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Abstract: Linear discriminant analysis (LDA) is a
basic tool of pattern recognition, and it is used in ex-
tensive fields, e.g. face identification. However, LDA
is poor at adaptability since it is a batch type algo-
rithm. To overcome this, a new algorithm of online
LDA is proposed in the present paper. It is experi-
mentally shown that the new algorithm is about two

times faster than the previously proposed algorithm.

1 Introduction

Linear discriminant analysis (LDA) is a basic tool
of pattern recognition, and it is used in extensive
fields, e.g. face identification [5][6]. However, LDA
is poor at adaptability since it is a batch type al-
gorithm. Namely, LDA is designed in the following
manner: (1) all sample images are given at once, (2)
the discriminant matrix A is calculated for the sam-
ple images, and then (3) identification is performed
by use of A. Owing to this design, we have to re-
calculate A every time when we add new data to up-
date the identification system. This calculation is
heavy for high dimensional data such as face images.

When the situation changes grédua.lly or suddenly,
one time learning is not sufficient and additional
learning is indispensable for adaptability. Thus the
identification system must have the ability to learn
new data and update itself with small calculations.
Such a algorithmm that has this ability is called online

learning algorithm. As we have mentioned above,

conventional LDA is not online learning.

To overcome this disadvantage of LDA, the aun-
thors has been proposed an online LDA algorithin
[8][9][10]. In contrast to the conventional LDA, up-
dating the identification system according to new ad-
ditional data can be executed with low computational
cost by online LDA. Hence online LDA has the ability
of adaptation to the change of environment. online
LDA also has an advantage that huge matrices never

appear in its calculation.

In the present paper, a new algorithm of online
LDA is proposed. It is experimentally shown that the
new algorithm is about two times faster than the pre-
viously proposed algorithm. Namely, the presented
algorithm attains the same level of performance by
half steps of learning compared with the original one.
This advantage is mainly owed to the fact that new
algorithm is robust for choice of the learning coeffi-

cient 7).

2 Fast OLDA algorithm

At every time step ¢t = 1,2,3,---, a new
pair (®(t),c(t)) is presented, where ®(t) is an N-
dimensional data vector, c(t) € {1,---,M} is the
class of #(t), and M is the number of classes. Based

on this pair, auxiliary variables are updated as fol-
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lows:
t°(t) = t°(t—1)+d(c,c(t)), (1)
#t) = (1 - —) 51— 1)+ 5 2(0), 2)
ic(t) —_—
(1- ) 2= 1)+ Fgalt) (e= (), o)
z(t -1 (¢ # c(t)),
ve(t) = a°(t) — =(t), (4)
w(t) = =) -2W() (5)
1 M
B(t) = 772 v (M) (6)
e=1

where ¢ = 1,---,M and §(c,c(t)) = 1l(c =
c(t)), 0(c # c(t)). Then N x L discriminant matrix
A is updated:

At) = At - 1) +1[B@®AE - 1)
1

- S Al - 1) A(t — )T B(t)w(t)w(t)TA(t - 1)
- %A(t 1) At - )T wR)w(t)T BEOAR - 1)),

(7)

where the learning coefficient 7 is a small positive
number. This updating rule is slightly different from

the original one
A)=At-1)+ n[B(t)A(t -1)
- %B(t)A(t _ 1) At — 1T w(t)w(®)T At - 1)
- %w(t)w(t)TA(t — 1) At - )T BR)AE - 1)] ()

in [8][{9][10].

The number L of features is less than or equal
to min(N, M — 1). Note that the covariance matrix
W(t) = 1!, w(r)w(r)T within classes is replaced
with the instantaneous value w(t)w(t)T. Such re-
placement is justified by the theory of stochastic ap-
proximation [4]. As for the initial values, t°(0) = 0,
#(0) and #°(0) are arbitrary vectors, and A(0) is an
arbitrary matrix which satisfies rank A(0) = L.

- In both (7) and (8), the learning coefficient 7 affects

the performance of algorithms. In order to obtain

fast convergence of the discriminant matrix A(t), we
want to set 7 as larger as possible. However, if 5
is too large, A(t) can diverge. In section 3, it will
be shown that the boundary of “acceptable” 7 in (7)
is larger than that in (8). Thus, we can obtain fast
convergence by the algorithm (7).

Note that the right hand side of (7) can be calcu-
lated efficiently in the following manner for the case

M < N.

1. Instead of calculating B explicitly, calculate
1
— c cT
BA = — CE_I v (v A) . (9)

2. Calculate ATw and AT Bw = (BA)Tw.
3. Calculate A(ATw) and A(AT Bw).

4. Calculate AATBwwTA = (AAT Bw)(ATw)T
and AATwwTBA = (AAT w)(AT Bw)T.

3 Simulation

" In this section, performance of online LDA algo-
rithms is tested for face identification task (Fig. 1).
It is experimentally shown that the presented algo-
rithm is about two times faster than the original one.
Namely, the presented algorithm attains the same
level of performance by half steps of learning com-

pared with the ofiginal one.

Figure 1: A sample image for the simulation
(left: original, right: reduced to 10 x 10)



Table 1: Setting of the simulation

task

identification of face images

data vector ®(t)

face images under various illumination conditions

(front view, 256 level gray scale, normalized to [—1, +1])

size of @(t)
number of classes to be identified

number of features

N = 10 x 10 = 100 (pixels)
M =3 (persons)
L = 2 (= number of columns in A)

initial values of elements in A
learning coefficient

regularization coefficient

random values from the uniform distribution on [—0.001, 4+0.001]

€ = 0.01 (applied only to the original algorithm (10))

7 = 0.01 or-0.03

procedure of learning

procedure of evaluation

number of face images for learning

number of face images for evaluation

Face images for learning is presented in a random order.
The ratio of the correct identification is evaluated for face
images which are different from the face images for learning.
up to 500(images per person) x 3(persons) = 1500
100(images per person) x 3(persons) = 300

number of trials

100 independent trials with different random seeds

The setting of the simulation is written in Table 1.
In the simulation of the original algorithm, the up-

dating rule
Alt) = A(t— 1)+ n[B(t)A(t -1
- %B(t)A(t C1) At = 1)T (w(t)w(t)T + D) At — 1)

- —;—(w(t)w(t)T +eI)A(t — 1) Alt - )T B() At ~ 1)]
(10)

is used instead of (8), where I is the identity matrix
and the regularization coefficient € is a small positive
number. The term +el is useful for stabilization of
the algorithm [10].

The result of the simulation is shown in Fig. 2 and
Fig. 3. The presented algorithm has the advantage
that we can take a large learning coefficient 7 so as
to obtain fast convergence. On the other hand, the
original algorithm is superior with regard to the final

ratio of correct identification after sufficient learning.

4 Discussion

A key improvement of the presented algorithm is
the fact that it is robust for choice of the learning

coefficient 7. By choosing a large learning coefficient,
we can accelerate the learning process. However, as
for the result after presentation of many samples, the
original OLDA algorithm is superior. Thus, we may
be able to obtain a better performance by combining
them. Namely, the presented algorithm is used only
in early stage. When saturation of the performance
is observed, the algorithm is switched to the original

one.

This work has been partly supported by CREST of
JST (Japan Science and Technology) 279102.
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Figure 2: Mean learning curves of the original algo-
rithm (“orig”) and the presented algorithm (“new”)
for 100 independent trials. Horizontal axis: num-
ber of presented samples. Vertical azis: percentage
of correct discrimination. Two cases n = 0.01 and
n = 0.03(“large eta”) are shown for each algorithm.
The presented algorithm has the advantage that we
can take a large learning coefficient n so as to obtain
fast convergence. On the other hand, the original al-
go'rithm is superior with regard to-the final ratio of
correct identification after sufficient learning.
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Figure 3: Learning curves of the original algorithm
(“orig”) and the presented algorithm (“new”) for one
trial. Horizontal azis: number of presented samples.
Vertical axis: percentage of correct discrimination.
Two cases n = 0.01 and n = 0.03(“large eta”) are
shown for each algorithm. The original algorithm
fails for the large learning coefficient n = 0.03.
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