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Abstract

Acoustic mismatch between the training and recognition con-
ditions presents one of the serious challenges faced by speaker
recognition researchers today. The goal of channel compensa-
tion is to achieve performance approaching that of a “matched
condition” system while avoiding the need for a large amount
of training data. It is important to ensure that the channel com-
pensation algorithms in these systems compensate the channel
variation instead of speaker variation. This paper addresses
the problem of unsupervised compensation in which the fea-
tures of a test utterance are transformed to fit the clean speaker
model and gender-dependent background model. Specifically, a
feature-based transformation is estimated based on the statisti-
cal difference between a test utterance and a composite acoustic
model formed by combining the speaker and background mod-
els. By transforming the features to fit both models, the trans-
formation is implicitly constrained. Experimental results based
on the 2001 NIST evaluation set show that the proposed trans-
formation approach achieves significant improvement in both
equal error rate and minimum detection cost as compared to
cepstral mean subtraction, Znorm and short-time Gaussianiza-
tion.
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1. Introduction
The accuracy of speaker recognition systems that enroll client
speakers under one acoustic environment (e.g. using a close-
talk microphone in offices) but verify claimants under another
environment (e.g. using mobile phones on the street) could be
significantly lower than the ones that enroll and verify speakers
under the same environment. This is mainly due to the acous-
tic mismatch between the training and recognition conditions,
which presents one of the serious challenges faced by speaker
recognition researchers today. One cause of the mismatched
conditions is transducer variability. Transducer variability oc-
curs when a system is trained with speech data obtained from
one type of transducer and is subsequently tested on speech data
recorded from other types of transducers. The goal of channel
compensation is to achieve performance approaching that of a
“matched condition” system while avoiding the need for a large
amount of training data.

Channel compensation can be applied in feature space,
model space or score space. Feature-based compensation [1],
[2] transforms channel-distorted speech features to fit clean
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speaker models, whereas model-based compensation [3], [4]
adapts or transforms the parameters of clean models to fit a new
acoustic environment. On the other hand, score-based compen-
sation [5] aims to minimize environment-dependent bias by nor-
malizing the distribution of speaker scores.

Channel compensation can also be supervised or unsuper-
vised. Supervised compensation assumes that the channel or
handset characteristics are known a priori. Therefore, channel-
specific compensation can be derived before recognition takes
place. If handset labels are available during recognition, the
corresponding channel-specific compensation can be applied to
reduce the mismatch effect. Alternatively, one can detect the
handset label from the speech signal during verification [2].
However, this approach may not be practical because users may
use a new handset, which is not well represented in the train-
ing set, during verification. While this problem can be partially
resolved by using a handset classifier with out-of-handset re-
jection capability [6, 7], it is difficult to find a threshold for
detecting unseen handsets. On the other hand, unsupervised
compensation does not assume any knowledge of the channel
characteristics. In particular, it adapts speaker models or trans-
forms speaker features to accommodate the channel variation
based on verification utterances only. Therefore, handset detec-
tors are no longer required.

In speaker verification, it is important to ensure that chan-
nel variations are suppressed so that the interspeaker distinc-
tion can be enhanced. In particular, given a claimant’s utterance
recorded in an environment different from that during enroll-
ment, one aims to transform the features of the utterance so
that they become compatible with the enrollment environment.
Therefore, it is not appropriate to transform the claimant’s utter-
ance either to fit the speaker model only or to fit the background
model only because the former will result in an unacceptably
high FAR (false acceptance rate) and the latter an excessive
FRR (false rejection rate). This paper describes a feature-based
blind transformation approach to solving this problem. Specif-
ically, a feature-based transformation is estimated based on the
statistical difference between a test utterance and a composite
acoustic model formed by combining the speaker and back-
ground models. The transformation is then used to transform
the test utterance before verification. The transformation is
blind in that it compensates the handset distortion without a pri-
ori information about the handset’s characteristics. Hereafter,
this transformation approach is referred to as blind stochastic
feature transformation (BSFT).



2. Blind Stochastic Feature Transformation
Figure 1 illustrates a speaker verification system with BSFT,
whose operations are divided into two separate phases: enroll-
ment and verification.

1. Environment Phase.The speech of all client speak-
ers are used to create a compact universal background
model (UBM)ΛM

b with M components. Then, for each
client speaker, a compact speaker modelΛM

s is created
by adapting the UBMΛM

b using maximum a posteri-
ori (MAP) adaptation [8]. Because verification deci-
sions are based on the likelihood of the speaker model
and background model, both models must be considered
when the transformation parameters are computed. This
can be achieved by fusingΛM

b andΛM
s to form a2M -

component composite GMMΛ2M
c . During the fusion

process, the means and covariances remain unchanged
but the value of each mixing coefficients is divided by 2.
This step ensures that the output of the composite GMM
represents a probability density function.

2. Verification Phase. Distorted features Y =
{y1, . . . ,yT } extracted from a verification utter-
ance are used to compute the transformation parameters
ν = {A, b}. This is achieved by maximizing the
likelihood of the composite GMMΛ2M

c given the
transformed featureŝX = {x̂1, . . . , x̂T }:

x̂t = fν(yt) = Ayt + b, t = 1, . . . , T (1)

whereA is a D × D identity matrix for zeroth-order
transformation andA = diag{a1, a2, . . . , aD} for first-
order transformation, andb is a bias vector. The trans-
formed vectorsX̂ are then fed to a full size speaker
modelΛN

s and a full size UBMΛN
b for computing veri-

fication scores in terms of likelihood ratio:

s(X̂) = log p(X̂|ΛN
s )− log p(X̂|ΛN

b ).

The main idea of BSFT is to transform the distorted features to
fit the composite GMMΛ2M

c , which ensures that the transfor-
mation compensates the acoustic distortion.

As the computation complexity of estimating SFT param-
eters grows with the amount of adaptation data and the to-
tal number of mixture components in the GMMs, the BSFT
will become computationally intensive when the number of
components is large. To perform rapid adaptation, we pro-
pose adopting a light-weight approach to computing transfor-
mation parameters. One of the positive properties of SFT is that
the transformation can be estimated using GMMs with only a
few components. In the light-weight approach, we synthesize
a small, composite GMM (Λ2M

c ) from another small speaker
GMM (ΛM

s ) and background GMM (ΛM
b ), both withM com-

ponents whereM ¿ N . Similarly, the testing GMM (Λ2M
t )

was adapted from another UBM with2M components. It was
found that a good trade-off between performance and computa-
tion complexity can be maintained by using a suitable value of
M .

Figure 2 illustrates the idea of BSFT in a classification prob-
lem with two-dimensional input patterns. Figure 2(a) plots the
clean and distorted patterns of Class 1 and Class 2. The up-
per right (respectively lower left) clusters represent the clean
(respectively distorted) patterns. The ellipses show the corre-
sponding equal density contours. Markers ‘¨’ and ‘¥’ repre-
sent the centers of the clean models. Figure 2(b) illustrates a
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Figure 1: Estimation of BSFT parameters. The background
model ΛN

b , speaker modelΛN
s , and composite modelΛ2M

c ,
produced during the enrollment phase, are subsequently used
for verification purposes.

transformation matching the distorted data of Class 2 and the
GMM of Class 1 (GMM1). Because the transformation only
takes GMM1 into account, while ignoring GMM2 completely,
it results in a high error rate. Similarly, the transformation in
Figure 2(c) also has a high error rate. The transformation in
Figure 2(d) was estimated from the distorted data of Class 1
and a composite GMM formed by fusing GMM1 and GMM2.
In this case, the transformation adapts the data to a region close
to both GMM1 and GMM2 because it takes both GMMs into
account. Therefore, instead of transforming the distorted data
to a region around GMM1 or GMM2 as in Figures 2(b) and
2(c), the transformation in Figure 2(d) attempts to compensate
the distortion. The capability of BSFT is also demonstrated in a
speaker verification task to be described next.

3. Experiments and Results
3.1. Experiments

Per the discussion earlier, the experiments were divided into two
phases: enrollment and verification.

1. Enrollment Phase.A 1024-component UBMΛ1024
b (i.e.,

N = 1024 in Figure 1) was trained using the training
utterances of all target speakers. The same set of data
was also used to train anM -component UBM (ΛM

b in
Figure 1). For each target speaker, a 1024-component
speaker-dependent GMMΛ1024

s was created by adapting
Λ1024

b using MAP adaptation [8]. Similarly,ΛM
s was

created by adaptingΛM
b , and the two models are fused

to form a composite GMMΛ2M
c . The value ofM was

varied from 2 to 64 in the experiments.

2. Verification Phase.For each verification session, a fea-
ture sequenceY was extracted from the utterance of
a claimant. The sequence was used to determined the
BSFT parameters (A and b in Eq. 1) to obtain a se-
quence of transformed vectorŝX. The transformed vec-
tors were then fed toΛ1024

s andΛ1024
b to obtain verifica-
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Figure 2: A 2-class problem illustrating the idea of BSFT. (a) Scatter plots of the clean and distorted patterns corresponding to Class 1 and Class 2.
The thick and thin ellipses represent the equal density contours of Class 1 and Class 2, respectively. The upper right (respectively lower left) clusters
contain the clean (respectively distorted) patterns. (b) Distorted patterns of Class 2 were transformed to fit Class 1’s clean model. (c) Reversely, distorted
patterns of Class 1 were transformed to fit Class 2’s clean model. (d) Distorted data of Class 1 were transformed to fit the clean models of both Class 1
and Class 2 using first-order BSFT. For clarity, only the distorted patterns before and after transformation were plotted in (b)–(d).

tion scores for decision making.

The 2001 NIST speaker recognition evaluation set [9],
which contains cellular phone speech of 74 male and 100 fe-
male target speakers extracted from the SwitchBoard-II Phase
IV Corpus, was used in the evaluation. Each target speaker has
2 minutes of speech for training (i.e., enrollment); a total of 850
male and 1188 female utterances are available for testing (i.e.,
verification). Each verification utterance has length between 15
and 45 seconds and is evaluated against 11 hypothesized speak-
ers of the same sex as the speaker of the verification utterance.
Out of these 11 hypothesized speakers, one is the target speaker
who produced the verification utterance. Therefore, there are
one target and 10 impostor trials for each verification utterance,
which amount to a total of 2,038 target trials and 20,380 impos-
tor attempts for 2,038 verification utterances.

Mel-frequency cepstral coefficients (MFCCs) [10] and their
first-order derivatives were computed every 14ms using a Ham-
ming window of 28ms. Cepstral mean subtraction (CMS) [11]
was applied to the MFCCs to remove linear channel effects.
The MFCCs and delta MFCCs were concatenated to form 24-
dimensional feature vectors.

Detection error tradeoff (DET) curves and equal error rates
(EERs) were used as performance measures. They were ob-
tained by pooling all scores of both sex from the speaker and
impostor trials. In addition to DET curves and EERs, decision
cost function (DCF) was also used as performance measure.
The DCF is defined as

DCF = CMiss × PMiss|Target × PTarget

+ CFalseAlarm × PFalseAlarm|NonTarget × PNonTarget

wherePTarget andPNonTarget are the prior probability of tar-
get and impostor speakers, respectively, and whereCMiss and
CFalseAlarm are the costs of miss and false alarm errors, re-
spectively. Following NIST’s recommendation [12], these pa-
rameters were set as follows:PTarget = 0.01, PNonTarget =
0.99, CMiss = 10 andCFalseAlarm = 1.

3.2. Results

Because the evaluation trials in NIST01 are gender-matched,
gender-dependent background models can be used for enroll-

ment and estimation of BSFT parameters. In the experi-
ment, gender-dependent background models and MAP adapta-
tion were used to create gender-dependent speaker models. A
compact gender-dependent background model (with 64 compo-
nents) was used to estimate the BSFT parameters. Figure 3 and
Table 1 show the results of different approaches to channel com-
pensation, including cepstral mean subtraction (CMS), Znorm
[5] and the first-order blind stochastic feature transformation
(BSFT) with different numbers of components (M ). Evidently,
all cases of BSFT show significant reduction in error rates when
compared to CMS. In particular, first-order gender-dependent
BSFT with 64 components achieves the largest error reduction.
The DET curves also show that the BSFT is superior to Znorm
at all operating points.

It is of interest to compare BSFT with the short-time Gaus-
sianization approach proposed in Xiang et al. [13] because both
methods transform distorted features in the feature space and
their transformation parameters are estimated by the EM algo-
rithm. In BSFT, a set of transformation parametersν is com-
puted by the EM algorithm in which the likelihood function of a
composite GMM given the transformed test data is maximized.
In short-time Gaussianization, a linear, global transformation
matrix is estimated by the EM algorithm using the training data
from all background speakers. The global transformation aims
to decorrelate the features in the new feature space; it is applied
to the distorted features before they are mapped to fit a normal
distribution. The linearly transformed features are divided into a
number of overlapping segments, with each segment containing
a number of consecutive transformed vectors. The consecutive
vectors in a segment is then sorted in ascending order. The rank
of the central frame is used to find a warped feature so that its
cumulative density function (CDF) matches the CDF of a stan-
dard normal distribution.

The short-time Gaussianization achieves an EER of 10.84%
in the NIST 2001 evaluation set [13], whereas BSFT achieves an
EER of 9.26%, which represent an error reduction of 14.58%.1

The minimum decision cost of BSFT is also lower than that of
short-time Gaussianization (0.0384 versus 0.0440).

It can be argued that the inferior performance of Gaussian-

1Because Xiang et al. did not use Znorm in [13], their results should
be compared with the one without Znorm here.



Adaptation M Equal Error Minimum
Method Rate(%) Detection Cost
Baseline NA 11.44 0.0477
BSFT 2 11.29 0.0445
BSFT 4 10.27 0.0425
BSFT 8 9.77 0.0409
BSFT 16 9.48 0.0394
BSFT 32 9.38 0.0395
BSFT 64 9.26 0.0384
Znorm NA 10.61 0.0427
BSFT+Znorm 64 8.36 0.0355

Table 1: Equal error rates (in %) and minimum decision cost
achieved by cepstral mean subtraction (CMS), Znorm, and first-
order blind stochastic feature transformation (BSFT) with dif-
ferent order and numbers of components (M ) in the compact
UBM ΛM

b . Note that the number of components in the full-
size speaker models and gender-dependent background models
is 1024.

 0.5    1     2     5     10    20    40  
  2   

  5   

  10  

  20  

  40  

False Alarm probability (in %)

M
iss

 p
ro

ba
bi

lity
 (i

n 
%

)

Speaker Detection Performance

Baseline (CMS only)
DCF=0.0447, EER=11.44%
Znorm
DCF=0.0427, EER=10.61%
BSFT without Znorm
DCF=0.0384, EER=9.26%
BSFT with Znorm
DCF=0.0355, EER=8.36%

Figure 3: DET curves comparing speaker verification per-
formance using CMS (dashed), Znorm (solid), BSFT without
Znorm (dash-dot), and BSFT with Znorm (dotted). For BSFT,
the number of components (M ) in ΛM

b was set to 64. The circles
represent the errors at which minimum decision costs occur.

ization is due to the nonadaptive nature of its transformation
parameters. However, the adaptive nature of BSFT comes with
a computational price: different transformation parameters have
to be computed for each speaker. Therefore, it is vital to have
a cost effective computation approach for BSFT. Note that the
computation complexity of estimating BSFT parameters grows
with the amount of adaptation data (i.e., the value ofT in Eq.
1) and the number of mixture components in the GMMs (i.e.,
the value ofM ). To reduce computation time,M should be
significantly smaller thanN , the number of components in the
full size speaker and background models. This is particularly
important for the computation of BSFT parameters during the
verification phase because the computation time of this phase
is a significant part of the overall verification time. The evalua-
tions reported in this paper suggest that a good tradeoff between
performance and computation complexity can be achieved by
using a suitable value ofM .

4. Conclusions
We have presented a new approach, namely blind stochastic
feature transformation, to channel robust speaker verification
and provided experimental results on the 2001 NIST evaluation
set. The algorithm computes feature transformation parameters
based on the statistical difference between a test utterance and
a composite GMM formed by combining the speaker and back-
ground models. The transformation is then used to transform
the test utterance to fit the clean speaker model and background
model before verification. Experimental results show that the
proposed algorithms achieves significant improvement in both
equal error rate and minimum detection cost when compared to
cepstral mean subtraction, Znorm and short-time Gaussianiza-
tion.
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