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Abstract. Probabilistic Linear Discriminant Analysis (PLDA) has delivered
impressive results in some challenging tasks, e.g. face recognition and speaker
recognition. Similar with the most state-of-the-art machine learning techniques,
PLDA tries to globally learn the model parameters over the whole training set.
However, those globally-learnt PLDA parameters can hardly characterize all
relevant information, especially for those data sets whose underlying
feature-spaces are heterogeneous and abound in complex manifolds. PLDA has
the data homogeneous assumption which could be interpreted by involved
parameters estimated through the entire training dataset. Such a global learning
idea has been proven ineffective in the case of the heterogeneous data. In this
paper, we alleviate this assumption by separating the feature space and locally
learning multiple PLDA models of each space. Various standard datasets are
performed and the superiority of the proposed method over the original PLDA
could be found. We complete this work by assigning a probability to measure
which models the test individual data match. This probabilistic scoring approach
could further integrate different recognition technologies including other kinds
of biological characteristics recognition. We propose the novel log likelihood
score in recognition part includes three steps to complete.
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1 Introduction

Probabilistic Linear Discriminant Analysis (PLDA) [1], as a probabilistic extension of
LDA [2], has been demonstrated as an effective approach to learn the low-dimensional
representation of feature by its excellent performance on both face recognition [1] and
speaker recognition [3]. A generative model is adopted which incorporates both
within-individual and between-individual variation. In the recognition stage, PLDA
calculates the likelihood that the differences between face images are entirely due to
within-individual variability.

Similar with the most state-of-the-art machine learning techniques, PLDA tries to
globally learn the model parameters over the whole training set. Nevertheless, those
globally-learnt PLDA parameters can hardly characterize all relevant information,
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especially for those datasets whose underlying feature spaces are heterogeneous [4] and
abound in complex manifolds [5]. Plenty of recent works have been presented to train
the models locally rather than globally [6–8]. Observing these facts, we propose a
novel approach to consider heterogeneous subtle data structures by locally learning the
PLDA model parameters.

The rest of this paper is organized as follows. Some related work is briefly reviewed
in Sect. 2. In Sect. 3, we simply review the PLDA algorithm. In Sect. 4, we propose a
novel robust locally learning multiple PLDA method to overcome the non-linear
subspace problem and extend this method by introducing individual clustering to deal
with the trouble caused by noise distribution, and we give the log likelihood method to
score this model. Experimental results on face recognition data as well as speaker
recognition data are presented in Sect. 5, respectively, comparing our method with
other methods, which is followed by the conclusions and future works of this paper.

2 Locally Learning Multiple PLDA Models with Clustering

Linear Discriminant Analysis (LDA) [6] is a powerful method for face recognition,
yielding a linear transformation matrix on the original data space and subsequently
projecting it into a low-dimensional feature space. The well-known Fisher criterion
[2, 10] is adopted, meaning that the centroid of different classes is pushed away and the
data from the same class are pulled closely to the great extent. This can be realized by
maximizing between-class variation and minimizing the within-class variation. LDA
has the small-sample problem and other improvements of LDA could not handle the
situation on the large changes of light and posture which always are regarded as
interference.

The details of this are rather involved and are presented in [1].

2.1 Locally Learning Multiple PLDA

Locally learning algorithm always attempts to find a locally mapping which projects
individual features to an explicit point in each subspace. The capacity of a locally
learning algorithm is decided by its optimal parameters. In this section we adopt
nonlinear locally learning method to reduce the problem caused by dimension mis-
match. Matching between the two individual features is based on the distance between
the two mapped individual features. Assuming that the observed features were gen-
erated as follows:

yi; c ¼ wcxi;c þ mc ð1Þ

Where yi;c is the feature vector of the i-th person in the c-th PLDA models. wc

denotes the subspace projection mapping matrix in the c-th PLDA models. mc is the
bias vector in the c-th PLDA models.
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The minimum mean-square error compression of data is the formulation for PCA
that can be generalized to the case with missing values in a very straightforward
manner [9]. By this method, the weighted cost function of Eq. 1 is:

ŷi; c ¼ argmin
w2W

ðwT
c xi;j;c þ mcÞ ¼ argmin

w2W
ðRK

k¼1wckxck þ mcÞ ð2Þ

Where W is defined as the subsets of weighted space. ŷi;c is the least squares
estimated value of yi;c. And

K ¼ Ri2Oðyi;c � ŷi;cÞ2 ð3Þ

Where O is defined as the individual feature value space. This method is trying to
find a constant approximation of yi;c as the desired output in each subspace. We have
the same nonlinear locally learning weight in training part and recognition part.

2.2 Novel Log Likelihood Score

First, the probability of test individual data belonging to one of multiple separating
space is defined as:

Pðt ¼ kÞ ¼ RK
k¼0Pðc ¼ kÞPðt ¼ kjc ¼ kÞ

RK
k¼0Pðt ¼ kjc ¼ kÞ ð4Þ

Where Pðt ¼ kÞ is probabilities of test individual data belongs to the k th space.
Pðc ¼ kÞ is probabilities of train individual data $c$ belongs to the k th space.
Pðt ¼ kjc ¼ kÞ is the conditional probability of above. k ¼ 0; . . .;K and K is the total
number of space. And the classified test individual data is projected to same subspace
as in training part:

ŷi;c ¼ wT
c xi;j;c þ mc ð5Þ

Second, the novel log likelihood score is computed by the probability of classified
test individual data which generated from certain c-th PLDA models is the summing of
all variables:

PðŷcjhcÞ ¼ RK
c¼1

Z Z
Pðŷc; hi;c;wi;j;c; cÞdhi;cdwi;j;c ð6Þ

Finally, the decision fusion is to combine multiple PLDAs hc by Bayes criterion
into one PLDA model whose matching likelihood of ŷi and ŷj is:

Pðŷi; ŷjjhcÞ ¼
YK
c¼1

Pðŷi;c; ŷj;cjhcÞ ð7Þ

606 Y. Yang and J. Sun



And the log likelihood score is defined as:

Lh ¼ RK
c¼1½Pðt ¼ cÞPðŷi; ŷjjhcÞ�

logRK
c¼1½Pðt ¼ cÞð1� Pðŷi; ŷjÞjhcÞ�

ð8Þ

Where Lh calculate the ratio of log likelihood with the one PLDA model that two
individual test data match to that of two individual test data do not match. i and j
separately represents the i-th individual and the j-th individual of test data. RK

c¼1½Pðt ¼
cÞPðŷi; ŷjjhcÞ� and RK

c¼1½Pðt ¼ cÞð1� Pðŷi; ŷjÞjhcÞ� separately represents the matching
likelihood and the not matching likelihood with the c-th PLDA model.

3 Experimental Results

3.1 Data Preprocessing and Experimental Setup

We performed experiments on three standard corpora: TIMIT and PIE. In TIMIT there
are 48 possible phonetic classes for the training, which are later merged into 39 classes
for the performance evaluation. The sizes of the training, testing, and development (for
parameter tuning) sets are around 140, 7, and 15 thousand, which are the common
practices in the speech society [9], based on which we also generate acoustic feature
vectors. Since PLDA is a classification algorithm, the PIE dataset, as a face dataset, is
used, which consists of more than 40,000 of faces and authors in [5] suggested a
representative portion of this corpus. We choose to use 30 samples to train the models
and the remainders to test. Commonly, the experiments on PIE were repeated 10 times
of random data splitting and the average results are to be reported.

3.2 Results

Figures 1 and 2 shows the individual verification results by four methods on TIMIT
and PIE datasets. Table 1. In Fig. 1(a) the PLDA (C = 1, S = 60) method received the
highest score and PLDA (C = 1, S = 50) has the second score which indicates that
separating space improving the original PLDA under different PLDA subspace pro-
jection dimension. Also we can know the nonlinear locally learning will promote the
performance under three conditions (C = 1, 2, 3). But with the reduced dimension of
nonlinear locally learning, the correct rate has a significant decline under all the PLDA
subspace projection dimension. In Figs. 2(b) and 2(c) the PLDA (S = 60) also has the
highest score but PLDA (S = 50) has the second score. At the same time we can
observe the better results on each nonlinear locally learning method being used.
Compared with TIMIT data, Fig. 2 shows the face recognition corpus PIE result with
seven methods. Same as TIMIT, The PLDA (S = 120) has the highest score and PLDA
(S = 100) has the second score. And it presents the reduced dimension of nonlinear
locally learning does make worse influence on PIE data.
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(a) Individual verification on TIMIT data sets(C=1).

(b) Individual verification on TIMIT data sets(C=2).

(c) Individual verification on TIMIT data sets(C=3).

Fig. 1. Individual verification by seven methods on TIMIT data sets.

Table 1. Conditions with their parameters for example

Methods Separating Subspace dimension

PLDA(C = 1,S = 0) 1 NONE
PLDA(C = 1,S = 60) 1 60
PLDA(C = 2,S = 0) 2 NONE
PLDA(C = 2,S = 120) 2 120
PLDA(C = 3,S = 0) 3 NONE
PLDA(C = 3,S = 60) 3 60
PLDA(C = 3,S = 0) 3 NONE
PLDA(C = 3,S = 120) 3 120
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4 Conclusions

In this paper, we have presented one approach to generate multiple PLDA models
based on feature space separating which enables us to obtain better results than original
single PLDA model. We have also shown that our approach is robust both on speaker
recognition and on face recognition standard corpus without other prior information.
And a new probabilistic scoring approach is proposed to achieve soft decision based on
feature space separating and locally learning multiple PLDA models. Combining other
biometric individual components with our model is a promising approach to many
recognition tasks.

Acknowledgement. Thanks to NSFC (61105017) agency for funding.

(a) Individual verification on PIE data sets(C=1).

(b) Individual verification on PIE data sets(C=2).

(c) Individual verification on PIE data sets(C=3).

Fig. 2. Individual verification by seven methods on PIE data sets.
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