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Abstract
In this paper, we describe a new speaker adaptation method
based on the matrix-variate distribution of training models. A
set of mean vectors of hidden Markov models (HMMs) is as-
sumed to be drawn from the matrix-variate normal distribu-
tion, and bases are derived under this assumption. The result-
ing bases have the same dimension as that of the eigenvoice,
thus adaptation can be performed using the same equation. In
the isolated-word experiments, the proposed method showed a
comparable performance with the eigenvoice in a clean envi-
ronment, and showed better performance than the eigenvoice in
both babble and factory floor noises. The experimental results
demonstrated the validity of the matrix-variate normal assump-
tion about the training models, thus the proposed method can be
used for rapid speaker adaptation in noise environments.

Index Terms: speech recognition, speaker adaptation, matrix-
variate distribution, eigenvoice

1. Introduction
In the framework of hidden Markov models (HMMs) [1],
speaker adaptation techniques are used to transform a generic
model (e.g., speaker-independent (SI) model) to a new speaker
using small amount of utterances from the speaker [2]. Al-
though the adapted model does not show the performance of
speaker-dependent (SD) model (the performance of SD model
is asymptotically achievable by the maximum a posteriori
(MAP) adaptation [3], but large amount of adaptation data are
needed), the model shows improved performance compared to
the generic model. Among speaker adaptation techniques, the
eigenvoice [4] uses the bases learnt from training speaker mod-
els as a prior information for adaptation. The model of the new
speaker is assumed to be a linear combination of the bases that
span the space of the training speaker models. To obtain the
bases, principal component analysis (PCA) [5] is applied to the
training matrix where each speaker model is represented as a
vector.

Whereas the models of training speakers were treated as
random vectors in the eigenvoice technique, they are assumed
to come from a matrix-variate normal distribution in this paper.
This can be a more reasonable assumption, since correlation ex-
ists between the dimensions of the HMM mean vectors as well
as between the states. We derive the bases used for adapta-
tion assuming the matrix-variate normal for the training mod-
els and perform the adaptation experiments in clean and noise
conditions. The results showed the better performance of the
proposed method than the eigenvoice in the babble and factory
floor noise environments, strengthening our motivation.

The remainder of this paper is organized as follows: Section

2 describes the eigenvoice and the proposed method. In Section
3, the results of adaptation and recognition experiments using
the isolated-word database are discussed, and we conclude the
paper in Section 4.

2. Methods
In this paper, speaker adaptation is performed by updating the
mean vectors of a continuous-density hidden Markov model
(CDHMM). It is assumed that the output distribution is mod-
eled by a single-mixture Gaussian and there are total N states.
The dimension of the feature vector is D, thus the dimension
of the mean vector is also D, and a set of SD models from S
training speakers is used for building bases.

2.1. Speaker adaptation based on multivariate normal dis-
tribution: eigenvoice

In [4], the set of HMM mean vectors of training speakers was
decomposed using PCA to obtain the bases that span the space
of training speaker models. To perform PCA, the set of HMM
mean vectors of each training speaker is expressed in a super-
vector by concatenating the mean vectors into a column vector:

μμμs =

⎡
⎢⎢⎢⎢⎢⎢⎣

μμμs(1)
...

μμμs(n)
...

μμμs(N)

⎤
⎥⎥⎥⎥⎥⎥⎦
, s = 1, · · · , S (1)

where μμμs(n) ∈ R
D×1 denotes the mean vector of the state n of

speaker s. A set of bases that span the training model space is
obtained through the eigen-analysis of the covariance matrix:

Cμμμ =
1

S − 1

[
μ̃μμ1 · · · μ̃μμS

] [
μ̃μμ1 · · · μ̃μμS

]T
(2)

where μ̃μμs = μμμs − μ̄μμ and μ̄μμ = (1/S)
∑

sμμμs. The K eigen-
vectors corresponding to the K largest eigenvalues are se-
lected as the bases to be used for adaptation: Φ(ND)×K =
{φφφ1 · · · φφφK}. At most S − 1 meaningful (i.e., with non-zero
eigenvalues) eigenvectors exist for (2) (so, K ≤ S − 1). Usu-
ally ND � S, so it is computationally advantageous to de-
rive the eigenvectors of (2) using a smaller covariance matrix
[μ̃μμ1 · · · μ̃μμS ]

T [μ̃μμ1 · · · μ̃μμS ]/(S − 1) [5]. When the set of eigen-
vectors of the smaller covariance matrix is denoted as ΦS×S

small,
the eigenvectors of (2) can be obtained by taking the K dom-
inant eigenvectors of Φsmall and multiplying them with the
training matrix: [μ̃μμ1 · · · μ̃μμS ]Φ

′S×K
small . For a new speaker, the
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updated model is represented as a linearly-weighted sum of the
bases:

μμμnew = Φwnew + μ̄μμ (3)

where the K × 1 weight vector wnew can be estimated by
maximizing the likelihood of the adaptation data from the new
speaker.

2.2. Matrix-variate normal distribution

Matrix-variate distributions are matrix extensions of multivari-
ate (vector) distributions, and the matrix-variate normal dis-
tribution is the most commonly used one [6]. A random
matrix A ∈ R

D×N is said to follow a matrix-variate nor-
mal distribution with the mean M ∈ R

D×N and the covari-
ance matrices Ψ ∈ R

N×N and Σ ∈ R
D×D if vec(A) ∼

ND,N (vec(M),Ψ ⊗ Σ) where vec(·) denotes the vectoriza-
tion of a matrix and ⊗ the Kronecker product. Then, it can be
shown that the probability density function (pdf) of A is given
by

f(A) =
1

(2π)(ND)/2 |Ψ|D/2 |Σ|N/2
(4)

× exp

{
− 1

2
tr
[
(A−M)T Σ−1 (A−M)Ψ−1]}

where tr[·] denotes the trace of a matrix.

2.3. Speaker adaptation based on matrix-variate normal
distribution

Expressing the HMM mean vectors as supervectors in the eigen-
voice loses the spatial structure of state and feature dimension;
correlation exists between the dimensions of the mean vec-
tors as well as between the states. Figure 1 shows the abso-
lute values of the correlation coefficients between the dimen-
sions of the mean vectors of an HMM state, which is com-
puted from the training models used in our experiment, i.e.,
| ∑s μ̃μμs(n) μ̃μμs(n)

T /(S − 1)
√∑

s μ̃μμs(n)
T μ̃μμs(n) |. It can be

seen that correlation exists between the dimensions of the mean
vector. This is the motivation for constructing the bases assum-
ing a matrix-variate normal for the HMM mean vectors.
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Figure 1: Absolute values of the correlation coefficients between
the dimensions of 24-dimensional mean vectors of an HMM
state.

Assuming that SD models are drawn from a matrix-variate
normal, we represent the SD model in a matrix:

As =
[
μμμs(1) · · · μμμs(N)

] ∈ R
D×N , s = 1, · · · , S. (5)

Then, its covariance matrix is given by

Cov
(
vec(A)

)
= Ψ⊗Σ ∈ R

(ND)×(ND). (6)

The maximum likelihood (ML) estimates of the mean and the
covariance matrices using {A1, · · · ,AS} can be obtained as:

M̂ = Ā =
1

S

S∑
s=1

As, (7a)

Ψ̂ =
1

S − 1

S∑
s=1

(As − Ā)T (As − Ā), (7b)

Σ̂ =
1

S − 1

S∑
s=1

(As − Ā) (As − Ā)T . (7c)

The rank of the covariance matrix is given by [7]

rank(Ψ⊗Σ) = rank(Ψ) rank(Σ). (8)

Hence, the rank can be ND when Ψ and Σ both have full
ranks; at mostND eigenvectors can be obtained in this case. In
computing the eigenvectors of (6), unlike the eigenvoice case,
the eigenvectors cannot be computed using a smaller covariance
matrix. As a result, the computational complexity increases in
computing the bases, but this is performed only once during a
training phase and the computational complexity stays the same
as that of the eigenvoice during adaptation. The eigenvectors of
(6) can be used for speaker adaptation in the same way as the
eigenvoice. Thus, the model of a new speaker is expressed as

μμμ(ND)×1
new = Φmv wnew + vec(Ā) (9)

where Φmv ∈ R
(ND)×K denotes the matrix whose columns

are the K dominant eigenvectors of (6). Because

Ψ⊗Σ =

⎡
⎢⎣

ψ11 Σ · · · ψ1N Σ
...

. . .
...

ψN1 Σ · · · ψNN Σ

⎤
⎥⎦ (10)

where ψij denotes the (i, j)th element of Ψ (i, j = 1, · · · , N ),
(9) can also expressed as

μμμnew = Φmv wnew + μ̄μμ (11)

(vec(Ā) = μ̄μμ because the mean vector of speaker s is defined
as (1)).

For the given adaptation data O = {o1, · · · ,ot, · · · ,oT },
the weight can be found in the same way as the eigenvoice. The
auxiliary Q-function to be maximized is given by

Q(λ, λ̂) = −1

2
P (O|λ)

N∑
n=1

T∑
t=1

γn(t)h(ot, n) (12)

discarding the elements that are independent of model parame-

ters. Here, λ and λ̂ denote the current and re-estimated model
parameters, respectively, γn(t) denotes the occupation proba-
bility of being in state n at t given O, and h(ot, n) is given
by

h(ot, n) =
[
ot − (ΦΦΦmv, n wnew + μ̄μμn)

]T
C−1

n (13)[
ot − (ΦΦΦmv, n wnew + μ̄μμn)

]
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where ΦΦΦD×K
mv, n and μ̄μμn denote the sub-matrix and the vector cor-

responding to the state n of Φmv and μ̄μμ, respectively. Cn de-
notes the covariance matrix of the nth Gaussian. The optimum
weight can be found by MLED [4].

3. Experiments
For training, we used the Korean “phonetically optimized
words” database [8] comprising the words that have rich phono-
logical phenomena of everyday Korean language. The speech
was recorded in a clean environment, and was sampled at
16 kHz with the resolution of 16 bits/sample. The utterances of
40 male and 40 female speakers from the database were used
to train the SI model. Each speaker uttered the same set of
475 isolated words (the duration of each word was about 1–
2 s), thus a total of 38000 utterances were used (which amounts
to approximately 14 h). Twenty-four-dimensional feature vec-
tors consisting of 12-dimensional mel-frequency cepstral coeffi-
cients (MFCCs) and Δ MFCCs were extracted from the speech
waveforms using the 20-ms Hamming window with the slid-
ing of 10 ms. Initial monophone models were expanded to
context-dependent triphone models, and tree-based clustering
(TBC) was used to tie similar states; a total of 985 node states
were produced. After building the SI model, SD model for each
training speaker was built by transforming the SI model using
the training data of each speaker by the maximum likelihood
linear regression (MLLR) [9] + MAP adaptation. Using these
80 SD models, the bases were constructed by the eigenvoice and
the proposed method.

Another isolated-word speech database, the Korean “pho-
netically balanced words” database, was used for adaptation and
recognition test. The database contains the utterances of differ-
ent speakers from those of the training database. The utterances
comprising 30 male and 30 female speakers from the database
were used (the duration of each utterance was about 1 s). To
test the performance in noise environments, two kinds of noise
from the “NOISEX-92” database [10], the babble and factory
floor noises, were used. The adaptation and test utterances were
corrupted by adding the noises at the SNR of 10 dB. Adapta-
tion data consisted of 5–40 words, and the set of 400 words
not included in the adaptation words was recognized using the
adapted models for each speaker (so, a total of 24000 utterances
were tested for each case).

The performance of the SI model is shown in Table 1, and
Tables 2, 3, and 4 show the performance of the adapted mod-
els. Both the eigenvoice and the proposed method show better
performance than the SI model. In the clean condition, the pro-
posed method shows a comparable performance with the eigen-
voice (Table 2). In the noise conditions, the proposed method
outperforms the eigenvoice, and the performance improvement
is statistically significant (Tables 3 and 4). On average, in the
babble noise, the proposed method with K = 190 reduces the
error rates of the eigenvoice with K = 79 by about 30% and in
the factory floor noise 1, the proposed method with K = 190
reduces the error rates of the eigenvoice with K = 70 by about
24%.

Table 1: Word recognition rates (%) of the SI model.

Training Testing Recognition rate

Clean 87.0
Clean Babble noise, 10 dB 18.1

Factory floor noise 1, 10 dB 15.4

Table 2: Word recognition rates (%) of adapted models: clean.

Method
no. of no. of adaptation words
bases 5 10 15 20 30 40

Eigenvoice

50 95.0 95.2 95.4 95.5 95.6 95.5
60 95.1 95.3 95.6 95.6 95.8 95.7
70 95.0 95.3 95.7 95.7 95.8 95.7
75 95.0 95.4 95.5 95.7 95.8 95.8
79 95.0 95.4 95.6 95.7 95.9 95.9

Matrix-variate

110 95.1 95.7 95.9 95.9 95.9 95.9
120 94.9 95.8 95.9 95.9 95.9 96.0
130 94.9 95.8 96.0 96.0 96.0 96.0
140 94.5 95.9 96.0 96.0 96.0 96.1
150 94.4 95.8 95.9 96.0 96.0 96.0

p-values (t-test),
0.31 0.21 0.21 0.42 0.72 0.52

EV (79) & MV (140)

Table 3: Word recognition rates (%) of adapted models: babble
noise, 10 dB.

Method
no. of no. of adaptation words
bases 5 10 15 20 30 40

Eigenvoice

60 50.6 55.3 55.3 56.4 57.4 55.5
70 50.9 57.3 57.4 57.8 58.8 57.1
75 50.6 57.0 57.5 58.3 59.4 57.8
79 50.5 56.9 57.7 58.8 59.9 58.3

Matrix-variate

180 63.0 69.0 71.4 72.4 72.6 71.9
190 62.2 69.1 71.8 72.7 73.0 72.3
200 60.2 68.4 71.6 72.7 72.9 72.4
210 59.0 68.4 71.4 72.7 72.9 72.4

p-values (t-test),
< 0.01

EV (79) & MV (190)

Table 4: Word recognition rates (%) of adapted models: factory
floor noise 1, 10 dB.

Method
no. of no. of adaptation words
bases 5 10 15 20 30 40

Eigenvoice

60 33.3 33.8 34.9 35.1 33.6 33.2
70 33.2 34.7 35.6 35.6 34.3 33.7
75 32.9 34.2 35.2 35.5 34.2 33.5
79 33.1 34.2 35.1 35.4 34.1 33.6

Matrix-variate

180 44.7 50.0 50.7 52.2 52.2 52.0
190 44.1 50.1 50.9 52.5 52.6 52.3
200 42.6 49.8 50.7 52.3 52.6 52.2
210 42.1 49.8 50.8 52.5 52.6 52.4

p-values (t-test),
< 0.01

EV (70) & MV (190)

Now, we discuss the reason for the improvement. The bases
built using the models in the forms of (1) and (5) show different
behavior. Figure 2 shows the cumulative percentage of total
eigenvalues of (2) and (6), i.e.,

variance explained (%) = 100

∑K
k=1 λk∑S−1
k=1 λk

(14)

for the eigenvoice ({λ1, · · · } denotes the set of eigenvalues ar-
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ranged in descending order), and

variance explained (%) = 100

∑K
k=1 λk∑ND
k=1 λk

(15)

for the matrix-variate case. Because of the increased rank of
(6), the cumulative eigenvalue more slowly approaches 100%.
In our training data models, the ranks are given as: rank(Ψ) =
985 (N) and rank(Σ) = 24 (D) so the covariance matrix (6)
has full rank.

Figure 3 shows the error of approximating the training mod-
els by the eigenvoice and the matrix-variate-based method for
various K values. The average approximation error was calcu-
lated as

Error(μμμ,μμμapprox.) =
1

SN

S∑
s=1

N∑
n=1

‖μμμs(n)−μμμapprox., s(n)‖

(16)

where μμμapprox., s(n) denotes the D-dimensional vector corre-
sponding to the state n of the low-rank approximation of μμμs,
μμμapprox., s, which is given by

μμμapprox., s = Φwprojected, s + μ̄μμ, (17)

wprojected, s = ΦT (μμμs − μ̄μμ).
As expected, the matrix-variate-based method shows larger ap-
proximation error for a same K.

If the true model of a new speaker in a new environment is
in the space spanned by the training speaker models, then the
eigenvoice will outperform the matrix-variate-based method.
Usually, this condition is not strictly satisfied, thus the updated
model should be constrained into a less restrictive space at the
expense of less accurate modeling of the training models in the
squared error criterion. The matrix-variate-based method is an
effective way of achieving this by considering the row and col-
umn structure of the training model matrices, thereby producing
more eigenvectors with non-zero eigenvalues. Consequently,
these bases can express the variation of acoustic models not
seen in training models.
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Figure 2: Cumulative percentage of total variances explained
for (a) the eigenvoice and (b) the matrix-variate-based method.

4. Conclusions
We described a novel speaker adaptation method, which
used the bases obtained from the PCA of training speaker

1 40 80 120 150
0

4

8

12

14

# of eigenvectors

A
v
e
r
a
g
e
 
a
p
p
r
o
x
i
m
a
t
i
o
n
 
e
r
r
o
r

vector
matrix

Figure 3: Approximation error using bases obtained from vector
and matrix-based covariance matrices.

models under the assumption of matrix-variate distribution.
The experimental results showed the validity of the proposed
method, showing better adaptation performance than the
eigenvoice in the noise environments. Because the bases built
can fit into the eigenvoice framework without modification,
the proposed method can be an effective technique for rapid
speaker adaptation in noise environments.
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