations, which may be useful for computing the dynamic
parameters, each block is diagonalised. This yields the following structure

diag (Z5 ) diag (Z5 ) diag (Z% )
e = | diag(Zs,, ,) diag(Z5 ,,) diag (ZiOX+1) . (32)

diag (Zi+1x 1 ) diag (Zi+1xo) diag (Z>5<+1X+1 )

For each Gaussian component, the ith element of the static coefficients for a time in-
stance is then assumed correlated with only itself and the ith element of other time
instances. This causes X¢ to have a striped structure with only 45n parameters rather
than 9n(9n + 1)/2 for the full case. This type of covariance matrix will be called
“striped”. A useful attribute of this structure is that when there is no noise it will still
yield the standard static and dynamic clean speech parameters.

4.2 Noise model estimation

A noise model with extended feature vectors is necessary to perform compensation
with extended vTs. This noise model is of the form M$ = {pu¢, X pt}, with param-
eters shown in (23). In this work, and the majority of other work, the noise model
consists of a single Gaussian component. The distribution for each time offset there-
fore is by definition the same. This means that the extended means for the additive
and convolutional noise simply repeat the static means. The structure of the extended
covariance X¢ is also known. Since the noise is assumed identically distributed for
all time instances at the same distance, the correlation between time instances is al-
ways the same. Thus, all diagonals of the covariance matrix repeat the same entries.

Let £} , X , X, indicate the cross-correlation between noise that is o, 1, or 2 time
instances apart. The extended noise model then has the following form:
T ¢sT
€ HE e Zf‘lo Zf‘” Z?‘l%— e HE
ua = [ M7 |5 =1 5,5 up =M1y |- (33)

[T I I 23 uh



14

In theory these noise parameters could be found using maximum likelihood estima-
tion. However, this complicates the noise estimation process. It would be preferable to
use the standard noise estimation schemes and map the parameters to the ones in the
extended forms above. These “standard” noise parameters are

_ M. _ |diag(Z) O : _ M

The extended noise means are straightforward functions of the static means of the
standard noise model (34). Similarly, Z{ , the covariance between noise O time in-
stances apart, is the static noise covariance X}. Computing the oft-diagonals of the
extended covariance, however, is not as straightforward. The next subsections will dis-
cuss two forms of extended noise covariance from the standard noise covariance: the
diagonal form, and a smooth reconstruction.

4.2.1 Diagonal extended noise covariance

A simple way of reconstructing the extended noise covariance from a standard noise
model assumes that the noise is uncorrelated between time instances. This is done by
setting the off-diagonal elements are set to zero, which yields

50 0
L=102x0]. (35)
0 0 IS

This only uses the static elements of the estimated noise covariance. For very low signal-
to-noise ratio (SNR) conditions this form of extended noise distribution will not yield
the standard noise distributions for the dynamic parameters.

4.2.2 Smooth reconstruction of the extended noise variance

Another option is to use the dynamic parameters of the noise model to find a recon-
struction of the extended noise covariance from (34). A problem is that the mapping
from the extended feature domain to statics and dynamics is straightforward, but the
reverse mapping is under-specified. The standard feature vector n. is related to one in
the extended domain n§ (analogously to (17)):

] _[0 10] | ‘
ng = A =l 1 0 1 ny = Dn;§. (36)
¢ 2724 | ng

To reconstruct n§ from mny, extra constraints are necessary as D is not square, and
therefore not invertible. These constraints should yield an extended feature vector that
represents a plausible sequence of static feature vectors. The Moore-Penrose pseudo-
inverse of D could be used. However, this would result in the n§{ with the smallest
norm. For the three-dimensional example used here, the reconstruction would set
n{_; = —Mng ,; without any reference to the value of the static coefficients n$. Thus,
the Moore-Penrose pseudoinverse might lead to reconstructions with large changes in
coeflicients from one time to the next.
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The need for smooth changes from time instance to time instance can be used as
additional constraints. Thus the aim is to find a smooth reconstruction whilst satisfying
the constraints to yield the standard static and dynamic distributions. To implement
this constraint rows representing higher-frequency changes are added to D and zeros
added to n, to indicate their desired values. The extension of the projection matrix D,
E, can then be made invertible. Thus

n n
nd | =Eng; E7' [ ng | =ng. (37)
0 0

For the extra rows of E, the corresponding rows from the discrete cosine transform
(DcT) matrix are appropriate, since they indicate higher-order frequencies and are in-
dependent. The entries of a N x N pcT matrix C are given by

Cij = \/gcos W (38)

The form of E, D with pcT-derived blocks appended, is:

0 I 0
_ I 1
E=| -2 0 3 |- (39)

C31 I 0321 C331

Because the dynamic mean of the additive noise is zero, E! 1, is equal to the extended
mean in (33) (and similar for the convolutional noise). To reconstruct the extended co-
variance X% from a standard noise model, the cross-covariance between statics and dy-
namics can be ignored, and the higher-order covariance terms set to zero. This results
in the following expression:
s s sT gsT
R e e (40)
n n nj no “ny ’
0 I, &, I,

which is a system with 3 sets of matrix equalities, which can be simply solved.* In this
work, the estimated noise covariance matrix X, is diagonal, so that £3 , X7 2% are
also diagonal. This results in a striped matrix for X}.

4.2.3 Zeros in the noise variance estimate

An additional issue that can occur when estimating the noise model using maximum
likelihood, is that noise variances estimates for some dimensions can become very
small, or zero. Though this value may optimise the likelihood, it does not necessarily
reflect the “true” noise variance. This can lead to the following problem in compensa-
tion.

One problem for the small noise variance estimates is that the clean speech “silence”
models are never really estimated on silence. In practice even for clean speech there are
always low levels of background noise. Thus the estimated noise is really only relative
to this clean background level. At very high sNRs the noise may be at a similar level to

#This implicitly sets 23, | to X5.
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the clean “silence”. This will cause very small noise variance values. Another problem
results from the form of the covariance matrix compensation. For the static parameters
this may be written as (repeated from (7b))

=)+ (- NI - (41)

Atlow sNrs ] — 0, so the corrupted distribution tends to the noise distribution. Con-
versely, at high sNrs ] — T as the corrupted speech distribution tends to the clean
speech distribution. The impact of this when estimating the noise covariance matrix
X? in high sNR conditions is that changes in the form of the noise covariance matrix
have little impact on the final compensated distribution.

When vTs with the continuous time approximation, along with diagonal corrupted
speech covariance matrices, is used during both noise estimation and recognition then
the process is self-consistent. However if the noise estimates are used with evTs to find
full compensated covariance matrices this is not the case. This slight mismatch can
cause problems. To address this issue a back-off strategy can be used. When the esti-
mated noise variance has very low values rather than using full compensated covari-
ance matrices, diagonal compensated variances can be used. This will occur at high
SNRs, where the correlation changes compared to the clean speech conditions should
be minimal. In this condition little gain is expected from full compensated covariance
matrices.

An alternative approach to address this problem is to make the noise estimation and
decoding consistent for evTs. This is not investigated in this work. By using the same
noise estimates for both vTs and evTs, only differences in the compensation process
are examined, rather than any differences in the noise estimation process. It should
be emphasised that the results presented for evTs may a slight underestimate of the
possible performance if a fully integrated noise estimate was used. Integrated noise
estimation with evTs will be investigated in future work using for example the approach
described in [11]. Here the joint distribution of the corrupted speech and extended
noise is modelled using a Gaussian, and EM used to find the extended noise distribution.

5 Preliminary experiments

Preliminary experiments were run to assess the potential of various techniques dis-
cussed in precious section. For these experiments a noise corrupted version of the Re-
source Management task was used. The task and form of noise added will be discussed
in greater detail in section 6.2. Noise was artificially added to the clean speech data.
Hence it is possible to obtain the “correct” noise distribution, for both the standard
and extended feature vector cases. This known noise situation allows both the accuracy
of the compensation scheme to be compared to the ideal, single pass retrained, sys-
tem [6], as well as the impact of varying the structure and approximations of the noise
covariance matrix to be investigated.

5.1 Relationship to ideal compensation

It is usual to evaluation the performance of compensation methods by comparing word
error rates. However, this does not allow a detailed assessment of which aspects of the
compensation process are working well and which poorly. An alternative approach to
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assessing the quality of model-based compensation schemes is to examine how close
the compensated system is to the ideal single-pass retrained system. The Gaussian com-
ponents in a single-pass-retrained system are estimated using noise-corrupted speech
data and the component posteriors (associated with the complete data set) from the
clean training data. This may be viewed as an ideal compensation scheme as the cor-
rupted speech distributions are directly based on corrupting the clean speech data us-
ing noise and the static mismatch function. It is then possible to examine how closely
the compensation Gaussians are to those in the single-pass retrained system. A useful
comparison metric for this is the occupancy-weighted average of the component-for-
component Kullback-Leibler (kL) divergence of the compensated system to the single-
pass retrained system [6]. If p(™) is the mth Gaussian of the single-pass retrained
system, and q(™) is the corresponding Gaussian of the compensated system, then this
metric D is

D:Zy(m)]CL(p(m)Hq(m))/Zy(m)‘ (42)

where y(™) is the occupancy of component m in the last training iteration, for both
the compensated and the single-pass retrained system.

A useful attribute of this form of metric is that, depending on the structure of the
covariance matrices, it is possible to assess the compensation per coefficient or block
of coeflicients. When diagonal covariance matrices are used, each dimension may be
considered separately. This allows the accuracy of the compensation scheme to be as-
sessed for each dimension. Similarly, block-diagonal compensation can be examined
per block of coefficients.

For these experiments the noise was scaled to yield an sNr of 20dB. As the noise
is known it is possible to build extended noise models of any covariance structure.
For these experiments full covariance matrices were used for the extended statistics
in evrts. For vrs the standard diagonal noise models were used.> To ensure robust
extended clean speech statistics only single component distributions were used for the
clean speech models (compared to the more standard six components in section 4.1).

5.1.1 Diagonal compensation

Normally compensated diagonal-covariance matrices are used in vTs. Thus it is inter-
esting to initially examine this configuration. Using diagonal covariance matrices also
allows each dimension to be assessed. Figure 1 contrasts the accuracy of an uncompen-
sated system, and three forms of compensation: standard vTs, extended vTs, and, as an
indicator of maximum possible performance, extended ppmc. The horizontal axis has
the feature dimensions: 13 static MECCs Y®, 13 first-order dynamics Yy, and 13 second-
order dynamics yAz. As expected, the uncompensated system is furthest away from
the single-pass retrained system, and extended bpMc provides the most accurate com-
pensation given the speech and noise models. The difference between standard vTs
and extended vTs is interesting. By definition, both yield the same compensation for
the statics. For the dynamics, however, the continuous time approximation does not
consistently decrease the distance to the single-pass retrained system. Extended vTs,
though not as accurate as extended bpMc, provides a substantial improvement over
standard vTs.

>Similar trends were observed when striped noise statistics, consistent with diagonal standard noise
models for vTs, were used for evTs.
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Figure 1 Average Kullback-Leibler divergence between compensated systems and
a single-pass retrained (ideal) system.

5.1.2 Block-diagonal compensation

The previous section used diagonal covariance matrices. To compensate for changing
correlations under noise more complex covariance matrix structures, such as full or
block-diagonal, may be useful. Both vTs with the continuous time approximation, and
evTs, can also be used to generate block-diagonal covariance matrices for the output
distributions. For this block diagonal case the corrupted speech covariance matrix will
have the form (repeated from (11))

zy O } (43)

Zy:[oze

The KL divergence to a single-pass retrained system at the block level can then be used.
This allows the compensation of each of the following blocks of features to be individ-
ually assessed: the statics, and first- and second-order dynamics. vTs compensation
uses block-diagonal statistics for both the clean speech and noise models. For evTs the
extended statistics all have full covariance matrices.

] Compensation \ — VTS €VTS eDPMC ‘
y® 423 0.9 0.9 0.9
yA 2.5 1.6 0.8 0.5
yAz 2.4 2.0 0.7 0.5

Table 2 rRM task: average KL divergence to a block-diagonal single-pass retrained
system for vTs (continuous time), evTs and DPMC at 20dB SNR.

Table 2 shows the average KL divergence between a system compensated with block-
diagonal vTs with the continuous time approximation and the block-diagonal spr sys-
tem. vTs finds compensated parameters close to the SPR system for the static features:
the xL divergence goes from 42.3 to 0.9. However, the dynamic parameters are not
compensated as accurately. Both the delta and delta-delta parameters are only slightly
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closer to the sPR system than the uncompensated model set (2.4 to 2.0 for the delta-
deltas). Similarly to diagonal compensation (see figure 1), with block-diagonal covari-
ances standard vTs finds good compensation for the static parameters, but not for the
deltas and delta-deltas.

evTs has the same compensation as standard vTs for the statics. As in the diagonal-
covariance case, however, for dynamic parameters compensation it is more accurate.
It does yield a clear improvement over the uncompensated system (2.4 to 0.7 for the
delta-deltas) and is close to eppMmc, which in the limit yields the best obtainable com-
pensation.

5.2 Extended noise reconstruction

In practice labelled, sufficient, samples of the noise may not always be available to
estimate the noise model. As discussed in section 4.2 when using the standard mL-
estimated noise models there are two approaches to mapping the noise model param-
eters to the extended noise model parameters: one with a diagonal covariance matrix
for the additive noise, and one with a smoothly reconstructed matrix. This section con-
trasts the performance of the two. The standard noise model parameters can either be
derived from the actual noise data, the known case, or using ML-estimation, estimated.
In this section the noise added to the RM task was scaled to yield 14dB sNr. Six Gaussian
components per state clean speech models were used with striped covariance matrices.

diag. X, full X,
X diag smth | diag smth
known 16.4 15.9 16.0 15.2

estimated | 12.0 12.5 | 11.2 12.0

Table 3 Resource Management task: word error rates for reconstructing an ex-
tended noise model at 14 dB SNR.

The top row of table 3 compares diagonal and smoothed reconstructions of the
extended noise when the standard noise model is estimated on the actual data. For
diagonal-covariance and full-covariance compensation, smoothing results in 0.6 % and
0.8 % absolute improvement in the word error rate. However when the standard noise
model parameters are estimated in an ML-fashion, the second line in table 3, the smooth-
ing process degraded performance.

This degradation from the use of smoothing when using ML-estimated noise pa-
rameters is because of the nature of the ML-estimates. For the smoothing process it is
assumed that there is some true underlying sequence of noise samples that yields the
standard noise model parameters. This is guaranteed to be true for the known noise sit-
uation. However this is not necessarily the case for the estimated noise. The dynamics
noise parameters are estimated using the continuous time approximation. There are no
constraints that the estimates reflect a “true” sequence of noise samples. Thus by “im-
proving” the extended noise covariance matrix using the smoothing approach, where
relationships in the noise sample sequence are assumed, may not be helpful. The ex-
periments in section 6 will therefore use the diagonal reconstruction for the extended
noise distribution.
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6 Experiments

The performance of extended vTs was examined on three tasks. Two used artificial
noise, and are therefore useful to test the noise estimation and behaviour at various
signal-to-noise ratios. AURORA 2 [8] is a well-known digit recognition task with arti-
ficial noise. The second task is the Resource Management [18] corpus artificially cor-
rupted with No1SEX data [21]. The final task used real, in-car recorded data collected by
Toshiba Research Europe. Results on this task can give insight in performance when
other effects, such as the Lombard effect, may impact performance.

For all tasks, “clean” training data was used to train the speech models. 39-dimensional
feature vectors were used: 12 MFccs and the zeroth coeflicient, augmented with deltas
and delta-deltas. Unless indicated otherwise, the Mrccs were found with HTK [23] and
the deltas and delta-deltas were computed over a window of 2 observations left and
2 right, making the total window width 9.

Unlike results in the previous section, for all tasks the noise models were estimated,
finding the maximum likelihood noise model [14], as described in section 2.3, for com-
pensating a clean system with vTs and the continuous time approximation. The initial
noise model’s Gaussian for the additive noise was the maximum-likelihood estimate
from the first 20 and last 20 frames of the utterance, which were assumed to contain
no speech. The initial convolutional noise estimate was 0. Given this initial noise es-
timate for an utterance, a recognition hypothesis was found. This was used to find
component-time posteriors. Then, the noise means and the additive noise covariance
were re-estimated. For evTs the extended noise model was reconstructed from the
standard noise model with diagonal covariance, as described in section 4.2.1.

6.1 AURORA task

AURORA 2 is a small vocabulary digit string recognition task [8]. Utterances are one
to seven digits long and based on the TIpIGITS database with noise artificially added.
The clean speech training data comprises 8440 utterances from 55 male and 55 female
speakers. The test data is split into three sections. Test set A comprises 4 noise con-
ditions: subway, babble, car and exhibition hall. Matched training data is available for
these test conditions, but not used in this work. Test set B comprises 4 different noise
conditions. For both test set A and B the noise was scaled and added to the waveforms.
For the two noise conditions in test set C convolutional noise was also added. Each of
the conditions has a test set of 1001 sentences with 52 male and 52 female speakers.

The feature vectors were extracted with the ETs1 front-end [8]. The delta and delta-
delta coeflicients used 2 and 3 frames left and right, respectively, for a total window of
11 frames. The acoustic models were 16 emitting state whole word digit models, with 3
mixtures per state and silence. Since for this task the noise estimates did not contain
zero elements in the variance, the back-off strategy for the noise estimate discussed in
section 4.2.3 was not necessary.

Table 4 shows results for compensation with vTs with the continuous time approx-
imation and evTs. Both diagonal and block-diagonal forms of vTs were used. vts with
diagonal compensation (trained on diagonal speech statistics) is the standard method.
Results for this are shown in the first three columns of table 4 and are treated as the
baseline performance figures. vTs can also be used to produce block-diagonal covari-
ance matrices. With diagonal-covariance clean speech statistics (not in the table), this
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Scheme VTS evTs
Compensation diagonal block-diagonal full
SNR A B C A B C A B C

00 28.2 26.2 25.9 | 24.3 22,9 23.6 | 23.5 24.3 22.6

05 10.5 9.3 9.9 8.2 7.9 8.2 7.1 7.2 6.9

10 4.3 3.9 4.4 3.3 3.2 3.4 2.5 2.4 2.8

15 2.2 2.2 2.3 1.9 1.8 1.8 1.2 1.2 1.4

20 1.6 1.4 1.6 1.3 1.2 1.2 0.8 0.7 1.0

Avg. 9.4 8.6 8.8 7.8 7.4 7.7 7.0 7.2 6.9

Table 4 AURORA: diagonal compensation with standard vTs and full compensa-
tion with extended VTS.

yielded no performance gain. However performance gains were obtained when us-
ing block-diagonal clean-speech models. The results for this are shown in the middle
three columns of table 4. Compared to the standard diagonal vTs scheme, this gave,
for example, relative reductions in word error rate of 15 % to 22 % at 5dB sNR.

The results for evTs are shown in the last three columns of table 4. Here full co-
variance matrix extended clean speech models were used to produce compensated full
covariance matrices for decoding. The improved compensation for dynamics causes
extended vTs to perform better than to block-diagonal standard vts in all but one
noise conditions. At 5 dB again, relative improvements are an extra 3 % to 10 %.

The results presented here used the simple AURORA back-end. Large gains over
the standard vTs approach (similar results for vTs are given in [12]) were obtained. Us-
ing the simple back-end recogniser, rather than one with more Gaussian components
per state, has ensured that block-diagonal and full covariance matrix clean speech mod-
els can be robustly used. Though not always practical this indicates the possible gains
from schemes such as evTs on a standard task.

6.2 Resource Management task

The Resource Management task is a medium-vocabulary task, with a 1000-word vocab-
ulary. A noise corrupted version of the this task was generated by adding Operations
Room noise from the NOISEX-92 database scaled to yield sNRs of 20 dB and 14 dB. The
training data contains 109 speakers reading 3990 sentences, 3.8 hours of data. State-
clustered cross-word triphone models with 6 components per mixture were built using
the HTK RM recipe. For this work the noise model was estimated per speaker. As in
the AURORA 2 task, the noise covariance estimate did not contain any zero entries, so
back-off as discussed in section 4.2.3 was not necessary. The number of samples per
distribution for extended pPMC was set to 10 000 (performance did not improve with
additional samples). All results are averaged over three of the four available test sets,
Feb89, Oct89, and Feboy, a total of 30 test speakers and goo utterances.

Table 5 shows contrasts between compensation with standard vts and with ex-
tended feature vectors using either evTs or eppmc. The results in the first row are from
the standard scheme, diagonal-covariance compensation with vTs. Block-diagonal
compensation with standard vTs was also implemented and, as in the AURORA task,
block-diagonal clean speech statistics were used. The results for this approach are in
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] Scheme X, xe Decoding \ 20dB  14dB ‘
diag — diag 6.8 13.7
VTS block — block 7.0 14.2
VTS o triped diag 6.2 12.0
¢ stripe full 6.3 11.2
. diag 6.3 11.8
eDPMC =~ — striped full 6.0 1o

Table 5 Resource Management task: word error rates for standard vTs, extended
vTS and extended bPMC.

the second row. In contrast to the AURORA task, the use of the block-diagonal com-
pensation with vts degraded performance, for example 13.7 % to 14.2 % at 14 dB. This
difference in performance between the tasks is felt to be because of the additional com-
plexity of the RM task compared to AURORA.

For the extended systems evTs and epPMC, the extended clean speech statistics were
striped (as discussed in section 4.1) for robustness. Compensation with evTs (shown
in the middle two rows of the table) yielded better performance than standard vTs
for both diagonal and full compensated covariance matrices. For diagonal-covariance
compensation, the relative improvement is around 10 % (6.8 to 6.2 %; 13.7 to 12.0 %)
over standard vrs. Though at the higher sNr condition, 20 dB, full-covariance com-
pensation did not make any difference in performance,® gains were observed at 14 dB
SNR. At 14 dB full-covariance compensation produces an 11.2 % word error rate, which
is a 20 % relative improvement from standard vTs, and 7% relative gain compared to
the diagonal case.

In addition table 5 shows the performance of eppmc, which in the limit can be
viewed as the “optimal” compensation scheme. The results for this approach are shown
in the bottom two rows of table 5. When compared with eppmc, the first-order ap-
proximation in evTs degrades performance by at most 0.3 % absolute. However, evTs
is significantly faster than eppmc.

6.3 Toshiba in-car task

Experiments were also run on a task with real recorded noise: the Toshiba in-car database.
This is a corpus collected by Toshiba Research Europe Limited’s Cambridge Research
Laboratory. It comprises a set of small/medium sized tasks with noisy speech collected
in an office and in vehicles driving at various conditions. This work used three of the
test sets containing digit sequences (phone numbers) recorded in a car with a micro-
phone mounted on the rear-view mirror. The ENON set, which consists of 835 utter-
ances, was recorded with the engine idle, and has a 35 dB average signal-to-noise ratio.
The cITY set, which consists of 862 utterances, was recorded driving in the city, and has
a 25 dB average signal-to-noise ratio. The HwY set, which consists of 887 utterances,
was recorded on the highway, and has a 18 dB average signal-to-noise ratio. The clean
speech models were trained on the Wall Street Journal corpus, based on the system
described in [16], but the number of states was reduced to about 650, more appropri-
ate for an embedded system. The acoustic models used were decision tree clustered

SThe difference between diagonal and full evTs, 6.249 % and 6.262 %, is only one word.
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state, cross-word triphones, with three emitting states per HMM, twelve components
per oMM and diagonal covariance matrices. The number of components was about
7800. For the evTs scheme extended clean speech statistics were again striped for ro-
bustness. The language model was an open digit loop. In the noise estimation stage,
the noise model was re-estimated twice on a new hypothesis.

ENON CITY HWY

Scheme Decoding | 35dB  25dB 18dB
VTS diag 1.2 2.5 3.2
diag 1.1 2.4 2.8

T

evrs full 1.7 2.5 2.4
evTs back-off 1.1 2.2 2.4

% utterances 87 % 38 % 11%

Table 6 Extended vrs on the Toshiba in-car task.

Table 6 shows results on the Toshiba task. The top row contains word error rates
for the standard compensation method: vTs trained on diagonal speech statistics. The
performance of evTs using diagonal covariance matrices is shown in the second row.
Again evTs shows gains over VTS, especially at the lowest sNR condition, HwY. In the
HWY condition about a 12% relative reduction in error rate was obtained.

Initially full-covariance matrix compensation with evTs was evaluated without the
use of the back-off scheme described in section 4.2.3. Using evTs with full-covariance
decoding yielded additional gains compared to diagonal compensation at low SNRs
(2.8% to 2.4 %). However the performance was degraded at higher sNr conditions,
for example ENON where performance was degraded from 1.1 % to 1.7 %.

In contrast to the previous tasks, at high sNrs there were found to be zeros in the
noise variance estimate. The back-off scheme, labelled “evTs back-oft” in table 6, was
therefore used. Here diagonal covariance matrix compensation was used if any noise
variance estimate fell below 0.05 times the variance floor used for clean speech model
training (results were consistent over a range of values from 0.0 to 0.1). The bottom line
in table 6 shows the percentage of utterances for each of the task where the system was
backed off to diagonal covariance matrix compensation. As expected the percentage at
high sNRs, 87%, was far higher than at lower sNRs, 11%. Using this back-oft approach
gave consistent gains over using either diagonal or full compensation evTs alone. Note
as the back-oft is based on the ML-estimated noise variances it is fully automated. Com-
pared to standard vTs, evTs with back-off gave relative reductions of 25% in the HwWY
condition, 12% in CITY, and 8% in ENON.

7 Conclusion

A popular form of model-based compensation schemes to handle changes in back-
ground noise is vTs. In order to achieve the best performance it is necessary to com-
pensate all the model parameters to reflect the impact of the background noise on the
speech. Though it is easy to define a mismatch function for the static parameters, it is
non-trivial to specify one for the dynamic parameters. To address this the continuous
time approximation is often used. This paper has introduced an alternative, more accu-
rate, approximation, extended vTs (evTs). Here the distribution over dynamic param-
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eters is computed based on a linear transformation of a window of static parameters.
By using this more accurate dynamic parameter compensation scheme it is possible to
use more complex covariance matrices in the compensated system. Computing full-
covariance matrix compensation is more sensitive to approximations of the mismatch
function. evTs allows accurate full covariance matrices to be generated from the com-
pensation process. This enables the acoustic models to better reflect any changes in the
correlation in the feature space that result from the varying noise conditions.

The new method was tested on AURORA 2, a noise-corrupted Resource Management
task, and a Toshiba in-car corpus. With a noise model estimated with maximum likeli-
hood training for standard vTs, extended vTs obtained about 10 % relative reduction in
error rate over standard vTs for diagonal compensation at higher signal-to-noise ratios,
and about 20 % for full-covariance compensation at lower signal-to-noise ratios.

Though evTs yields reductions in word error rate with full covariance matrices,
there are a number of refinements that can be implemented. First to address the com-
putational cost, JuD or predictive approaches can be used. The current implementa-
tion of evTs uses noise model estimates based on vTs with the standard continuous
time approximation. Improved performance may be obtained by using noise estimates
based on evTs. Also, canonical model parameters could be estimated with adaptive
training, similar to [10]. Finally, improved efficient approximations, for example using
unscented transformations, may also be used. In initial experiments this was found to
yield gains with evTs-style approaches. All these approaches will be examined in future
work.

A Joint uncertainty decoding with extended vTs

Joint uncertainty decoding (yup) [13] is a model compensation method that models the
relation between the clean speech and the noise with a jointly Gaussian distribution per
base class. If the joint distribution for a base class is

X M Zx Z><
~ N ) Y )
{y] <L‘y] {Zyx Zy}) (49
then the Jup compensation for component m in that base class is of the form
P (ylm) = JAIN (Ay + b3 ™ | E™ 4+ o) (45)

In this expression, A, b, and X, are functions of the joint distribution in (44).

The per-base class joint distribution can be computed by applying a model compen-
sation method. x ~ NV (u, X,) can be set to the overall Gaussian of the base class. The
model compensation method can be used straightforwardly to find y ~ NV (p,, Z,).
For vTs compensation, the expression is exactly (11). However, a model compensation
method needs an addendum to find the cross-covariance Z. (X, = Z;,rx, as the joint
distribution’s covariance matrix is symmetric.) For vTs, the addendum for computing
the cross-covariance is given in [14, 22].

Computing the joint distribution in (44) for a base class with extended vTs starts
by computing the joint distribution of the extended clean and corrupted speech

x¢] (el [E2 It
MR HREED o)
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A distribution for the extended clean speech for a base class x® ~ A/ (u¢, X¢) can be
found from a model set over extended feature vectors. From that distribution, y¢ ~
N ( uy, Zf,) can be found in the same way as normal extended vTs does, in (25). That
leaves the cross-covariance X{, to be computed. ¢, hasa structure (analogous to (19)):

S S S
ZY—IX—I nyxxo ZY—IX+]
e __ S S S
ZYX - ZYOX—1 Zyo><o Zyox+1 . (47)
ZS S S
Y+1X—1 Y+1Xo0 Y+1X41

The blocks of this can each be found analogously to (25). For example, noting that the
clean speech and the noise are assumed independent,

25 = ST e — 1y )y — 1))
= e (ot —wz,) + (T Jo)mg —w3,)) (xiy — 2, )"}
= e{Jolt — 3, )0y — w207
=JoXipx,y- (48)

These form the blocks of the cross-covariance X¢

v Which completes the estimation the
extended joint distribution (46).

As an aside, the extended joint distribution can also be generated with extended
DPMC [20]. The natural extension of extended bpMC to joint uncertainty decoding es-
timates the complete joint distribution and implicitly includes the cross-covariance.
Extended ppMcC (see section 3.5) draws a sample x*(*) from the extended clean speech
distribution and one n*®) from the extended additive noise distribution, and com-
bines them to produce a corrupted speech sample y*(*). Maximum likelihood estima-
tion then finds the compensated distribution from the corrupted speech samples y¢(*)

only. The straightforward extension to finding the joint distribution is to train it on
xe(k)
joint samples [ye(k) . The extended joint distribution that results implicitly includes

the cross-correlation.

The next step is to transform the joint distribution over extended feature vectors,
whether generated with extended vTs or extended pPMC, into the standard domain.
A joint feature vector of the extended clean speech and the extended noise-corrupted
speech can be converted to a feature vector with statics and dynamics with

e lenl ) <49>
Yy 0D][v°
Therefore, the same transformation can be applied to the distribution in (46):
e epnT e T
(e e vor ).

so that the parameters of the standard-domain joint distribution in (44) are

u, = Dug; uy = Dpg; (512)

I, =DI:DT; L, =DI:DT; r,=DxsD". (51b)

Given these parameters per base class, decoding uses the same form as standard joint
uncertainty decoding, in (45).
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B Unscented transformation

Approximations like the vector Taylor series one or DPMC are necessary for noise com-
pensation because the exact parameters of the clean speech distribution are found by:

ply) = ”f (x,1, 1) p (1) p (x)dndx. (52)

Since the mismatch function f is non-linear, the distribution of the noise-corrupted
speech is non-Gaussian. vTs linearises the mismatch function so that the corrupted
speech becomes Gaussian. It is also possible to approximate distributions p (n) and
P (x) in (52). The unscented transformation [9] uses the intuition that “it is easier to
approximate a probability distribution than it is to approximate an arbitrary non-linear
function or transformation”.

This method chooses a set of samples, called sigma points, that represent the distri-
bution of the inputs to the function. The samples are chosen to exhibit certain proper-
ties, such as having the correct sample mean and covariance of the distribution. They
are usually points on a covariance contour. The function is applied to each of these
points, and the statistics of the outputs give an estimate of the parameters of the cor-
rupted speech distribution.

This is similar to Monte Carlo methods such as bPMc (see section 2.2), but there are
several differences. First, the choice of the sigma points is deterministic. Second, the
weights applied to points are not necessarily in the interval [0, 1]. Negative weights are
possible, and indeed occur in may cases. Third, the number of samples by definition
grows linearly in the number of dimensions.

The statistics of the outputs are weighted versions of DPMC’s in (14). If w(k) js the
weight of the kth sample, let the total weight be w = Y, w(¥). Calling the input
sample z(¥), the corresponding output is

0l = f (z19). (53)

The mean and the covariance of the output become

1
Mo = — ;W‘k)o(k); (542)

1
(k) A (K) [ (k)
X, = (w Ek w! oK plk)] ) Uolty - (54b)

One option for selecting samples that has the same sample mean and variance as a
Gaussian NV (p,, ) is to generate samples on a covariance contour. If z has d dimen-
sions, generate d pairs of symmetric samples

20 =, + (VAT,) s (s52)
T

(4 =, — (\dL,), (s5b)

1

where /X, is the matrix squared root of X, (for example, the Choleski decomposi-
tion), and (~)iT denotes the transpose of the ith row. The weights w(k) = 1 of these
samples are all set equal. It is also possible to augment this set with the actual mean
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and adjust the other samples and the weights. For example, setting the weight of the
mean to w(®) =24 — %dz matches some of the fourth-order moments [9]. Note that
for more than 3 dimensions this weight is negative.

The unscented transformation has been applied to noise-robustness in speech recog-
nition before [19]. This was done at the front-end. The joint distribution was found with
unscented transformation, with the source vector composed of static coefficients of the
clean speech and the additive noise:

LS wl [0
== [w] v (][5 2]) 5

Here, N (13, £3) gives the clean speech distribution for the front-end component, and
N (18, 3) the distribution of the additive noise. The unscented transformation gener-
ated transformed samples to estimate a component of joint distribution over the clean
speech x® and the corrupted speech y*. Each feature vector y* was then transformed
into a minimum mean square error estimate of the clean speech. Only then were dy-
namic coefficients added to the feature vector.

To apply the unscented transformation in the model space, the dynamic parame-
ters need to be compensated explicitly. This can be done with extended feature vectors,
by estimating an extended distribution and converting it to a distribution of statics and
dynamics. This is similar to extended pPMC, but the samples are drawn deterministi-
cally. The source vector is composed of extended feature vectors of the clean speech

and the additive noise:
el (me] [z o
=[] (L] 5 2]) &

Through the unscented transformation, an extended noise-corrupted speech distribu-
tion is then acquired, which is converted to standard-domain parameters with (18).

B.1 Preliminary results

Preliminary experiments using the unscented transformation on extended feature vec-
tors were performed on the Resource Management task discussed in section 6.2. The
system used one component per state to guarantee robustness. The clean speech statis-
tics had full covariance. The noise model was trained on the known noise and had a
full-covariance additive noise model.

The sigma points for the unscented transformation were chosen as in (55). Adding
the mean to capture fourth-order moments was also tried. However, because of the
high dimensionality of twice 117 (13 Mrccs and 9 frames in a window) for the sources,
the weight for the mean became negative and large, and the other sample points were
on a very tight covariance contour. This led to invertibility problems with the resulting
corrupted speech matrix. Therefore, only points on the covariance contour were used,
asin (55).

Table 7 contains word error rates comparing the extended versions of vTs, bpPMC,
and unscented transformation. When decoding uses diagonal covariances, the full
Monte Carlo method, extended ppmc, performs best. The unscented transformation
attains performance similar to extended vTs, and 0.4 % absolute worse than extended
ppMmc. However, when full covariances are used in decoding, compensation with the
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Known 20 dB Known 14 dB
Decoding Decoding
Scheme diag full diag full
evTs 126% 11.3% 21.8% 18.8%
eDPMC 12.4% 10.0% 21.4% 18.4%
euT 12.8 % 9.4% 21.8% 16.7%

Table 7 Resource Management: word error rates for compensation with the un-
scented transformation with extended feature vectors compared with evTs and
eDPMC.

unscented transformation outperforms extended ppmc by 0.6 % and 1.7 % absolute.
The same trends are visible on results (not shown in the table) on a 6-component sys-
tem. This is surprising, because extended DPMC generates 10 000 (albeit random) sam-
ples, wheres the unscented transformation generates 13 x 9 x 2 x 2 = 468. It is
conjectured that the unscented transformation is biased towards compensation that
allows for more discrimination. However, more research is needed.
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