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Abstract
In this paper, we propose an anchor modeling scheme where
instead of conventional “anchor” speakers, we use eigenvec-
tors that span the Eigen-voice space. The computational advan-
tage of conventional Anchor-modeling based speaker identifi-
cation system comes from representing all speakers in a space
spanned by a small number of anchor speakers instead of having
separate speaker models. The conventional “anchor” speakers
are usually chosen using data-driven clustering and the num-
ber of such speakers are also empirically determined. The use
of proposed eigen-voice based anchors provide a more sys-
tematic way of spanning the speaker-space and in determining
the optimal number of anchors. In our proposed method, the
eigenvector space is built using the Maximum Likelihood Lin-
ear Regression (MLLR) super-vectors of non-target speakers.
Further, the proposed method does not require calculation of
the likelihood with respect to anchor speaker models to create
the speaker-characterization vector as done in conventional an-
chor systems. Instead, speakers are characterized with respect
to eigen-space by projecting the speaker’s MLLR-super vector
onto the eigen-voice space. This makes the method computa-
tionally efficient. Experimental results show that the proposed
method consistently performs better than conventional anchor
modeling technique for different number of anchor speakers.
Index Terms: Eigen voice, anchor model, speaker identifica-
tion, MLLR super-vector

1. Introduction
Anchor modeling technique has been shown to be useful in
speaker/audio indexing [1], speaker recognition [2, 3] and
language identification [4]. In this approach, speakers/audio
files are represented with respect to a set of pre-defined
speaker/audio models. The pre-defined speaker models are
called reference speakers or anchor models. The computational
advantage comes from using a small number of anchor mod-
els instead of separate models for the entire population. In this
paper, we focus on the speaker-identification problem.

Most implementations of anchor-modeling systems [1, 2,
3, 4] maintain a set of anchor speaker models and represent the
speakers by calculating likelihood with respect to the anchor
models, i.e. each speaker is represented by a Characterization
Vector (CV) given by,

CV
k = [p̃(X|λ1) p̃(X|λ2) . . . p̃(X|λE)] (1)

CV k represents the CV of speaker, k and p̃(X|λE) is the nor-
malized log-likelihood ratio of the data X (of T feature vectors)
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with respect to Eth anchor model and the Gaussian Mixture
Model-Universal Background Model (GMM-UBM), λUBM ,
i.e.

p̃(X|λE) =
1

T
[log p(X|λE)− log p(X|λUBM )] (2)

Recently, we [3] proposed a variant of the above method us-
ing MLLR and sufficient statistics, where anchor speakers are
represented by MLLR matrices instead of conventional GMMs.
The characterization vector consisting of likelihoods is effi-
ciently calculated using anchor specific MLLR matrix and suf-
ficient statistics accumulated from the speaker data by aligning
with respect to the GMM-UBM.

In both of these approaches, the selection of the anchor
models or space (i.e. number of anchor models) plays a great
role in system performance. There are several approaches avail-
able in literature to select the set of anchor speakers either using
iterative clustering algorithm [2] or random approach [2, 3].
However, these are based on heuristic principles and may not
provide the optimal solution for selecting the anchor speaker
models and the space.

In this paper, we propose to represent the speakers in an
orthogonal eigenvector space built using eigen value decom-
position of pooled MLLR-super-vectors [5] from a number of
non-target speakers. The number of eigen vectors chosen can
be thought of as the number of anchor speakers used in con-
ventional anchor modeling technique. In our proposed method,
speaker k is represented by characterization vector, yk, which
is estimated by solving Eqn.(4) as,

M
supk

= By
k (3)

= [e1 e2 . . . eE] yk (4)

where, B is a matrix of dimension [DD × E] containing top-
E eigen vectors. D denotes the dimension of Mel-Frequency
Cepstral Coefficient (MFCC) feature vectors. Mk

sup is the
MLLR super-vector estimated with respect to GMM-UBM us-
ing a particular speaker’s training data. Note that the elements
of the characterization vector are projections onto the orthog-
onal eigen-vector space instead of likelihoods calculated with
respect to anchor models as in [1, 2, 3, 4].

Similarly, in test phase, first the characterization vector of
test speech segment, yt is estimated using MLLR super-vector
of test data and projection matrix, B. Then, the best matched
speaker in the database is found using cosine-similarity measure
between yk and yt.

The proposed method is very similar to the recently pro-
posed i-vector [6] based speaker-verification technique, where
the speakers are represented by a characterization vector which
is estimated in Joint Factor Analysis (JFA) frame-work. A
similar approach is also used for rapid speaker adaptation [7]

Copyright © 2011 ISCA 28-31 August 2011, Florence, Italy

INTERSPEECH 2011

2357



in speech recognition. The adapted model parameters of the
speakers are formed by a linear combination of a number of
reference eigen vectors [7] or speaker model parameters [8].
The eigen-vector space in [7] is built by eigenvector decom-
position of the super vectors corresponding to a number of
speaker dependent models. The speaker dependent models are
adapted from the Speaker Independent (SI) Hidden Markov
Model (HMM).

The eigen voice analysis of the proposed method is similar
to [7, 9]. Unlike our proposed method of using MLLR super-
vectors, in [9] the MFCC feature vectors are projected onto the
eigen space. Further, the projected features are used to train
the GMM for individual speakers. In [7] the speaker dependent
model parameters are used to find the eigenvectors, where as,
in our case we use the MLLR super vectors to find the eigen
vectors. We will refer to our proposed method as Eigen voice
anchor system in this paper.

We compare the performance of our proposed method with
conventional anchor modeling systems on a closed-set speaker
identification task. The experimental results using speaker from
NIST 2004 SRE core condition show that proposed method sig-
nificantly performs better than conventional anchor systems.

The paper is organized as follows: In the next section, we
describe our proposed method. The conventional anchor-based
and Fast-MLLR systems are described in Section 3. Details
of the experimental setup are provided in Section 4. Results
and discussion are described in Section 6 and 7. Finally, the
conclusion of the paper are presented in Section 8.

2. Eigen-voice Anchor System
In this section, we describe our proposed Eigen-voice based an-
chor modeling system. An important step in this approach is
to identify the eigen-voice space and project the MLLR super-
vectors onto this estimated low-dimensional space. We now
provide details of the three steps of the proposed system: (i)
estimation of eigen-voice space (ii) obtaining the speaker char-
acterization vector, and (iii) finding the optimal speaker using a
similarity measure.

2.1. Estimation of eigen-voice space
MLLR [10] is a speaker adaptation technique that is commonly
used in Automatic Speech Recognition (ASR) to adapt the
Speaker Independent (SI) model towards the speaker in a Max-
imum Likelihood (ML) sense using speaker’s training (adapta-
tion) data. It can be expressed as,

μ̂ = Wμ + b, Σ̂ = Σ (5)

where μ and Σ represent the mean and co-variance matrix of the
SI model, and (W,b) are the MLLR transformation parameters.
The transformed model parameters are μ̂ and Σ̂.

In our speaker-identification frame-work, MLLR transfor-
mations are estimated for a number of non-target speakers with
respect to the speaker independent GMM-UBM (which is anal-
ogous to SI system in speech recognition). The coefficients of
the MLLR transformation are stacked one-by-one to form the
MLLR super vector [5] of a particular speaker. Bias parameter b

is not considered in our experiment. For D dimension of MFCC
feature vector, the MLLR super-vector will be [DD × 1] vec-
tor. Fig.1 shows the steps for MLLR super-vector estimation for
speaker, k.

Let us define a matrix, M whose columns contain the
MLLR super-vector of all the p speakers, i.e.

M[DD×p] =
h
M

sup1

M
sup2

. . . M
supp

i
(6)

GMM−UBM Adaptation
MLLR

MLLR Supervector

Training Data

for speaker, k

(W )

for speaker , k

......

m11

m12

Figure 1: MLLR super-vector.

where, Msupp

indicates the MLLR super-vector of non-target
speaker, p. M[DD×p] is a rectangular matrix. We apply Singu-
lar Value Decomposition (SVD) on M itself, i.e.

M[DD×p] = U[DD×DD]Q[DD×p]V
∗
[p×p] (7)

where, U and V ∗ are unitary matrices and Q is a diagonal
matrix. The E singular vectors of U corresponding to the E
largest singular values point to the E most dominant directions
in MLLR super-vector space. Let columns of B correspond to
the singular vectors corresponding to largest E eigen values of
U , i.e. B[DD×E]. The number of columns of the B is equiva-
lent to number of anchor speakers in conventional anchor sys-
tem, and the columns of B span the eigen-voice space.

2.2. Obtaining the Characterization Vector
During training, evaluation speakers are represented by Char-
acterization Vectors (CVs) which are obtained by projecting
their MLLR super-vector on space spanned by eigen vectors
of B. Algorithm 1 describes the steps involved in estimating
the speaker characterization vector for given speech segment of
speaker, k.

Algorithm 1: Characterization Vector Computation

Step1 : Align the feature vectors of speaker, k with respect to
GMM-UBM and obtained the MLLR matrix, Wk using
Eqn.(5).

Step2 : Form MLLR super-vector of the kth speaker, Msupk

as shown in Fig.1.

Step3 : Obtained the characterization vector, yk of kth speaker
for E eigen vectors of B using,

y
k
[E×1] = B

+
[E×DD]M

supk

[DD×1] = (BH
B)−1

B
H

M
supk

(8)

where, B+ is the pseudo-inverse of B, which needs to
be computed only once and stored – resulting in compu-
tational efficiency.

2.3. Finding Optimal Speaker
In test phase, the characterization vector, yt of test utterance
is calculated using Algorithm-1. Then the speaker is identified
by finding the cosine angle similarity measure between CV of
register speakers (obtained during training) in the database and
yt. The best matched speaker is recognized as the identified
speaker, k̂ of the test utterance, i.e.

k̂ = arg min
1≤k≤L

arc cosine(yt
, y

k) (9)

where, L is the number of speakers in database.
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3. Baseline system
To compare the performance of our proposed method, we con-
sider conventional GMM-UBM [1, 2] based anchor modeling
system as well as recently proposed Fast MLLR Anchor system
[3] as a baseline. In GMM-UBM based anchor technique, the
anchor speakers are adapted from the GMM-UBM using Max-
imum a Posteriori (MAP) adaptation technique. Only mean pa-
rameters of GMM-UBM are adapted during MAP adaptation.
The value of relevance factor is fixed at 16. The training/test
characterization vector of the speech segment is calculated with
top-C=15 fast scoring method [11] with respect to anchor mod-
els as described in Eqn.(1). The speaker of the test utterance is
identified using cosine-similarity, i.e. Eqn.(9) between speaker
specific-CV (obtained during training) and CV of test data.

In Fast MLLR anchor system, anchor speakers are repre-
sented by MLLR matrices instead of GMMs. The training/test
characterization vector of the speech segment is estimated us-
ing anchor specific MLLR matrix and sufficient statistics ac-
cumulated from speech segment with respect to GMM-UBM.
Similar to conventional anchor system, speaker of the test ut-
terance is identified using cosine-similarity measure between
CV of speakers and test segment. More details of Fast-MLLR
method can be found in [3].

4. Experimental setup
The speaker-identification experiments are performed using
speakers from NIST 2004 SRE core condition. The database
contains 310 speakers including 124 male and 186 female
speakers. There are only 306 speaker having both training and
test utterances. Therefore, for a closed-set speaker identification
task, we considered only these 306 speakers who have both train
and test utterances. 1346 speakers (655 male and 691 female)
are selected from NIST-1999, 2001 and speakers in training
data of GMM-UBM for building anchor models and for finding
the eigen-voice space. The different number of anchor speakers
are selected from the above number of speakers.

For cepstral analysis, 39 dimensional MFCC feature vec-
tors (C1 to C13 with Δ and ΔΔ excluding C0) are extracted
from speech signal sampled at 8 kHz with 10 ms frame-rate us-
ing 20 ms Hamming window over the frequency band 300-3400
Hz. To remove the silence or less energy frames, two different
frame removal techniques are followed [12]. Bi Gaussian mod-
eling of energy components of the frames is applied for NIST
1999, 2001, 2002 SRE and Switchboard-1 Release-2. The tri
Gaussian modeling of normalized energy components of the
frames for NIST 2004 SRE. Silence-removed feature vectors
are normalized to fit zero-mean and unit-variance at utterance
level.

The GMM-UBM with 2048 mixture components is trained
using data from NIST 2002 and Switchboard-1 Release-2
database. The covariance matrices of the Gaussian components
are considered diagonal.

5. Selection of anchor speaker models
In this section, we describe how to select the desired number
of anchor speakers from among the 1346 speakers in the
database for anchor modeling systems. There are several
algorithms available in literature to choose the anchor sets [2].
We consider the random clustering [2, 3] approach to select the
anchor speakers. Algorithm 2 describes the steps involved in
the random selection of desired anchor speakers (see [3]).

Algorithm 2: Random selection of anchor speakers

Step 1: Let Eanch be the number of anchor models (e.g. 46,
146 etc.)

Step 2: Randomly select 10 different set of anchor speakers,
with each anchor set having Eanch speakers from the
entire speaker set (i.e. 1346 speakers).

Step 3: Perform speaker identification for each anchor set of
Eanch models.

Step 4: Calculate average accuracy over the 10 sets of anchor
speaker.

Step 5: Repeat Step 1 to 4 for each value of Eanch anchors

The value of Eanch is varied from 46 to 446 in steps of
100.

6. Results and discussion
Fig.2 shows the comparison of the speaker Identification Error
Rate (IER) of proposed method with the other systems for dif-
ferent number of anchor speakers. In our system, we choose the
corresponding number of top E singular vectors to match the
number of anchor speakers used. It can be observed that pro-
posed method performs significantly better than the two other
methods. The proposed method shows absolute reduction of
IER (%) by 7.01, 9.33, 10.33 and 11.2 compared to GMM-
UBM anchor system for 46, 146, 246 and 346 anchor models
respectively. Similarly for Fast MLLR anchor system, it shows
11.45, 15, 17.51 and 18.6 IER (%) reduction.

46 146 246 346 44655

60

65

70

75

80

Number of anchor models

IE
R 

 (%
)

Proposed
Conventiona anchor
Fast MLLR anchor

Figure 2: Comparing speaker identification error rate of pro-
posed method with baseline anchor systems for varying number
of anchor models.

Generally, anchor modeling technique is used as a front-
end system to select a number of most probable speakers from
a larger database. The optimal speaker is then found from
the reduced set of the speakers using GMM-UBM based back-
end system. Therefore, we investigate the N -best speaker
identification performance of the different methods. Fig.3(a)-
3(d) shows the N -best speaker identification performance of
proposed method against the two other systems for 46, 146,
246 and 346 anchor speakers respectively. We observe from
Fig.3(a)-3(d), that the proposed method consistently shows bet-
ter performance for a wide range of N -best values when com-
pared to the conventional and Fast-MLLR systems. This is be-
cause in the proposed method, the characterization vectors are
calculated with respect to the orthogonal singular vectors which
capture the most dominant directions in the speaker-space in the
first few significant singular values.

7. Comparison of performance in cascade
system framework

In this section, we compare the performance of the proposed
method with baseline anchor systems in cascade mode. Fig. 4
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Figure 3: Comparison of N-best speaker identification error rate between proposed method and baseline systems for varying anchor
speaker models (a) 46 . (b) 146. (c) 246. and (d) 346.

shows the block diagram of cascade anchor system in speaker
identification task. The front-end systems selects the N -most

   database
Larger speaker

GMM−UBM
SI system

IdentifiedAnchor model based
speaker identification speaker

speakers
probable

Back−endFront−end

Xtest

N -most

Figure 4: Illustrates cascade anchor modeling system for
speaker identification.
probable speakers from the larger database and then the back-
end GMM-UBM system finds the best speaker from the reduced
set. For comparison of the different systems, we consider the
346 anchor models case. Fig.5 shows the speaker identification
error rate of the cascade anchor system for different values of
N . Table 1 shows the IER (%) of the cascade anchor systems.

51 10 15 2040
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Figure 5: Comparing speaker identification error rate of pro-
posed method with baseline anchor systems in cascade mode.

Table 1: Comparing IER (%) of different systems in cascade
mode for 346 anchor models.

Cascade N=5 N=10 N=15
system IER Reduce IER Reduc. IER Reduc.

by (a) by (a) by (a)
Proposed (a) 45.74 - 44.02 - 43.51 -
Conventional 54.51 8.77 49.44 5.42 46.17 2.66
Fast MLLR 58.99 13.25 52.45 8.43 49.61 6.10

From Fig.5 & Table, following observations can be drawn:
Proposed anchor method shows significant reduction of IER
compared to conventional and Fast MLLR anchor systems in
cascade mode over a large range of N . The performance of
the proposed method converges to conventional and Fast MLLR
system as N increases, because performance of all systems ap-
proach that of the back-end GMM-UBM system. For case of
N=5, proposed method gives absolute reduction of IER (%) by
8.77 and 13.25 over the conventional and Fast MLLR system
respectively. Similarly, 5.42% and 8.43% in case of N=10,
2.66% and 6.10% in case of N=15 over the respective systems.
The computational complexity of proposed method is similar to
Fast-MLLR system, since both involve one alignment of data
and a matrix multiplication.

8. Conclusion
In this paper, we propose a new anchor modeling system, where
speakers are characterized by projecting their MLLR super-
vector onto a eigen-voice space. The eigen voice space is built
using MLLR super vectors of the non-target speaker. The pro-
posed method shows significant improvement in speaker identi-
fication performance compared to anchor modeling techniques
available in literature. Further, its computational complexity
is similar to Fast-MLLR system. It gives absolute reduction
of Identification Error Rate (IER) (%) by 7.01, 9.33, 10.33
and 11.2 against conventional anchor system for 46, 146, 246
and 346 anchor models respectively. Similarly, 11.45%, 15%,
17.51% and 18.6% compared to Fast MLLR anchor system.
In cascade mode, proposed method also shows significant re-
duction of IER over the conventional and Fast MLLR anchor
system with absolute reduction of IER (%) by 5.42 and 8.43
respectively in the case of N=10.
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