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Abstract

The Gaussian Mixture Model - Universal Background Model (GMM-UBM) system is one of the
predominant approaches for text-independent speaker verification, because both the target speaker
model and the impostor model (UBM) have generalization ability to handle “unseen” acoustic
patterns. However, since GMM-UBM uses a common anti-model, namely UBM, for all target
speakers, it tends to be weak in rejecting impostors’ voices that are similar to the target speaker’s
voice. To overcome this limitation, we propose a discriminative feedback adaptation (DFA)
framework that reinforces the discriminability between the target speaker model and the
anti-model, while preserving the generalization ability of the GMM-UBM approach. This is
achieved by adapting the UBM to a target speaker dependent anti-model based on a minimum
verification squared-error criterion, rather than estimating the model from scratch by applying the
conventional discriminative training schemes. The results of experiments conducted on the
NIST2001-SRE database show that DFA substantially improves the performance of the

conventional GMM-UBM approach.
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1. Introduction

In essence, speaker verification is a hypothesis testing problem that can be solved by using a
log-likelihood ratio (LLR) test [1]. Given an input utterance U, the goal is to determine whether or
not U was spoken by the target speaker. Let us consider the following two hypotheses:

Ho: U was spoken by the target speaker,

H,: U was not spoken by the target speaker.

The LLR test can be expressed as

>0 accept H,

(1)
<@ accept H,,

L) =log pU |2,) ~log p(U IXI){

where @1is a decision threshold; A is the target speaker model; and A, is the so-called anti-model or
impostor model. Both A and A, are usually represented by Gaussian mixture models (GMMs) [1].
The current state of the art GMM-UBM approach for text-independent speaker verification uses
the UBM-MAP technique [2] to generate Ay and A;. This approach pools all speech data from a
large number of background speakers to form a universal background model (UBM) [2] as A; via
the expectation-maximization (EM) algorithm [3]. It then adapts the UBM to A via the maximum
a posteriori (MAP) estimation [4] technique. GMM-UBM s effective because its generalization
ability allows Ao to handle acoustic patterns not covered by the limited training data of the target
speaker. However, since Ay and A; are trained according to separate criteria, the optimization
procedure can not distinguish a target speaker from background speakers optimally. In particular,
since GMM-UBM uses a common UBM A, for all target speakers, it tends to be weak in rejecting
impostors’ voices that are similar to the target speaker’s voice. Moreover, as A is derived from A,

both models may correspond to a similar probability distribution.



One possible way to improve the performance of GMM-UBM is to use discriminative
training methods, such as the minimum classification error (MCE) method [5] and the maximum
mutual information (MMI) method [6]. In [7], a minimum verification error (MVE) training
method is developed by adapting MCE training to the binary classification problem, in which the
parameters of Ay and A; are estimated using the generalized probabilistic descent (GPD) approach
[8]. However, as the MVE training method requires a large number of positive and negative
samples to estimate a model’s parameters, it tends to over-train the model if the amount of training
data is insufficient. In addition, it is difficult to select the optimal stopping point in GPD-based
training.

To resolve the limitation of MVE training, we propose a framework called discriminative
feedback adaptation (DFA), which improves the discrimination ability of GMM-UBM while
preserving its generalization ability. The rationale behind DFA is that only mis-verified training
samples are considered in the discriminative training process, rather than all the training samples
used in the conventional MVE method. More specifically, DFA regards the UBM and the target
speaker model obtained by the GMM-UBM approach as initial models, and then reinforces the
discriminability between the models by using the mis-verified training samples. Since the
reinforcement is based on model adaptation rather than training from scratch, it does not destroy
the generalization ability of the two models, even if they are updated iteratively until convergence.
However, recognizing that a small number of mis-verified training samples may not be able to
adapt a large number of model parameters, to implement DFA, we propose two adaptation
techniques: a linear regression-based minimum verification squared-error (LR-MVSE) adaptation
method and an eigenspace-based minimum verification squared-error (E-MVSE) adaptation
method. LR-MVSE is motivated by the minimum classification error linear regression (MCELR)

techniques [9-12], which have been studied in the context of automatic speech recognition; while



E-MVSE is motivated by the MCE/eigenvoice technique [13], which has been studied in the
context of speaker identification.

The remainder of this paper is organized as follows. In Section 2, we introduce the proposed
DFA framework. Sections 3 and 4 describe, respectively, the proposed LR-MVSE and E-MVSE
adaptation techniques used to implement DFA. Section 5 presents simplified versions of
LR-MVSE and E-MVSE. Section 6 details the experimental results. Then, in Section 7, we

summarize our conclusions.

2. Discriminative Feedback Adaptation

Fig. 1 shows a block diagram of the proposed discriminative feedback adaptation (DFA)
framework, which is divided into two phases. The first phase, indicated by the dashed line, utilizes
the conventional GMM-UBM approach. The initial target speaker model and the UBM obtained in
the first phase serve as the initial models for DFA in the second phase. The basic strategy of DFA
is to reinforce the discriminability between the initial target speaker model and the UBM for
ambiguous data that is mis-verified by the GMM-UBM approach. The reinforcement strategy is
based on two concepts. First, since the GMM-UBM approach uses a single anti-model, UBM, for
all target speakers, it tends to be weak in rejecting impostors’ voices that are similar to the target
speaker’s voice. To resolve this problem, DFA tries to generate a discriminative anti-model
exclusively for each target speaker by using the negative training samples from the cohort [14] of
each target speaker to adapt both Ay and A,. Since the models may affect each other, the DFA
framework also uses the positive training samples from the target speaker to avoid increasing the
miss probability while reducing the false alarm probability. The resulting Ao and A, are then
updated iteratively. Second, since the DFA framework only uses mis-verified positive and negative

training samples as adaptation data in each iteration, it actually fine-tunes the parameters of both A

and A; based on a small amount of adaptation data. It thus preserves the generalization ability of



the GMM-UBM approach while reinforcing the discrimination between Hy and H;. To implement

the above concepts, we developed the following algorithms.
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Figure 1: The proposed discriminative feedback adaptation framework, where the dashed line area

utilizes the standard GMM-UBM training approach.

2.1. Minimum verification squared-error (MVSE) adaptation strategy

We modify the minimum verification error (MVE) training method [7] to fit our requirement that
only mis-verified training samples should be considered. This is called the minimum verification
squared-error (MVSE) adaptation strategy. The goal of DFA is to minimize the overall expected

loss D, defined as
D=x,0,+X/,, (2)
where Xy and Xx; reflect which type of error is of more concern in a practical application; and /; is a

loss function that describes the average false rejection loss (i = 0) or false acceptance loss (i = 1),

defined as

f= TS, 3)

i UeH;,



where Ny and N; are the numbers of training utterances from the target speaker and the cohort,

respectively; and d(U) is a mis-verification measure defined as

d(U):{—L(U) ifUeH, @)

LU) ifUeH,,
where L(U) is the LLR defined in Eq. (1).
To reflect the requirement that only mis-verified training utterances should be considered, we

define a function S(-) to represent the verification error as an adjustable quantity as follows:

a(d(U)-b)> if dU)>b
0 if dU) <,

s(dU)) ={ (5)

where a is a scalar and b is a bias for controlling the convergence speed of DFA. The input
utterance U is considered incorrectly verified if d(U) > b. Therefore, s(d(U)) is a response
squared-error value. Fig. 2 contrasts the curve of the s function with that of the well-known
sigmoid function. If d(U) < b, the response value s(d(U)) = 0, i.e., the utterance U is verified
correctly; hence, it will not be used for model adaptation. If d(U) > b, the steeper slope of the s
function for a larger value of d(U) results in a larger gradient to update the model’s parameters. In
contrast, as the value of d(U) increases, the sigmoid function used in MVE [7] will become flat,
and the obtained gradient will approximate zero. As a result, the mis-verified utterance U will not
contribute to model adaptation. Another difference between the proposed DFA framework and the
conventional MVE training method is that the latter always updates the model’s parameters if the
value of the sigmoid function is not 0 or 1; thus, it may over-train the well-trained models obtained

from the GMM-UBM method with the correctly-verified training utterances.



Sd) sigmoid(d(U))

......... —

b0 (%) 0 d(v)

(a) s function (b) sigmoid function

Figure 2: The s function compared to the sigmoid function.

2.2. Fast scoring for DFA

To speed up DFA, we use a fast scoring approach [2] to compute the LLR. Given an utterance
U={0,...,0;}, the computation of LLR for a GMM with M Gaussian mixture components can be
written as

1 T M M
LU)= T Z(logzam PO, | &) —logD a, P(O, | gl,m))
t=1 m=1 m=1 (6)
=1

1 T C C
r ? Z(logZaci ® p(o, | goc, (t)) - logz‘,“ci ® p(o, | g],Ci(t))J:
t i=l i=1

where g, and g, are the m-th Gaussian mixture components of the target speaker model and

the anti-model, respectively; and «, is the mixture weight, m = 1,..., M. Note that the target

speaker model has the same mixture weights as the anti-model. For each frame 0, we determine
the top C scoring mixture indices, Ci(t), i = 1,..., C, in the UBM, where C << M; hence, it requires
M + C Gaussian computations in the first iteration, and 2C Gaussian computations per iteration

thereafter. In this study, the value of C is set at 5 [2].



3. Linear Regression-based MVSE (LR-MVSE) Adaptation

Recognizing that a small amount of adaptation data selected from the mis-verified training samples
may not be able to adapt a large number of model parameters, we propose using a linear regression
method to implement MVSE adaptation. We call it linear regression-based MVSE (LR-MVSE)
adaptation. Our strategy is motivated by the minimum classification error linear regression

(MCELR) techniques [9-12], which have been studied in the context of automatic speech

recognition. We assume that the initial target speaker model A}’ and anti-model A” have M

Gaussian mixtures gi» ~N(u»,X,) and g ~N(u, X ), respectively, where p§? and p{%)

1,m>
are r—dimensional mean vectors obtained with the GMM-UBM method; and X is an rxr

covariance matrix of the UBM, m = 1,..., M. Note that, in this study, we only adapt the mean
vectors of GMMSs. After adaptation, the new mean vectors of the target speaker model or the

anti-model take the following form:

u j,m = ng('()) (7)

J,m>

where Wj, j = 0 (for the target speaker model) or 1 (for the anti-model), is an rx(r+1)

(0) _[ 0) !]!

transformation matrix; and Given initial transformation matrices W(O) W(O) =

1 pj
[0 I], where 0 is an rx1 zero vector and I is an rxr identity matrix, the parameter W;j can be

iteratively optimized using

+ oD
W(k D _ Wfk) 58W.(k> , (8)
J
where the superscript “(K)” denotes the k-th iteration, and J'is the step size. In addition,
oD _x, ot,  os(dV) adV) av) o as(dU)) adU) au)
G asdU) adU) V) oW®  asdU)) adU) oLuU) oW
(€))

L (LU)—b)| DT (LU)—b). L)
=X, N EHOZ {2a( LU) b)( Mk)}}ﬂ(l N z {Za (LU)—-Db) 6W}k)}’

,-L(U)>b 1 UeH,,L{U)>b

where



oLU) l (1)1'k Z - ap(OIgEkém ’ 10)
oW p(o, | A = oW

where the target speaker model A’ with mixtures g( ) and the anti-model A" with mixtures

g1k> m=1,..., M, are obtained by LR-MVSE adaptation in K iterations, and

PO |87ew) _

i.C() ®) ©e© O

@ PO, [ 8jc,i)Z cm(o ~Wi€icwkicn - (11)
oW

If we assume that all covariance matrices X, of the UBM, m = 1,..., M, are diagonal, Eq. (11)

can be rewritten as

op(o, | g(jké- (I)) p(o, | g(jké-(t)) o
cm) _ SO 1y =S WO 9 (s) B (1), 12
8W}k)(rl,r2) Géi(t)(rl) (1) ; i (1,9)8 6,08 Bic () (12)

where o (I,) is the ri-th diagonal element of X ; 0,(r,) is the ri-th element of o; ﬁ(o) (r,) is

the r,-th element of &'* ; and W(k)( ,I,) is the ri-th row and r,-th column element of Wj(k), r

5,m?

=1,...,randrp,=1,..., (r+1).

4. Eigenspace-based MVSE (E-MVSE) Adaptation

Alternatively, we can use the eigenspace method to implement MVSE adaptation. We call it
eigenspace-based MVSE (E-MVSE) adaptation. E-MVSE is motivated by the MCE/eigenvoice

technique [13], which has been studied in the context of speaker identification. In this case, we

also assume that only the mean vectors of GMMs are adapted. Let u{’ and u!” be (rM)x1

supervectors [15, 16] obtained by concatenating all the mean vectors of the initial target speaker

model A} and anti-model (a clone of the UBM) A\”, where

uf’ = [w§) nG o m T (13)



] = 0 or 1. Following the eigenvoice approach, we use the principal component analysis (PCA)
technique [17] to construct a speaker eigenspace E = span{ei, e»,..., ez} based on R supervectors
derived from R pre-trained background speaker GMMs, where Z <R—-1. According to the

(0)

orthogonality principle [18], we can decompose uj’ into

u =n+ Z Wi, + W), e (14)

j.zvz

where n is the sample mean vector of R supervectors. The second term in Eq. (14) represents the

results of projecting (u|” —n) onto the eigenspace E. Note that, in most cases, (u}”-n)¢E,

since the initial target speaker model and anti-model are not included in the background speaker

model set. The coordinates, W'”,z=1,.., Z, are computed by

j.z?
wi, =e,'(uf’ —m). (15)
The third term in Eq. (14) represents the residual after the projection. If the residual is not zero, we

0)
can define W, as

(0) (0) (0)
Wj Z+1 T ZWJ z z

; (16)

and define ef as

et = =R (17)

—

© and u” can be represented, respectively, by

Since both e; and e; are orthogonal to E, u
the initial coordinates [w(} W) ...w55 Wiy, ] and [w w...w9 w T in a target speaker

space E, with an orthonormal basis {e;, ey,..., €z, eOL} and an anti-model space E, with an

orthonormal basis {e;, e,..., ez, e }. If w2 =0, er

1241 ; 1s a zero vector, and the (Z+1)-th

10



coordinate is not included in a coordinate vector € Exj =E with a basis {e, e,,..., ez}, j=0or 1.
Our goal is to find the best coordinates [wW,, Wy,...W,; W,,,]' in E, and

(W, W, ..W; W, ] in E, such that the reconstructed models can optimally distinguish the

target speaker’s voice from the non-target speakers’ voices. The reconstructed mean vectors of the

target speaker model or the anti-model take the following form:
ﬂm+ZWJz zm ]Z+l Jj_m’ (18)

where n,, e and eim represent the m-th subvectors of n, e,, and e , respectively, and

z,m? z9

correspond to the mean vector of the m-th Gaussian mixture component of the target speaker

model (j = 0) and the anti-model (j = 1), m = 1,..., M. The coordinates, W;,,j=0,1,z=1,.., Z+1,
can be iteratively optimized using

wkD — W _ 5 19
e =W oo (19)

where J1is the step size. In addition,

D o, sdU) dU) AU d, sdU) dl) )
W EdU) @U) U)Wl U adU) U)oU) an

I8

(20)
| oLU) | L)
=X, 2a-(-LU)-b) | ~EE Ly L 2a-(LU)—b)- E2 L
XO N EHO,—ZL(U)>b{ 2 ( ( ) ) [ ale,(z) J}+X 1UEH§U)>b{ 2 ( ( ) ) aNi',(z) }
where
oLU) 14 [ ap(o, | 852 )
a\,\g(_b) __z p(f) &(k){Z e,y aw(kj) = J’ (21
iz t=1

where the Gaussian mixture components, g{o, m = 1,..., M, of 1{" are the results of the k-th

J,m?

iteration, and

P, | gfen) {p(o |g3kém>( —n )T ete . ifz=2+1 o)

(k) (k) (k) ' .
a\NJaZ p(o | g] Ci (t) llj Ci(t) ZCi(t)eZ,Ci(t) OtheI'WISC,

11



where
(k)
Bic.oy =Mc +ijzezca) +WjZ+1ejC(t) (23)

If we assume that all covariance matrices X of the UBM, m = 1,..., M, are diagonal, Egs. (22)

and (23) can be rewritten, respectively, as

( o,(r)— F(Jk%(t)(r))eici(t)(rl)

g50) ifz=2+1

P, 1852 ) Bicw Z o2 (1) o
owt ©  (r
j.z p(Ot | g(Jk%, (t))z( () —nieo ))ez co(h) otherwise,
UCi(t)(rl)
and
k &S K L
l’l‘(J é (t)(rl) = "ci(t)(n) + zwﬁ,z)ez,ci(t)(rl) + W(j z)+1 i Ci(t)(rl) . (25)
z=1

where 1,(r), e,,(I), and eim(l’l), m=1,...,M, r; = 1,..., r, represent the r;-th elements of the

m-th subvectors 1, €,.,and e ,respectively.

z,m> j,m>

5. Simplified Versions of LR-MVSE and E-MVSE

As far as reliability is concerned, a target speaker model trained with the GMM-UBM approach
may be effective in characterizing the target speaker’s voice. In contrast, a UBM generated from a
number of background speakers may not be able to represent the imposters with respect to each
specific target speaker. In other words, it may not be able to distinguish between imposters and the
target speaker. Thus, it is more important to reinforce discriminability in the UBM than in the
target speaker model. Moreover, in our experience, the training samples of target speakers are
seldom mis-verified; i.e., nearly all the mis-verified training samples are from the cohort.
Accordingly, to adapt the UBM to the target speaker dependent anti-model, it might be sufficient

to use only negative training samples in our DFA framework. In this case, the training goal can be

12



simplified to one of minimizing the average false acceptance (false alarm) loss /; defined in Eq. (3).

For LR-MVSE adaptation, the parameter W, is iteratively optimized using

tol4
k+1) _ k)
W= W -5, 26)
where
o, o, osdU)) adU) oLU) 1 oL)
OWY ~ as(dU)) adU) oLU) aW® N, 2 2a- (L2 @7
1 1 1 UeH;,LU)>b 1
and Gl;illi? is computed by Eq. (10). For E-MVSE adaptation, the coordinates, w,,,z=1,..,Z+1,
1
are iteratively optimized using
tel4
(k+1) _ 5 (k)
Wi, =W, o 8\N1(|1<z) > (28)
where
o, _ o, as(d) adU) Au) 1 L)
MW BAU) AU) ALY W Ny B DO @)
. osdU)) adU) dLU) ow; | UeH, LU »

(k)

1,z

and % is computed by Eq. (21). When Ny = Nj, the training times of the simplified

versions of LR-MVSE and E-MVSE are about one-quarter of the training times of the respective

original versions.

6. Experiments

6.1. Experimental setup

In our experiments, we used the NIST 2001 cellular speaker recognition evaluation
(NIST2001-SRE) database [19], and divided it into two subsets: an evaluation set and a

development set. The evaluation set contained 74 male and 100 female speakers. On average, each

13



speaker had approximately 2 minutes of training utterances and 10 test segments. The development
set contained 38 males and 22 females as background speakers that did not overlap with the
speakers in the evaluation set. To scale up the number of background speakers, we also included
139 male and 191 female speakers extracted from the NIST2002-SRE corpus [19]. Thus, we
collected the training utterances of 177 male and 213 female background speakers to build two
gender-dependent UBMs, each containing 1,024 mixture components. To train each target
speaker’s GMM, we only adapted the mean vectors from the speaker’s corresponding
gender-dependent UBM in the GMM-UBM method. Then, for each male or female target speaker,
we chose the B closest speakers from the 177 male or 213 female background speakers,
respectively, as a cohort based on the degree of closeness measured in terms of the pairwise

distance defined by [1]

i 1A U. X
dist(h,.1,) = log RO} 1o PO L),
U 1) P, %)

(30)
where A and A; are speaker GMMs trained using the i-th speaker’s utterances, Uj, and the j-th
speaker’s utterances, Uj, respectively. For each cohort speaker, we extracted J 3-second speech
segments from his/her training utterances as negative training samples of a target speaker. Thus,
each target speaker had JxB negative training samples in total. All the 3-second segments extracted
from each target speaker’s training utterances served as positive training samples in LR-MVSE or
E-MVSE adaptation.

To remove silence/noise frames, we processed all the speech data with a Voice Activity
Detector (VAD) [20]. Then, using a 32-ms Hamming-windowed frame with 10-ms shifts, we
converted each utterance into a stream of 30-dimensional feature vectors, each consisting of 15

Mel-frequency cepstral coefficients (MFCCs) [3] and their first time derivatives. To compensate

for channel mismatch effects, we applied feature warping [21] after MFCC extraction.

14



In the experiments, a and b in the s function defined in Eq. (5) were set at 3 and 0.01,
respectively. For E-MVSE adaptation, we generated two gender-dependent Z-dimensional
eigenspaces using the GMMs of the 177 male and 213 female background speakers, respectively,
with Z set to 70 or 140. The LR-MVSE and E-MVSE adaptation procedures were trained until they
almost converged, i.e., until the number of mis-verified training samples approximated zero. For
the overall expected loss D defined in Eq. (2), Xo and X; were set as Cwiss X Prarget and Craiseatarm X
(1 - Prarget), respectively, according to the NIST Detection Cost Function (DCF) [19]:

Coer = Chiiss X Puiss X P

Target

+C X PFalseAIarm x (1 - I:)Target )’ (3 1)

FalseAlarm
where Pumiss and Prasealarm are the miss (false rejection) probability and the false alarm (false
acceptance) probability, respectively; Cuiss and Crasealarm are the respective relative costs of the
detection errors; and Prarger is the a priori probability of the target speaker. Following the

NIST2001-SRE protocol, Cwiss, Craisealarm, and Prarget were set at 10, 1, and 0.01, respectively.

6.2. Experimental results

To evaluate the performance of the DFA framework, we used the Detection Error Tradeoff (DET)
curve [22] and the NIST DCF; the latter reflects the performance at a single operating point on the
former. We implemented the proposed DFA framework in three ways:

a) LR-MVSE adaptation (“MAP + LR-MVSE”),

b) E-MVSE adaptation with the first 70 eigenvectors (“MAP + E-MVSE70”), and

¢) E-MVSE adaptation with the first 140 eigenvectors (“MAP + E-MVSE140”).
For the performance comparison, we used two baseline systems:

a) GMM-UBM (“MAP”) and

b) conventional MVE (MCE) training with the sigmoid function (“MAP + MVE”).
The target speaker GMM and the UBM obtained from the GMM-UBM method served as the

initial models for the proposed DFA-related methods and the conventional MVE method.

15



Fig. 3 plots the minimum DCFs against the total number of negative training samples per
target speaker for each adaptation method. The experiments involved 2,025 target speaker trials
and 20,250 impostor trials of the evaluation set. We considered different numbers of negative
training samples, but not different numbers of positive training samples because the same target
speaker data had been used to train the initial target speaker model in the GMM-UBM method.
From the figure, we observe that “MAP + E-MVSE70” achieves the lowest minDCF in cases
where the adaptation data only includes 6 or 12 negative training samples per target speaker; while
“MAP + LR-MVSE” achieves the lowest minDCF in cases where the adaptation data includes 36
or 60 negative training samples per target speaker. As expected, a small amount of adaptation data
favors the methods in which a smaller number of model parameters must be estimated. Note that
the larger the number of negative training samples used, the lower the minDCF that can be

achieved.
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Figure 3: The minimum DCFs versus the number (JxB) of 3-second negative training samples

per target speaker.
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Fig. 4 shows the DET curves obtained by evaluating the above systems for the case with 60
negative training samples per target speaker. It is clear that the performances of the three proposed
methods, “MAP + LR-MVSE”, “MAP + E-MVSE70”, and “MAP + E-MVSEI140”, are
comparable; and they all outperform the conventional methods “MAP” and “MAP + MVE”.
Interestingly, the performance of “MAP + MVE” is not always better than that of “MAP”. This is
because MVE tends to over-train the models obtained from the GMM-UBM method, and it is

difficult to select the optimal stopping point in MVE training.
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Figure 4: Experiment results in DET curves. The circles indicate the minimum DCFs.

In the above experiments, we found that nearly all the mis-verified training samples in each
adaptation iteration were negative training samples. Fig. 5 shows the number of mis-verified
training samples versus the number of iterations in LR-MVSE adaptation for an example target
speaker (ID number “5609”"). Thus, we further compared the simplified versions of the LR-MVSE

and E-MVSE methods with the respective original versions. Fig. 6 shows the DET curves for the

17



case of 60 negative training samples per target speaker. It is clear that the simplified versions
perform comparably to the respective original versions. This confirms our assumption that
reinforcing the discriminability in the UBM is more beneficial than reinforcing the discriminability

in the target speaker model.
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Figure 5: The number of mis-verified training samples versus the number of iterations in
LR-MVSE adaptation for an example target speaker (ID number “5609) having 60 negative
training samples and 33 positive training samples. The 0-th (initial) iteration represents the

result obtained with the standard GMM-UBM method.

Table 1 summarizes the minimum DCFs of each system shown in Figs. 4 and 6. We observe
that “MAP + LR-MVSE” achieves a 14.35% relative DCF reduction over the baseline
GMM-UBM system (“MAP”) and a 9.22% relative DCF reduction over the “MAP + MVE”
method. “MAP + simLR-MVSE” even performs slightly better than the original version “MAP +
LR-MVSE”, but the difference is not statistically significant. Table 2 compares the correlation of
correct and incorrect decisions between “MAP” and “MAP + LR-MVSE” for the minimum DCF

[23]. Using McNemar’s test [24] with a significance level = 0.005, the resulting P-value is smaller
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than 0.005; therefore, we conclude that “MAP + LR-MVSE” performs significantly better than

CCMAP”.

Speaker Yerification Performance

N T : : :
MAP + LR-MYSE
| Dl ooos MAP + simLR-MVSE
s S S
=) P TRy
c : : = : !
2 10 p----- beenees e R LR e -
= | H E |
[ ' -
) N -
o 1 -
= N SO S S S, S A i
" ! ' : : :
= i i Py
2 ______ i_ ______ T, i_ ________ T, _a ___________ l‘_‘_n_
gy S S S— R .
as H H H H H
05 1 2 5 10 20 a0

False Alarm probability (in %)

(a) LR-MVSE vs. the simplified version of LR-MVSE (simLR-MVSE)
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Speaker Yerification Performance
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Figure 6: The DET curves of the LR-MVSE and E-MVSE systems and their simplified versions.

The circles indicate the minimum DCFs.

Table 1. Summary of the minimum DCFs in Figures 4 and 6.

Methods minDCF
MAP 0.0460
MAP + MVE 0.0434
MAP + LR-MVSE 0.0394
MAP + E-MVSE70 0.0413

MAP + E-MVSE140 0.0415
MAP + simLR-MVSE 0.0390
MAP + simE-MVSE70  0.0420
MAP + simE-MVSE140 0.0416
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Table 2. Correlations of errors made by “MAP + LR-MVSE” and “MAP”, where P and N denote

the positive (target speaker) trial and the negative (impostor) trial, respectively. There are 2,025 P

and 20,250 N in total.
Trials MAP
Correct Incorrect
+ +
MAP + LR-MVSE Correct 1,296P + 19,918N 119P + 142N
Incorrect 77P + 50N 533P + 140N

7. Conclusion

We have proposed a discriminative feedback adaptation (DFA) framework to improve the state of
the art GMM-UBM speaker verification approach. The framework not only preserves the
generalization ability of the GMM-UBM approach, but also reinforces the discrimination between
Ho and H;. Our method is based on the minimum verification squared-error (MVSE) adaptation
strategy, which is modified from the MVE training method so that only mis-verified training
utterances are considered. Because a small number of mis-verified training samples may not be
able to adapt a large number of model parameters, to implement DFA, we developed two
adaptation techniques: the linear regression-based minimum verification squared-error (LR-MVSE)
method and the eigenspace-based minimum verification squared-error (E-MVSE) method. In
addition, we use a fast LLR scoring approach and the simplified version of LR-MVSE or E-MVSE
to improve the efficiency and effectiveness of the DFA framework. The results of experiments
conducted on the NIST2001-SRE database show that the proposed DFA framework can

substantially improve the performance of the conventional GMM-UBM approach.
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