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Representations of Decision Maker’s Preferences on Robust Constraints:
Identification of Necessity Measures Suitable for Given Preferences

gogoo
Masahiro Inuiguchi
o000 oobn ooooooo
Graduate School of Engineering Science, Osaka University

Abstract: In this paper, we investigate the representation of robust constraints. The robust constraints
have been modelled by inclusion relations between variation ranges and satisfactory regions. When fuzzi-
ness is included in a constraint, the inclusion relation cannot be represented by a univocal way but by
one or some of necessity measures suitable for the decision maker’s preference. We propose a method
for selecting a suitable necessity measure corresponding to the decision maker’s preference on each robust

constraint.
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Discussion on values of foreign-affiliated companies and their HR programs

i
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Abstract: This presentation discusses what kinds of corporate culture exist at the global corporations
in the Europe and America including foreign affiliated companies located in Japan. Specifically, it
focuses on human resources programs including 1) Creating and Sharing core values clear sense of
values, 2) Enhancing two way communications, 3) Identifying and developing star players, and 4)
Managing performance evaluation and pay for performance.
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A Data Mining based Minimax Approach to Portfolio Optimization

Meng YUAN' | and Junzo WATADA? , IEEE
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Kitakyushu 808-0135 JAPAN

Abstract: In 1950s, Markowitz’s first proposed portfolio theory based on a mean-variance (MV) model to
balance the risk and profit of decentralized investment. The two main inputs of MV model are expected
return rate and the variance of expected return rate. The expected return rate is an estimated value which is
often decided by experts. Various uncertainty of stock price brings difficulties to predict return rate even for
experts. MV model has its tendency to maximize the influence of errors in the input assumptions. Some
scholars used fuzzy intervals to describe the return rate. However, there were still some variables decided by
experts. This paper proposes a classification method to find the latent relationship between the interval return
rate and the trading data of a stock and predict the interval of return rate without consulting any experts.
Then this paper constructs the portfolio model based on minimax rule with interval values. The evaluation

results show that the proposed method is reliable.

1. Introduction

Portfolio is a collection of investment pursued by
an institution or a private individual. Profit cannot
be separated from risk in financial investment. This
paper proposes a minimax portfolio selection model
with interval expected return rate. The interval
number was predicted by the classification. Then
the interval return rate is used in minimax portfolio
selection model. The purposes of this paper are to
describe the return and risk of a portfolio more
accurately and have better strategy than Markowitzs
model.

2. Methodology

Xia[2] proposed a new model for portfolio
selection in which the expected returns of securities
are considered as variables rather than as the
arithmetic means of securities. Xia used the past
returns of a security to estimate an approximate
value, which is the interval of expected return rate.

R,=h*R +h,*R,+h;*R;,i=1,2,...n

where R, is the arithmetic mean of security i, Ry
expresses the change tendency of the returns of
security i, and Ry is an approximation of the future
expected returns of security i. R,; can be calculated
with the historical data. Denote the arithmetic mean
of the recent historical data as R;. If there is no
obvious change tendency, R; can be equal to zero.
The computation of derivation of Ry requires some
forecasts based on the financial report and
individual experience. Also different professionals
with different experience should give the weights of
these three factors. However, it is not guaranteed
that experts’ decisions are correct.

To avoid too much relying on experience, this
paper used classification technique in data mining.
According to historical data, we can know the
return rate in the past. Mark each return rate using

an interval as a label. The interval of return rate is
the classification label, based on this train the past
data to generate a classification model. When new
data comes, use the classification model to predict
the label, which is the interval of expected return

rate.
Find task Data mining ) Dcclslqn
tool information
Assess the s| Rule
rule

Minimax Interval of
Model return rate
Figure 1 Flow of using classification to acquire
knowledge

Data
preparing

Classification
algorithm

1
1

>

Figure 1 shows the flow of classification based
portfolio selection model to find the hidden rule of
return rates. All factors that affect stock price,
exterior factor or interior factor, will eventually
reflect in the change of stock price and the trading
data. It is possible for investors not to consider why
the stock price changes. It will be much more
convenient if investors just analyze the trading data
and make a prediction of the future stock
performance. This paper uses an open source
software WEKA as the data mining tool. There are
major four steps in WEKA. First, prepare the data
and load the data. The data can be in .arff format
or .csv format. After loading the data choose
classify then choose classification algorithm and
generate the rules. Then analyze the result and
evaluate the model.

This paper uses stock data from Yahoo Finance.
Then compute the return rate and mark it with the



corresponding interval. For example, the return rate
of a stock is -0,0077519, then it is a stock has the
return rate in interval of (-0.01,0) on January
4th.The trading data includes open price, highest
price, lowest price, close price, trading volume and
trading amount. When all intervals of stcoks are
computed, the data are prepared. We expect to find
some relationship between trading data and the
interval. Next predict the interval of future data
using trained classification model. Finally solve xi
based on minimax rule.

Because expected return rate varies within an
interval, it is possible that it reaches the smallest
value in the interval. Even in that case, it is
reasonable that investors still want to gain profit as
much as possible. So our goal is to maximize the
return even when the return rate is the smallest
value in its interval. We consider a capital market
with n risky assets and without riskless assets. The
notation and assumptions in this section are the
same as those in Deng’s paper[20]. Therefore, the
minimax portfolio model is written as follows:

maxyminrf(yf)
(P9 s-t-iy; =1
a,<r. < ll),:il =1,2,...,n
where

160 = =Y -03 So,y,

4 . Results

This paper used a year data of five stocks from
yahoo finance. We can see from figure 2 that for
83.6735% of instances have been correctly
predicted. The value of the Kappa statistic is 0.7335,
which means that statistical significance of the
model is rather high.

=== Evaluation on training set ===
=== Summary ===

B83.6735 %
16.3265 %

Correctly Classified Instances 205
Incorrectly Classified Instances 40

Kappa statistic @.7335
Mean absolute error e.2128
Root nean squared error 6.3232
Ralative absolute error 120.3723 &
Root rclative squarcd crror 113.0399 %
Total Number of Instances 245

Figure 2. Classification result

Table 1 contains detail prediction value and the
actual value of the interval. When using test data to
judge the accuracy of trained classification model,
we can see the actual and predicted value of each
instance. If the instance is classified to wrong
class, a + mark will be added to error column.

Instane Actual Predicted Error
1 1:(-0.01,0) 3:(0,0.02) +
2 2:(-0.03,-0.01) 1:(-0.01,0) +
3 3:(0,0.02) 3:(0,0.02)
245 1:(-0.01,0) 1:(-0.01,0)

Table 1. Prediction in WEKA

5. CONCLUSIONS

A new way of determining the interval of expected
return of portfolio is proposed. Interval of return
rate was treated as the classification label. The
correctness of prediction by classification was 83%.
According to Accuracy assessment index like ROC,
precision, TP rate, FP rate, Kappa statistic
mentioned above, it shows that the classification
model is reliable. Compared to expert prediction,
the proposed method has the advantage of reducing
the rely on expert decision.

Furthermore, this paper uses a minimax portfolio
selection model with interval expected return rate to
solve proportion of each security in a portfolio. Be-
cause the return rate is a variable, it is possible that
the return rate is the minimum one. In that case, the
minimax model offered an optimal strategy to make
the investment reasonable.
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A Divide-Forecast-based concept for Region of Interest Clustering in Video Frames
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Image processing and security surveillance system has more and more widely used in recent

society such as bank surveillance and pedestrian tracking. The detection of Region of Interest (ROI)
always been regarded as the most significant in tracking system. Considering the features of image
processing, a mesh-divide and Kalman Filter forecasting concept is proposed for ROI detection and
forecasting of image processing, which can be used in the ROI detection and position forecast at the next
frame in surveillance system, would diminish the search area thus would have a runtime cost decrease

and improve the accuracy at the same time.

1. INTRODUCTION

With the rapid development of Computer Science, video
surveillance system has been widely used in various
fields such as bank surveillance and pedestrian tracking,
etc[4]. On the other hand, requirement for accuracy also
becomes overwhelming tendency for video surveillance
system.

In recent years, image processing has been used in lots
of fields such as bank surveillance and pedestrian
tracking. Tracking system often divided into static
monitoring and dynamic monitoring, depending on the
status of sensors. The dynamic part is generally applied
in a dynamical scene such as automatic driving system.
Background Construction system which using static
sensors can be used in the area of static situation such as
plaza mall, ATM, etc.

Current static surveillance systems mainly include
three steps: background construction, foreground
modeling and object monitoring. For a static situation,
foreground object can be detected by distinguished from
the unchanged background. Thus it is useable for
constructing a background model. So far various
excellent algorithms and methods have been proposed
for the construction of the background. And majority of
them focus on the detection of change of color density
for every pixel that in the scenes. The
background/foreground modeling gives a preprocessing
for the whole surveillance system, it provides foreground
information.

Since the result of foreground detection is just a set of
individual pixels, they cannot be used for object tracking
immediately. Based on this reason, what we have to do
before tracking is to clustering the set of foreground
pixels into several clusters. In this paper, the
algorithm  ’Density-Based  Spatial  Clustering of
Application with Noise” (DBSCAN) is applied because
of its simple and effective for data clustering.

Despite these advantages, there is still a serious
problem that we have to face. Because of its structure,
the calculation would be more complicated when the
range of data source becomes larger. On the other hand,
data source could also be easily confused when handling
the data clustering. According to these facts, we
proposed an mesh-divide for Rol clustering and
forecasting methods to overcome these disadvantages.

2. Meshing-divide Clustering

Suppose that the system have finished the background
construction and foreground detection. According to the
processing of the foreground detection, the main change
that in the scene has been caught. However, the
miss-detection and noise are also included. Since
DBSCAN is a spatial clustering algorithm, it has to
retrieval every data point within the searching area, thus
the calculation time would be tremendous if the noise
points and irrelevant points are included in the searching
area. Therefore, one of the best way to reduce the
calculation time and increase the clustering accuracy is
to define the searching from the whole area of the scene
to certain most possible area as exact as possible.

Consider that video is constructed by a set of
continuous frame stream, it is obvious to know the
feature that the time between the two inherent frames is
short, thus drastic change would have little chance to
happen, only some little transformation.

Based on the conception that every video frame is
made up by a set of individual pixels, which is assembled
as a matrix-like structure, it seems feasible to use mesh
to separate the whole frame and handle every separated
part respectively.

Since pixel is the smallest unit, it would be convenient
to use a pixel to represent the unit. Suppose H and W are
the height and width of the frame, which represent the
number of pixels in each row and column respectively,
and h and w are the height and width of the mesh unit
where 1 <= h <= H, and 1 <= w <= W, thus we can
divide the whole scene into the meshes like:

M ={m,;[p(x,y)em;,,
i xW oy < (i+1)><W’

W w
ixH (+D)xH
_— <y =

h y h }

where p(x,y) represents the pixel point at position
(x,y) following 1 <=x<=Wand 1 <=y <=H,and 1 <=
| <= W/w, 1 <=j <= H/h. Thus the total number of mesh
units will be (W/w)*(H/h), as figure 1 shows.



Fig. 1. An illustration of mesh-divide forecast and clustering. The
darker object represents the current position of tracking human, and
the lighter one represents the forecast result. Around the forecast
object, the area within the red line means the most possible area
which the tracking object will cover next, and the area between the
red line and the blue line means less possible area.

There is a common scene that an object moves
successive, which means that an object cannot move
from one position to another position without have not
any track. Based on this concept, position forecast can be
realized by some ingenious algorithm, such as Kalman
Filter.

According to the introduction forehand, once the
object has been caught, the initial parameters of Kalman
Filter have been settled. The surveillance and forecast
process running at the same time.

After t-1th calculation, the object has been recorded as
equation fore mention. By using Kalman Filter, each
mesh which the object has covered will be forecast
before tth calculation starting as:

N A A

Okt ={mi; | mi; = Kal(m, ),
m ;e Ot

where Kal(m;) is the Kalman forecast, in which

every mesh unit would moves as Kalman forecast.

After this process, the search mesh at time t will be

updated as:
SO, ={M;; | Xx—a=s=i=<x+a,

y—-b=j=<=y-+b,
m,, € O.}

Since the search area has been decreased to only
within the search area, it is effective and accurate to use
DBSCAN to clustering the foreground pixels in the
search area.

3. CONCLUSION

This paper has presented a mesh-divide method to
handle tracking problems based on the foreground
detection, the Region of Interest would be included in
several mesh units and be separated with the rest area of
the scene, thus avoid the extra payment of the runtime
cost for the noise and irrelevant pixels. This concept can
be extended into wider field. Certain tracking methods
which do not include foreground detection step can also
apply the mesh to improve the performance.

On the other hand, based on this, multi-object tracking
could also be realized. It can be supposed that scene can
be divided into several mesh units and every tracking
ROl in certain mesh units, each object would be

Fig. 2. An illustration of mesh-divide forecast and clustering. The
darker object represents the current position of tracking human, and
the lighter one represents the forecast result. Around the forecast
object, the area within the red line means the most possible area
which the tracking object will cover next, and the area between the
red line and the blue line means less possible area.

separated and tracking respectively. Future extension
would focus on the multi-object tracking realization.
Figure 2 gives the illustration of the proposed concept.
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Abstract: This paper proposes a GPSO algorithmwhich provides the optimizing parameters for Feed
Forward Neural Network. Recently the Feed Forward Neural Network is widely used in various
applications as a result of its advantages such as learning capability, auto-organization and
auto-adaptation. In this paper, Gaussian distributed random variables are in the PSO algorithm to
enhance its perfor- mance and train the weights and bias in the Neural Network. In comparison with the
Back Propagation Neural Network, the Gaussian PSO-Neural Network fast converges and is immune to

local minimum.

1. Introduction

Recently, Neural Networks are most widely
used in applications such as regression analysis,
time series prediction, modeling, classification,
image processing, and pattern recognition. The
Neural Network is a mathematical model for
processing data devel- oped as an artificial neuron
network system. The most widely used algorithm
for train- ing this network is a back-propagation
(BP) algorithm. It has been developed many
learning techniques for the BP as gradient
descendent, resilient, BGFS quasi-Newton,
one-step  secant, Levenberg-Marquad and
Bayesian regularization whose objective is to
minimize the error. Though the BP algorithm has
the problem to get trapped in the local minimum
at complex problems, also the convergence speed
is slow. Researchers made some improving
measures on the convergence of the BP in the
Neural Network, however these improvements
involve the change of the function for excitation
and without ideal results. In the current research
different types of algorithms have been used for
training the Neural Network such as genetic
algorithm (GA), simulating annealing algo- rithm
(SAA), and Particle Swarm Optimization
algorithm (PSO). PSO is a population- based
algorithm to find optimum solutions by using a
swarm like algorithm where par- ticles
collaborate and share information among them.
In this paper an improved PSO is used with
gaussian random variables to straighten out the
convergence and avoid local minima.

2. Gaussian Particle Swarm Optmization

In most of the PSO (canonical or adaptive PSO),
a uniform distributed probability distribution is
used to generate random numbers. However in
this paper, a Gaussian distribution is used to
generate the random numbers to enhance its
performance. Gaussian probability distribution

improves the local convergence of the PSO, by
balancing the trade-off between exploitation and
exploration in the velocity update. The confidence
coefficients are randomly selected according to a
uniform distribution within an [0,1] interval.
Random variables are introduced into the swarm
for exploitation and exploration.

According to statistics theories, if we analyze the
probability distribution of a particle from the
swarm without initial velocity, the position of the
particle 1is considered to be inside of a
parallelogram (uniform probability). Then the
particle’s actual positionis considered as the
vertex of the next parallelogram where the new
position can be found, after many interactions we
observe that the parallelograms overlap as shown
in Fig. 1. The center of the parallelograms is
observed to be in the opossite position of the
initial position. By wusing the central limit
theorem we assume a Gaussian distribution.
Therefore, the Gaussian distributed random
variables G(j1,02) are introduced instead of the
uniformly distributed random variables:

/
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Local best posiion

Global best posibon o Losaibest
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In equation 1, p denotes the mean and o2 the
variance, respectively. In the traditional velocity
update equation, 1 and r are uniformly
distributed between 0 and 1. Several methods can
be used to sample a positive random number from
a Gaussian distribution MO0,1), such as the
Marsaglia, polar method, Box-Mullet transform
and Zigurrat method.

3. GPSO-NN

The procedure for this GPSO-NN can be

summarized as follows:

1. Initilizaze the positions and velocities of a
population of particles using a uniform
probability distribution in an n-dimensional
problem space and iteration t=1.

2.Introduce the weight values in the FFNN to
evaluate each initialized particle‘s fitness value,
which is set as the positions of the current
particles, while is set as the best position of the
initialized particles.

3. If the maximal iterative generations reach, go
to Step 7, else go to Step 4.

4. The best particle of the current particle is
stored. The positions and veloc- ities of all the
particles are updated according to Egs.(1) and
(2) for position and velocities, then a group of
new positions is generated by sampling a
Gaussian distribution , if a new particle flies
beyond the boundary [xmin,xmax], the new
position will be set to xmin or xmax ; if a new
velocity is beyond the boundary [vmin,vmaxl,
the new velocity will be set to vmin or vimax.

5.Evaluate each new particle‘s fitness value, and
the worst particle is replaced by stored the best
particle. If the rth, particle’s new position is
better than Ps, P is set to the new position of
the ith particle. If the best position of all the
new particles is better than P, , then P is
updated.

6.0utput the global optimum This procedure is
repeated until the stop criterion is satisfied.

5. Simulation Results

For testing the proposed algorithm we used an
approximation problem for comparing the
performances between the BP-NN and the
Gaussian-PSO-NN. For initial values in the
network, every weight in the network was
initially set in a range of [-50,50], and all the
thresholds in the network were 0. The inital
inertial weight was set to 1.8. For the
Gaussian-PSO the inital values were set as
explained in the section above. The 1initial
population was set to 100. For the approximate
problem a 1-S-1 Network structure of the FFNN
was trained for approximating the function £ =
sin(2x)e> The training algorithms for this

structure were the BP algorithm and the
Gaussian-PSO. In the struture 1-S-1, where S= 3,
5, 7, and the x iwas obtained from the range [0,m],
and the sampling interval was 0.03 for the
training set and 0.1 for the testing set in the
range [0.02,n].

# 1 Comparison of the performances of the

GPSO and the BP
Hidden GPSO BP
unit
S1 MSE | Time(s) MSE | Time(s)
3 5.67e-005 | 3.354 2.38e-003 | 9.332
5 1.27e-009 | 3.766 1.22e-003 | 8.165
7 1.81e-007 | 4.322 8.15e-005 | 9.354

6. Conclusion

A Gaussian Particle Swarm optimization for
training a Feed Fordward Neural for function
approximation is presented in this paper. The
objective is to use the strong ability of the PSO in
the global search and enhace its defiency in the
local search by introducing gaussian random
variables into the updates equation in the
algorithm. In this hybrid algorithm a weight
strategy is also introduced in the Gaussian-PSO
that reduces the weight rapidly in the first
generation and then slowly when it is near to the
global optima. The performance of both
algorithms is better when the number of hidden
units is increased. For futher work is to apply this
algorithm for a real application and to incorporate
this training algorithm into recurrent neural
networks and recurrent fuzzy network.
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Abstract: This paper proposes an adaptive particle swarm optimization which uses fuzzy relationship to
update the weight of particle velocities when learns face features. The basic particle swarm optimizer based
method needs 100 generations and 20 populations to train one face detector, and takes more than five hours
to finish this work. The proposed method gives more information and a new way of weight updating to
reduce the training time. The comparison between basic particle swarm optimizer and proposed particle
swarm optimizer experiments suggests that the proposed particle swarm optimizer outperforms the other one

in convergence and computation efficiency.

1 Introduction

Face detection is an important image analysis
step of human tracking. It can be used in many com-
puter vision applications such as security system,
pedestrian tracking system and identity authentica-
tion system. This paper improved particle swarm
optimization, which uses different fitness function
and weight updating way in AdaBoost architecture
to form a new face feature selection method. This
new method can reduce the training time while the
result is comparable.

There are three main contributions of this new
method. We will introduce each of them briefly be-
low.

The first contribution is that Paul Viola and
Michael J.Jones proposed a robust face detection
method using boosted cascade of simple features [4].
In their work, they made hypothesis that face can be
represented well in a small number of Haar-like filter-
s features. What they did is using Haar-like filters
to represent face, and then applying AdaBoost for
feature selection. The details of Haar-like filters and
AdaBoost algorithm will be mentioned in Section 2.

The second contribution is that Augusto Dstrero
et al. [2] made a hypothesis based on Violas work
that Haar-like features used for representing face can
be smaller. Their experiments suggested that the
number of features can be reduced from 240 to 100.

The third contribution is that Ammar et al. [1] ap-
plied basic particle swarm optimization in AdaBoost
framework for face detection, they proved that par-
ticle swarm optimization based AdaBoost is better
than basic AdaBoost. This paper will describe the
proposed method for learning features and training
a detector. The aim is to select the most useful face
Haar-like features to form face vector feature and
training the face detector at the same time. The
training time is decreased significantly while the re-
sult is comparable.

The paper is organized as follows. Section 2 intro-
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Figure 1. Five basic types of haar-like fea-
tures.

duces the concepts appeared in the paper. Section
3 is the description of the proposed particle swar-
m optimization. Section 4 represents the details of
experiment. Section 5 draws our conclusion.

2 Background

We use a set of simple Haar-like filters like
features shown in Figure 1. The feature value is
calculated by subtracting the sum of pixel gray-scale
values of the white area of the rectangle from the
dark area.

This has advantages that Haar-like features are
easy to be calculated and feature based systems are
faster than pixel based systems. Pixel based system
uses pixel directly.

2.1 AdaBoost

AdaBoost generates and calls a new weak clas-
sifier in each of a series of rounds t = 1,...,T. For
each round, a distribution of weights w; is updated
so as to indicate the importance of examples in the
data set for the classification. On each round, the
weights of each incorrectly classified example are not
changed, and the weights of each correctly classified
example are decreased, so the new classifier focuses
on the examples which have so far eluded correct
classification.  Following pseudo-code shows the
mechanism of AdaBoost.

Pseudo-code of AdaBoost



1.Given N examples (z1,y1), ... (zi,¥i), - (TN, YN)
where y;{—1,1}.

2.Initialize wq, ; = 1/2M,1/2L for y; = 0 or 1, re-
spectively, where M and L are the number of nega-
tives and positives, respectively.

3fort=1,...,T

For each feature j, train a classifier h;().

Evaluate the error of the classifier €; = Zi:l Wy,; *
(hi(zi) — vi)-

Choose a classifier h;() with lowest error ;.
Update weights: wyy1,; = we; *ﬂt(l_b"), where b; =0

if x; is classified correctly b; = 1 otherwise with
Bi = Et/(l - Et)-
end

4.0utput strong classifier:

H(xz)=1if sign(}_,_; oy * hy) is positive,
H(xz) = —1 otherwise,

where ay = log(1/5;)

3 Particle Swarm Optimization

A basic variant of the particle swarm optimiza-
tion algorithm works by having a population (called
a swarm) of candidate solutions (called particles).
These particles move around in the search-space ac-
cording to a few simple formulae. The movements
of the particles are guided by their own personally
best known position p in the search-space as well as
the swarm’s best globally known position g. When
improved positions are being discovered, these im-
proved positions will guide the movements of the
swarm. The process is repeated to hope, but not
guaranteed, that a satisfactory solution will eventu-
ally be discovered. The search for an optimal po-
sition is performed by updating the velocity v and
position z of particle ¢ according to the following two
equations:

Vi1 = Vit +ciri(Dij — i) + cara(g; — ®ijt)
(1)

Tij 41 = Tyt + Vi1 (2)

Where ¢; and ¢y are positive values called acceler-
ation constants, r; and 7y are random values belong
to range [0,1]. vpqs, should be defined in order to
limit particles velocities. Particles velocity can not
be greater than v,,,. © means i — th particle of the
population. j is j — th dimension of one particle. ¢
denotes t — th iteration.

4 Improved Particle Swarm Opti-
mization

In this case, we use MIT+CMU face data to
learn and the detector. The sample number is 2429
positives + 4548 negatives. Each sample has the
size of 19 x 19 pixels. In order to represent the
image well, raw feature database was obtain as
follow.

1. Changing the scales of each Haar-like fea-
tures from 2 x 2 size to 19 x 19 size one pixel by one
pixel vertically and horizontally.

2. Moving every scale through out the image.

The size of raw feature database is 6977samples x
57000 features. It means that 697757000 examples
are included in searching space of particle swarm op-
timizer. Therefore, it becomes important to improve
particle swarm optimizer efficiently.

Su JinRong had proposed a new particle swarm
optimization [3] showed as follows.

Vi g4l = WKV jytcar1(Pi—Tige) +cara (g —Tiji)
+C3T3(Zj — xi,jﬂg)
Tijt+1 = Tijt T Vigt+1
w = (wmax - wmin) X ((tma;c - t)/tma:c) + Winin

Just like human, more information makes parti-
cles find best position quickly. Su gives one more
information z; to particles, z; = mean(d_,_; pi). ¢3
is positive value like ¢; and cy. r3 is random value in
range [0,1]. w is the weight. wy,q, is the maximum
weight. Wy, is the minimum weight. ¢ means t —th
iteration. ¢,,,, denotes total iteration times.

Su had proved that the convergence rate of this
kind of particle swarm optimization is twice faster
than basic one in system identification application.
SO we give a hypothesis that maybe it can reduce
50% learning time in face feature learning applica-
tion. Our experiment has proved this hypothesis is
true.

But Su’s particle swarm optimization shares the
same disadvantage of original one that it is easy
to convergence to the local optimum. In order to
make particle swarm optimizer work well for this
case, we used a new way to update weight instead
of the linear function (6). We updated the weight
according to the following method:

1. Ranging the fitness of all particles from low
to high, and particles with same fitness share the
higher sequence number ( for example, fitness matrix
is [0.1 0.3 0.5 0.5 0.4 0.7], then it’s sequence number
matrix is [1 255 3 6].)

2. Updating weights based on the sequence num-
bers. It is easy to know that the biggest sequence
number is population size. Following is the weight
updating method:

w = 2 if sequence number is less than 40% popula-
tion size.

w = 1 if sequence number is greater than 40%
population and less than 60% population size.
w = 0.5 if sequence number is greater than 60%

population size.

In our case lower fitness is better. If higher fitness
is better, particles with same fitness will share the
lower sequence number so that particle swarm opti-
mizer can easily convergence in the end of iteration.
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Figure 2. ¢; with negative label because
d_ <dy

5 Experiment

As Section 1 introduced, researcher Ammar has
done this case before and got a good result. But
so many redundancies are included in their result
(so many features are useless), which lead to an
increase of feature learning time and detection time.
We found the reason why it happens to be their
fitness function:

([eREIem))
S (Cr—eiy)/M+Y (C_—e; ))/L

Where C; and C_ are mean values of positives
and negatives. M and L are quantities of positives
and negatives. e; . means ¢ — th positive. e; _ de-
notes j — th negative.

If positive class and negative class are always dis-
tributed as Figure 4 shows, this kind of fitness func-
tion is good.

But what we find is that positive class always act-
s as a subset of negative class. It is easy to un-
derstand, the gray-scale levels of face is a subset of
entire gray-scale level [0,255]. But the gray-scale
levels of non-face samples is so complex that it oc-
cupies a large range of entire gray-scale level. The
other weak point is that big scale Haar-like features
can get large fitness in this kind of fitness function,
but useful features are medium scale. Thats why so
many redundancies are appeared.

In order to do this case efficiently, we did some
change in fitness function as follows:

fitness = max

X=C,—F (3)
X=C_—-F (4)

Z=(X(es) > Y(e) | J(X(eo) < V(o) (5)
fitness = sum(Z) (6)

F' is the feature matrix including positives and
negatives. X (ey) means positive part of matrix X.
X (e_) denotes negative part of matrix X. Y(e;)
means positive part of matrix Y. Y(e_) denotes
negative part of matrix Y. For example in our

Figure 3. dimensions of one particle in
basic particle swarm optimization based
method

Iae (t -

Figure 4. dimensions of one particle in our
method, Indicate is an element of features
subscript array [0, 57000]

case, 2429 positives and 4548 negatives are included,
X(ey) = X(1:2429) and X (e_) = X (2430 : 6977).
Z is alogical matrix in (5). In (6), Z is changed into
numerical matrix.

Let us give every feature a label Indicate so that
dimensions of particle can be reduced from 7 to 3,
which leads to a reduction in computation time. Like
Figure 5 and Figure 6 shows.

The parameters of two particle swarm optimizer
were set as Table 1 shows.

The comparison of accuracies between relative
works and mine is shown in Table 2.

The comparison of feature learning time is shown
in Table 3. Computer with processor type of Intel(R)
Core(TM) i3-3220 CPU @ 3.30 GHz 3.30 GHz is
applied for this work.

6 Conclusion

The experiment results showed that the adaptive
PSO can efficiently reduce the training time and re-
dundancy while obtaining comparable result. The
future work is to apply the system for real time de-
tection.

Table 1. Parameter setting.

method Basic PSO  Improved PSO
C 2 2

Cs 2 2

Cs none 0.5

1 [O, 1} [O, 1}

2 [Ov 1} [07 1}

T3 none [0,1]
population 20 10
generation 100 80




Table 2. Parameter setting.

method detection rate false positive rate
original adaboost 95.55% 4.03%
BPSO based adaboost 97.63% 2.25%
TIPSO based adaboost 99.36% 3.57%

Table 3. Comparison of learning time and
Feature number for one classifier.

method learning time  feature number

original adaboost 347788seconds 240

BPSO based adaboost  18645seconds 107

TIPSO based adaboost 9180seconds 40
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Abstract: Human emotions play a pivotal role in decision making and human behaviors. Such scientific
studies are named affective science and affective engineering. This paper devotes to provide basic
methodology from affective engineering perspective to deal with human emotions. The supporting state:
a positive, negative, or neither position toward the statements during conversation significantly affects
the effectiveness of consensus forming. Unfortunately the supporting state is easily misjudged by people.
The reason is that the supporting state cannot be simply determined by the meaning of the words
without considering the real intent disclosed by speech emotion. Therefore this paper proposes a system
to determine the supporting states by recognition of speech emotions. The results show that the accuracy
of the supporting states recognized by the proposed system is 74.8% compared with subjective

recognition.

1. Background & Motivation

Affective Information means total sensory
data of human senses for emotion expression such
as facial expression, heart beats, breadth and so
on. Affective engineering is a technology, method
or theory to translate human affective
information or image to the features of the
designed objects. Kansei engineering and
emotional design cover similar themes with
affective engineering [1, 2]. The objective of the
paper is to employ affective engineering for
improving communication among people, especial
for consensus formation.

During conversation, the different supporting
states of individuals affect the levels of difficulty
in consensus formation. The supporting states
toward a statement are categorized into a positive,
negative, or neither state. Unfortunately the
supporting states cannot be simply judged from
the surface of words. One example illustrate the
situation: a conversation between the husband
and wife by using mobile phones. The husband
told the wife that he goes golfing with friends. His
wife answered that you can go if it is the plan you
want to do. The wife’s tone is a little angry and
impatient. However, the husband is not aware of
his wife’s real supporting state from the speech
emotion. His simple mind believe that he can go
with wife’s approval from the words. The
husband’s better decision and action is to stay
home or to bring gift home or to persuade his wife
again. From the example, a system is in need to
assist people in better communication if it can
identify the supporting states from the reveal of
speech emotions, but not only from the meaning
of the words. The bio-feedback of emotions from

speech can be also used for consensus forming in
meeting.

In this paper, the emotion behind the speech is
recognized by comparing the features of voice
data with those features from known emotions.
From the common experience, the voice can
express the emotion states. For example, when
you are in fear, the voice can be weak and
trembling. The extraction of feature of voice data
can be used to recognize the emotions. The
hypothesis about the positive emotions related to
the positive supporting state and the negative
emotions related to negative supporting state is
verified by the experiment. Figure 1 shows the
framework of the system. The system can
determine the supporting state of each statement
from conversation. Then the information of
support states can be further analyzed for many
applications.

Voice Data of Speech Evaluation of
a Statement Emotion Supporting
Recognition States

Figure 1: the framework of supporting state
evaluation system.

2. Survey & Method

Over the last quarter-century, there is increasing
body of research on understanding the human
emotions. Various theorists have conducted
studies in attempts to determine which the basic
emotions are. One example is Paul Ekman and
his colleagues’ cross-cultural study in 1972 where
they concluded that the six basic emotions are



anger, disgust, fear, happiness, sadness, and
surprise [3]. Ekman explains that there are
particular characteristics attached to each of
these emotions, allowing them to be expressed in
varying degrees. Each emotion therefore acts as a
discrete category rather than an individual
emotional state. Three key criteria for recognition
of emotions consist of (1) mental experiences that
have a strongly motivating subjective quality like
pleasure or pain, (2) mental experiences that are
in response to some event or object that is either
real or imagined, and (3) mental experiences that
motivate particular kinds of behavior. The
combinations of these attributes distinguish the
emotions from sensations, feelings and moods. R.
Plutchik created the 2D circle and a 3D cone in
1980 as a tool for wunderstanding his
psycho-evolutionary theory of emotions. Plutchik
identified eight primary emotions, which he
coordinated in pairs of opposites: joy versus
sadness; trust versus disgust; fear versus anger
and anticipation versus surprise. Intensity of
emotion increases toward the center of the wheel
and decreases outward. At the center, terror, for
example, becomes fear and then apprehension;
ecstasy becomes joy and then serenity. Secondary
emotions are shown as the combinations of the
primary ones. For example, combination of
acceptance and apprehension becomes
submission [4].

The emotions can be explicitly expressed from
the everyday languages and speech [5]. The
speech emotion recognition is developed for
identifying the emotions behind the speech. It has
many applications, especially for human-machine
interactions such as voice customer service in call
centers, and home-caring robots. The steps of
speech emotion recognition are described as
follows:

1. Construction of Emotion Speech Corpus:

(1) Collection of Data: HAMLET is an emotion
speech synthesizer [6]. The voice of speech
with specific emotions can be created by
HAMLET. Then the known emotions from
HAMLET are subjectively evaluated by the
persons. The capability of the person on
recognition of the emotion can be judged.
Then the voice during conversation are
evaluated for the types of emotion. It becomes
the basis of the corpus.

(2) Construction of Data Frame from Voice Data:
The voice data is split into 51 time frames to
capture the features of specific emotion. The
data is also filtered with Hamming window
function for noise reduction [7].

(3) Feature Extraction of Data
12-dimension Mel Frequency

Frame:
cepstral

coefficients (MFCC) is calculated to represent
the voice features in each data frame [8].
PRAAT software is used to perform the voice
analysis [9]. Then the vector quantification of
emotion MFCC is performed.

(4) Construction of emotion model: left-to-right
Hidden Markov Models (HMM) are
constructed from emotion MFCC to represent
six types of emotions: neutral, anger, sadness,
disgust, happiness, and fear [10, 11].
Baum-Welch algorithm is used to estimate
the parameters of HMM [12]. MATLAB 6.5
are used for emotion HMM.

2. Recognition of Emotion from Voice of Speech
Feature Extraction of Voice Data: The voice is
recorded with sample rate 16,000 and Lin16
sample encoding in mono channel. MFCC of
the voice data is calculated. Then Veterbi
algorithm searches the most likely sequence
of hidden states in emotion HMM to classify
the emotions from the speech.

3. Relationship between Supporting States and
Emotions

The supporting states indicate the following
conditions: positive state — agree with the
statement, negative state — disagree with the
statement, neither state — no specific
comment. In a real situation, there are many
factors to influence the emotions and
supporting states. For example, the emotions
can be affected due to the atmosphere of the
space [13]. In our study, the environment is
controlled in a simple room and the voice of
speech is played back. The participants listen
to the voice without any other disturbance of
emotions. It is assumed that the emotion can
affect the supporting states and the
supporting states can be recognized by the
emotions of speech. The statistical analysis
is conducted to investigate the relationship of
supporting states and emotions. The
evaluation of supporting states by the system
are compared with that by the human.

4. Experimental Results
1. Speech Emotion Recognition

The subjective recognition of emotion is related to
the capability of emotion recognition of the
participants. 5 males and 4 females classify the
type of emotions in a screen test of candidate.
89.4% accuracy of subjective recognition for male,
85.3% for female, 87.4% for the average are
obtained. Therefore, 9 persons are qualified to
evaluate the voice samples. Their subjective



rating can verify the effectiveness of HMM speech
emotion recognition. Voice data from males and
females in the research lab are used to test the
emotion recognition of HMM. Table 1 shows the
results. Anger 1s accurately recognized without
any doubt. Happy and neutral. It is a little
inaccurate for recognition of sad and fear states.

Table 1: The accuracy of emotion recognition

Emotion  System Subject Error
Neutral 55 58 5.2%
Angry 47 47 0.0%
Sad 28 25 12.0%
Disgust 33 35 5.7%
Happy 42 43 2.3%
Fear 23 20 15.0%
Total 228 228

2. Evaluation of Supporting States

Table 2. shows the evaluation of supporting states
from the system and human. It indicates that the
system and human have the same judgment on
positive supporting state. However, there is a
little difference of judgment on “negative” and
“neither” supporting state.

Table 2: Accuracy of Evaluation of Supporting State.

S;l;zorting System Subject Error
Positive 114 114 0.0%
Negative 80 76 5.3%
Neither 34 38 10.5%
Total 228 228

3. Relationship among emotions and supporting
States

Table 3 shows the relationship among emotions and the
supporting states. If the supporting states are
recognized, it can be found that the positive supporting
state is most related neutral emotion, then happy and
fear. The negative supporting state is related to angry
emotion. The neither state could be from all kinds of
emotions. From the viewpoint of emotions to the
supporting states, it shows that happy and fear are
most related to a positive or neither state; angry,
disgust, and sadness are related to neither states;
neutral emotions are related to a positive or neutral
state. It may be said that the supporting state reveal
more emotion than the supporting states can be
recognized from the emotions.

Table 3: Relationship among emotions and supporting

states.

Happy Fear Angry
Positive 19 (24%)  18(23%) 2(3%)
Negative 2 (4%) 4(7%) 17(31%)
Neither 34(18%) 20(11%) 40(21%)
Total 55 42 59
Supporting Disgust Sadness Neutral
State
Positive 0 (0%) 1 (0%) 40(50%)
Negative  9(16%) 2(4%) 21(38%)
Neither 25(13%) 10(5%) 58(31%)
Total 34 13 99

5. Conclusions and Future Works:

In this paper, the proposed system demonstrates how to
determine the supporting states from speech emotion
recognition. The future work is to utilize the system for
group consensus formation. The supporting states of
individuals can be shown in red/green light. The light
can be feedback to the group and change the process of
consensus.
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Abstract: This paper presents a constraint-and-boundary genetic algorithm as a solver for quadratic bilevel
programming problems. Bilevel programming problem (BLPP) is a nested optimization problem characterized by a
decision- maker at one level influencing the behavior of another decision-maker at the level. BLPP is an NP-hard one.
The constraint-and-boundary genetic algorithm method has several benefits such as the expansion of search space and
convergence to the feasible optimum solution. Genetic manipulation is operated in both the feasible and infeasible
populations. Usually, penalty function and penalty factors are used to get the same effect. Compared with penalty
function and penalty factor method, this constraint-and-boundary GA is much simpler and easily operated. Simulation

result show that the proposed algorithm is effective.

1. Introduction

The bilevel programming problem (BLPP) involves t-
wo optimization problems where the constraint region of
the upper level problem is implicitly influenced by
another lower level optimization problem [1,2]. This
mathematical programming model arises when two
independent decision makers, ordered within a
hierarchical structure, have conflicting objectives [1,3].
The decision maker at the lower level has to optimize its
own objective function under the given parameters from
the upper level decision maker, who, in return, with
complete information on the possible reactions of the
lower, selects the parameters so as to optimize its own
objective function [1]. The common characteristics of the
bilevel programming are stated as follows: The
decision-making units are interactive and exist within a
predominantly hierarchical structure. Decision-making is
sequential from the upper level to the lower level. The
lower level decision-maker executes its policies after
decisions are made at the upper level. Each unit
independently optimizes its own objective functions but
is influenced by actions taken by other units. Due to its
inherent non-convexity [4] and nondifferentiability, the
quadratic bilevel programming problem is an NP-hard
one [5,6,7,8].

In this paper, a constraint-and-boundary genetic
algorithm is proposed as a solver, which can solve
quadratic bilevel programming problem. The core of this
constraint-and- boundary GA is that we use both feasible
population  and  infeasible  populations.  This
constraint-and-boundary GA method has several benefits
such as the expansion of search space and convergence
to a better approximate solution of the global optimum
solution.

2.Problem formulations of BLPP

The bilevel programming problem can be written as
follows:

min F(x,y) (upper level)
X
s.t. G(X,y) <0. wherey solves (D
min f(X,y) (lower level)
y

s.t. gxy)<0

where x is an m-dimensional vector of upper-level
variables, y is an n-dimensional vector of lower-level
variables, G and g are vector valued functions of
dimension p, and q, respectively.

BLPP is used extensively to a variety of areas such as
economy, engineering and management [4], and some

efficient algorithms are proposed. For problem (1), the
feasible region is denoted by

Q={xylcxy) <0,g9kxy) <0}
the feasible region of the upper level is denoted by
0’ = {ylé(xy) < 0}
the feasible region of the lower level is denoted by

Q' = {ylg(x,y) < 0}

the projection region of Q onto the upper level is denoted
by

X={x[3y,s.t.(x,y) € Q}
the reaction region of the lower level is denoted by

M(x) = {yly € argmin{f(x,y)|y € Q*}}

the inducible region of problem (1) by



IR={(x, y)Ix€ X,y € M(x)}

In order to ensure that problem (1) is well posed we
make the additional assumption that the feasible region
Q and the inducible region IR are both nonempty
compact.

3. A constraint-and-boundary genertic algorithm
approach

A constraint-and-boundary GA approach can be
explained as follows: When initializing the population,
the initial population is divided into feasible population
and infeasible population according to the constraint sets.
Crossover and mutation are operated for both feasible
population and infeasible population. The offsprings are
divided into both new feasible population and infeasible
population according to the constraint sets. Then,
selection is pursued to the new feasible population and
in- feasible population separately. Finally, the whole
process is repeated until the conditions are satisfied.

3.1 Chromosome coding

For solving the BLPP(1) by the constraint-
and-boundary GA, a chromosome is represented by a
real vector V= (x4, X5, ", Xm, V1, Va2, " "»¥n) Where
X1, X, **, Xmexpress the variables of the upper level
and y;, ¥,, ‘,Yn express the variables of the lower
level, and it can be shortly written as V = (X, y).

3.2 Initialization

We generate M random groups of x € QU and
M’random groups of x € QU , which denoted by fea_x;
(k) and inf_x;(k), where M and M'denotes the feasible
population size and infeasible population size
respectively, i=1,2, -, M andj=1,2, .-, M', and k
denotes the current generation. The chromosomes should
try to cover the entire search space uniformly. Then pass
each value of fea_x;(k) and inf x;(k) to the lower level
and solve the lower level problem by using Lingo or
Matlab. Denote the optimal solution of the lower level by
fea_y (k) for each fea x;(k) and inf y;(k) for each
inf_x;j (k). Finally, M feasible chromosomes and N
infeasible chromosomes are created, which denoted by

(fea_x;(k), fea_y(k)) and (inf_x;(k), inf_y;(k)).

For convenience, we represent (fea x;(k), fea y;(k))
and (inf x;(k), inf"y;(k)) with fea_pop and inf pop. Then,
calculate the fitness values according to the fitness
function (2) in next subsection and save the best chromo-
some separately.

3.3 Fitness function

For problem (1), we make the fitness function as
follows:

Fitness(x;(k), y;(k)) =F(x;(k),y;(k)) (2)

Here, the fitness values of feasible chromosomes and
infeasible chromosomes are calculated separately
according to the fitness function (2).

3.4 Crossover operation

The crossover operation should be operated between a
feasible chromosome and an infeasible chromosome. We
set the probability of crossover with p.. For each
chromosome (fea x;(k), fea y;(k)), create a random
number r. If ¥< p., then choose this chromosome as one
of the parents for crossover operation. When a feasible
chromosome is chosen to be the parent, an infeasible
chromosome is randomly selected to match the chosen
feasible one. Assume that we get a couple of
chromosomes (fea_ x;(k), fea_y;(k)) and (inf_x; (k),
inf y;(k)). Now we create a random number A, which is
between 0 and 1, and operate crossover to the parents.
Make the two offsprings as (u;(k),v;(k)) and (w;(k),v;
(k)), [1 <j]. Then the crossover method is as follows:

{ui(k) = A fea_x;(k) + (1 = A).inf _x;(k) 3
vj(k) = A.fea_y;(k) + (1 = A).inf _y;(k) (3)
u;j(k) = (1 — A). fea_x;(k) + A.inf _x;(k) 4
{vj(k) = (1 —-2A).fea_y;(k) + A.inf _y;(k) @)

By the method above, we obtain two offspring (u;(k),
v;(k)) and (u;(k), v;(k)). Divide them into feasible group,
which is denoted by Nj;, and infeasible group, which is
denoted by N,’', according to each feasibility.

3.5 Mutation operation

In order to prevent the process from premature
convergence, random search is used in the mutation
operation. Set the probability of mutation with p,,. For
each offspring obtained by crossover operation, create a
random number y. If y < p,,, then operate mutation to
the offspring. Mutation should be operated to the feasible
offspring and infeasible offspring respectively, which
obtained by crossover operation. Divide the offspring
obtained by mutation operation into feasible group,
which is denoted by N,, and infeasible group, which is
denoted by N,', according to each feasibility.

3.6 Selection operation

In order to maintain the diversity of the population and
the global convergence, choose M chromosomes from
the M + N;+N, chromosomes as the next feasible
generation. Also, choose M'chromosomes from the
M’ + N;" + N,' chromosomes as the next infeasible
generation. The best chromosome may not survive to the
final generation. So, elitism is used to keep the best
chromosome survive. In details: at the start of the
evolution, save the best chromosome. If best
chromosome from the new population is better than the
best chromosome from the previous population, then
copy the best from the new population; else replace the



worst chromosome from the current population with the
best one from the previous generation.

3.7 Stopping criterion

If the algorithm is executed to the maximal number of
generations MaxZen, then the algorithm stops and the
best chromosome which has the optimal fitness value is
obtained. As the result, the lower-level objective optimal
value is also obtained and the problem (1) is solved.

Now we present the constraint-and-boundary GA for
problem (1) as follows.

Step 1 Set and initialize the parameters. Choose feasible
population size M and infeasible population size M’',
probability of crossover p., probability of mutation p,,,
the maximal number of generations MaxZen, Initialize
the current generation: k = 0.

Step 2 Initialize the chromosomes. Initialize fea x;(k)
and inf_x; (k). Generate each of fea_x;(k) € QVand
inf x;j(k) ¢ QV, where i = 1,2, - -+, M and j = 1,
2, -+ -, M'. Then, pass each value of fea x;(k) and
inf x;(k) to the lower level separately.

Step 3 Solve the lower-level optimal problem. For each
of fea x;(k) and inf x; (k), each of the corresponding
fea_x;(k) and inf y;(k) is obtained by solving the
lower-level optimal problem by using Lingo or Matlab.

Step 4 Feedback each of fea_y;(k) and inf y;(k) to the
upper level and the complete chromosomes (fea x;(k),
fea_y; (k)) and (inf x; (k), inf y;(k)) are obtained.
Calculate the fitness value of each chromosome
according to the fitness function and save the best one
separately.

Step 5 Crossover operation.

Step 5.1 For each chromosome (fea x;(k), fea y;(k)),
create a random number a. Ifa < p,, then choose this
chromosome as one of the parents for crossover
operation and randomly select a chromosome from
infeasible popula- tion to match the chosen feasible one.
i=1,2,--+, Mandj=1,2,---, M’

Step 5.2 When the parents are selected, crossover is
operated to them according to the formulas (3) and (4)
and two offspring are generated.

Step 5.3 Divide the two offspring into feasible group and
infeasible group according to their feasibilities.

Step 5.4 When Step 5.1 goes through all of the
chromosomes, the total numbers of the feasible offspring
and the infeasible offspring should be counted and
denoted by N; and N, 'separately.

Step 6 Mutation operation.

Step 6.1 For each of the feasible and infeasible off-
spring obtained by crossover operation, create a random
number . If f <p,,, mutation is operated to this
chromosome.

Step 6.2 Create a random vector Vi(vy, Vs, * * ", Vmin)s
which is between -1 and 1. Then mutation is operated to
each chosen chromosome by V + V;.

Step 6.3 Divide the mutation offspring into feasible
group and infeasible group according to their
feasibilities.

Step 6.4 When Step 6.1 goes through all of the crossover
offspring, count the total number of the feasible mutation
offspring and the infeasible mutation offspring, denoted
by N, and N,'separately.

Step 7 Selection operation There are M + N; +
N, feasible chromosomes and M’ + N,’ + N, infeasible
chromosomes in total. In order to ensure convergence to
the global optimal solution, Sort the fitness values in the
increasing order among parents and all offspring
chromosomes and select M and M'chromosomes as the
next generation. Elitist selection is also used to save the
best chromosome.

Step 8 If the stopping criterion is met, then stop, and
record the best chromosome, and the optimal objective
value of problem (1). Otherwise, set k = k + 1, and go
to Step 3

4. Numerical Examples
min F=x2_4x+y12+y2
X
s.t. 0<x<?2
min f = y;° + 0.5y, + y1y, + (1 = 3x)y1 + (1 + 1)y,

s.t. 2y +y,—2x—-1<0
Y1,¥220

We execute the proposed algorithm in 20 independent
runs on the benchmark problem using the MATLAB 7.0
compiler. During the simulations, we adopted the
following parameter suite: Feasible population size: 40;
Infeasible population size: 40; Crossover probability:
pe.= 0.7; Mutation probability: p,, = 0.2; Maximal
number of generations: MaxGen= 20.

From the results of the Table (1), we can see that the
proposed algorithm in this paper can be used to solve
nonlinear BLPPs.



Table 1. The result comparisons between proposed method and method
in the reference [2]

Optimal (x*,y*) found by (0.8462, 0.7693, 0)
proposed method

Optimal (F, f) found by (-0.20769, -0.5919)
proposed method
Optimal (x*,y*) found in [2] (0.8438, 0.7657, 0)
Optimal (F, f) found in [2] (-2.0769, -0.5863)
5.Conclusion

This paper presents an improved global optimization
method based on the genetic algorithm approach for
solving nonlinear bilevel programming problems. This
constraint- and-boundary GA approach has several
benefits such as the expansion of search space and
convergence to the feasible optimum solution. Genetic
manipulation is operated in both the feasible and
infeasible populations. Compared with traditional
penalty method, this constraint-and-boundary GA is
much simpler and easily operated.
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Abstract: A Hopfield network is a good tool for solving combinatorial optimization problems. However,

one of its major drawbacks is losing accuracy as the task size becomes bigger. In order to overcome this

problem, a search method to find out an optimal solution through applying iterative partial constraints,

instead of the applying them simultaneously, is proposed. As a result of computer simulations, it is

found that the proposed method shows better performance than the conventional method. And it is

concluded that the proposed method is effective.

1. [XL®HIZ

MAG DO RELIEEZ M THEE L TRy 77 4 —
VKRR NU—=7 OFHERMLN TS, LirL, B
JEOHIEN KR E K RDITHONTHEMAE R L, EAR
O LTRSS, £z, &N, vRy
N HEIRRE I W CHEMER R A DR v N T —2 T
g FEBRHANLNTWD [1]. 22T, ZOTAT AT
EHEILT, KB AeAROMEZ /NS < rEl L
WRBEAT O FIEERE LT,

TATHFZE I, RUEICKHS LeARDO Ry hU—2 %
BEOV TRy vU—ZIZHEIL, ENOIHAER%
Fplo g Chali{b 72 HIEAREL T, ZTOFMEEZRL
72 [2]. FZTARIIRBELER, *v NT—23F0F
FIZL TR E, RRFICHRTHRSEEEZSEIL T, IEEFIC
5.2 DIERZRIEIC W TR LTz,

UTARTIE, £$92 TRy 74—V Fxy hU—
7 ODREEEFEN L, 3 THBED R ORARN 25 2 HIZ
SWTHHT 5. ZLTC, 4 Tldn 7 A4 —RIBEEERDY
B EEEY I 2=y g LICOWTEKRT S, O
%, b CIEEIEORBEIEICE L TEREITV, 6 Titim
k5.

2. Ry T IT4—ILERY FT—4

Ry T T 4=V Ry NU—7 Tl, A7 T A
L OHERIMEICE R L, RIS Lz o p L X — B
HROOLND=a—a UE O ERTE Wi LEME; = H
W5, ZLT, R (D)~2) 12> TR F—DH T

DA ~RREER 2 D KT, £ ORER, kR =2 —
o O Vi(t) b, BERRICITREAEDS B BIRYIZK
£5.

Vit +1) = f(Z WiV (t) - m) (1)
j=1

z>0

L,
f(z){ 0 2o @

ZOW, Fv FU—7 ORBIZT R0 BDT D
TANDHAIREEB T ON DT, Ry b U —2 D]
HIRIEIC K> TIXRATAEICH> T LRV, SRffnifs b
NN ENRDD.

3. MEREIDEKRNLGEEZA
3.1 YIRy FI—O~DRE|

oWy, Ky FT7 44—V xRy hU—21F, RIED
HEDRRELS RDIZFEEERIIELS 2D, £2T, KKk
DORBEIZKRINT DRy N —7 B0V TRy hU—
ZWZHEIL, FhEn ik L T2 eT, 5xb
NI IRER 2 RO 2 FIEERE LT 2] 2oL X,
AROMETIIFET L7 F v bV —7 HOREFRMEE,
FIEAER & LTRSS 2 TRITIE, 4oMEEE< 2
LLFAIETHD. ZOBXFEKLITRT. AT T
1L, 3IRILZ v AN 24w FREEZTY LT, ZOFE
FEALZEZA, EERIZOVTIORWENTED S
nNizboo, +3IClE TELNETIE /RN T



z=1 z=2

interaction

y =

7z=3 7=4

X1 7%y vT—7 EHAEEROEARNE %)

3.2 FlHEHEDORE

I THENEIT OB EELL, HEEESEILT
RIRZRT A HIEERET S, HlziX, n7A4A—ME%
By FiF5E, In XndDOF = A ETEBREWNEZE L 72
WESIEnfl DY A — 2 ZRET D) W) REOER
WZEDX, JA—OFEE “17 L 07 TREIE,

i) MEHTNS 17 B2 FET D,

i) BT 17 B2 TFFET D,

iil) Ak« 22 PRI “ 17 B 2L EAFfE L7220,
) Lk BATROGEIC “17 2B DL ETFE LR,

v

EWVIHIRIGRENREZ BILD. TERIETIE, ZhbD%k
P 1) ~iv) 1T T D =1V —BI3 By (1)~ Ea(t) %K
», A, B, C, D OBEHHIREAERLC TNET S L&
T, n 27 A —YMEOREKTR VX — E(t) 28T 5.

E(t) = AE:(t) + BE>(t) + CEs(t) + DE4(t)  (3)

IEFRYT T 4=V KRy NU—7 DR LF—EFRN

B = 3 NS WitV + Y6Vt (@)

i=1 j=1 i=1
L CTEONAEAME Wi LA 6; DfEE HW
T, X (1)~(2) OV IR LI X DIRIEER 238 L il
g RO TN,

SEORRFETIE, HODHIKIKMEOF NG 3 5%
OHL, ZHBITHIGT D858 (case #1~4) Dk
WA KT Z & T, ARORBEORRZ HfF 3. =
DN D 4 T OE R 2 filRI S A X 2 (2B
5. Fl2, 2EMNRABEORNER 3 IR T

4. HE# T2 L—a Y

T 2T, L THD - 1000 @ Y OFIERIREEE HE L
T, MBEHE 0 2 4~40 DHEBICHONWT, B@EORy 7
T 4=V Ry NU— LIEERAL LT, 20O
FEREK AR, kb, ERETHRERN

(a) case #1

15y

(c) case #3 (d) case #4
X 2. KSR 53 EE

C om0
1

[ FohT—HD ML, |

!

case #1(Cd B %y b I—0D BiEk | |

!

case #2{ LB A v T — 0D Eail | |

case #3CLBF v T —oD Bt | |

case #4(CL DR v T —ID Eadl, | |

—
e b

X 3. HIKIRIEOSEN RS D LB O

BOHNTWD BB (n = 4~21) IZBWVT, X 4(a)
KV FEEROGENHGRTE D, 2B, n=6I128B81 T
EERP I TR > TWDEA, Zhitn 7 A4 —M
BT RIZNONTWBHERAT, n=060& X (1D
RNEWHIHLOTHD. LT, fERE TR LR
WHIEOTETORWVEEBL (n =22~40) (2B
ThH, K4(b) L VREIEDE NI X > ThHREM?E D
TW5%.

ZIT, ek LREREERWTEGEOREEIZO
WTC, Rl OFEIRREN 5 2 Sz & & ORFRZE L % T
BLIZLZA, BlziE, 50X hol-. 22T, ¢
FRE %, EIFMEO R R LF—2 KT, DL X,
() IFERIETH Y, t =2 RITREEERNEZ 5 TH



rate [%]

hod 12 e PrOP.Method
e rOp.Metho = = = =1 conv.method
30 = = = = conv.method 10
X
A )
60 % _ 8
[ X
[ D 6
' = 3
40 [l o
) g
Y 4
20 'x‘ 2
%o NN
0 Ko M m 3 o K= 3 X 0 26 3= 26 e M D6 KD 3 e M D X 324 H X

4567 8 9101112131415161718192021

(a) MEBAE n =4~21 D L &

size n size n

X 4. FHEHEL I 2 L—2 g VOREE

=0 (FE1IKEE)
E = 198,000

t=0(FEAIKRE)
E = 198,000

t=1 t=2 t=3 (IR IR AE)
E = 4,000 E = 4,000 E = 4,000

(a) PERIED & =

22232425262728293031323334353637383940

(b) FIEBIEL n = 22~40 D & =

L L L L
' || [ |
' || |l |
] T i|
' - - e
' - (! - || N |l - |
t=1 =2 =3 =4
| E = 14,000 | | E = 8,000 I | E = 6,000 I | E = 4,000 I
| | I | | | | |
guuns RN snunERy SasulEE Smesl
—= - -+ @ @
' ! . e =
' ! || |l |
I t=5 I t=6 | t=7 I t=8
E = 18,000 | E = 10,000 | E = 2,000 | E = 2,000 |
! (! |l || |
] 1 | ]

1 I I I
| | | || |
! | [ . | [ | |
| L | |
I =9 (| =10 ! =11 |10k

E=0 E=0 E=0 E=0
I _____ - I _____ - | _____ - I _____ -
case #1 case #2 case #3 case #4

(b) FERIED & &

5. RIS DHEN 1T D IREEBEFED —H4]



Fifig & 725> CTnd. ZHUCHH LT, (b) ITBREIETHY,
oy RIRE (case #1~4) ZMV K Ui#E{L L T\ Z &
THRAZIZTIRS 2R3V F— E BN ED L, st
HBNTWD. LENR-T, BEEOFIMELZ RT—H &
EZD. B, t=40bt=5~DENELDL, TF
NX— EN—HIC EH LTS, KRDOK Yy 77 4 —
JVRRy NU—=ZIC XD REE(LTIE, =3 F—»21
AT 52 L1370, 20X ICESRIEOM Y IR L
ELTRS Z &T, RFENS ORHNEBR TE &%
ZTW5.

5. & %

REREIHONT, K20 X9 ICHNGEHGZoET 5 &
W Z ki, XB)IZBWTA, B, C, D%IEFIZ0 L
L7Z2b D Lo TV A, BRI LIZERTIE ARV, 3
Txy NI =T ~HET L85G SITRRY, WD THS
ISR T 5 =L F—PE & RO E T 72 £ ORI 72 F
MITARE L 72> TS, Fi2, FIZHE 3L —E%K
%52 2RTIERVOT, ®50b)IChDd LBy, BPT
—RFIC =R F =B LR L, RN SHHTE 5 X
DTHD. AL, ARG [3] SORE O B fIEE
[4 Il FliEL S 25,

P, MEETHRIEMEEZ B L CRYVIRLEHNT 5
Be, 17 A4 —vosE nficd 25 &0 ) BESRME
2, EEMICEINA TV, TR THLEENSELNT
WD DL, 4 FEORKREDON, =5%[FKICE 2T
BY, HIZTo0 “HRD” BT T RDELEE
Zbhb.

b0z END, A, B, C, D DEZYYNIIEEIC
“07 L LTEBE, L LEBICERSETWITIL, K&K
BHNIARDORIE & = 2N X =B T 572, L
NPH Lz, 2L, o “T=—Vrr77 LtFo
TbHEIWThAD.

6. BEHYIZ

AEFFETIX, 52 ONHlSEtZ2aE LTl IRL
B b+ A IERIEICOWTIREL, TOHEHMEICOW
THRILEZ. 2L, n oA —RBEERY LIP3
By al—va bofER, EERNYGEL, WERIET
HiE< 2 E DO TEARWRBERAIC ISV T b Rl 55
NDZELEER L. L LeRNG, HIREEREZ -
LGy, EEEERFORMBH D B 2D, 5%,
X0 M IREIZ BT 2 0 EREIC SOV T LR EITO T
ETHD.

ZE Xk

1] =kyEER, REE . “=2—J VXY NU—J MDA 4
T varickbduRy MIBEIEORIFE ", 5578,
NC2009-111, 2010

(2] fREREE, FARE, GHESI “HEIShizhy 77 41—
Fxy bU—27 2 AWzl aa b RERE O TR 7,
%5 3 A1 H AFNRENG 7 7 ¥ o F R IUN S A AT AU
FE2THE, A104, pp.7-8, 2013

[3] H.Wakuya:“A new search method for combinatorial op-
timization problem inspired by the spin glass system ”,
In Brain-Inspired IT II, 1CS1291, pp.201-204, Elsevier,
2006

[4] H.Wakuya, K.Yamashita:“A new type of Hopfield net-
work with controllable synaptic weights for solving com-
binatorial optimization problems”, Int. J. of Innovative
Computing, Information and Control, Vol.5, pp.5051-
5060, 2009

ERE
VN0
Ve R KB TR R Se R B A B 1 TR IR

E-mail : wakuya@Qcc.saga-u.ac.jp



A—HFOSREYVTIZEDKITI7 OBV R T LOEE

Building a Fuzzy Recommender System based on User Clustering
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Abstract: Personalized recommenders can help to find potential items and then recommend them for
particular users. The aim of this paper is to propose a personalized hybrid recommender method based
on clustering of users. Here, we incorporate user- based method with item-based collaborative method by
clustering users, while applying clustering method to fuzzy user profile. To evaluate the effectiveness of
our approach, we conducted an experimental study using MovielLens dataset. The proposed algorithm
was compared with a conventional recommender method.

1. Introduction

Recommender systems have come into our view
since the collaborative filtering algorithm was
raised in 1995 [1]. Conventional recommender
methods always work on a rating schema that
items are graded from 1 to 5. However, there are
several rating schemas (ways that items are rated)
in reality, which are overlooked by conventional
methods. Our proposed method transforms rating
schemas into fuzzy user profiles to record users’
preferences. As a result, our method can deal with
different system rating schemas, and improve the
scalability of recommender systems. Additionally,
we develop item-based collaborative methods by
clustering users, which can help us to gain insight
into the relationship among users.

The remaining of this paper is organized as
follows. Section 2 describes the four phases of our
proposed method. In Section 3, the results of
comparing with a conventional recommendation
method are shown. Finally, Section 4 draws
conclusions to our work along with future works
for improving our proposed method.

2 . Proposed Method
2.1 Phase 1: User Profile Fuzzification

The numbers of users and items in database
are separately set as m and n, respectively. The
input is an m X n user-item matrix, which is
presented as user profiles. A user profile records
particular user’ s preferences for some items in a
database. Let R be the set of rating scores. And
rating scores can be non-negative integers or real
numbers within a certain range. Here, the value
of R indicates the degree of users’ preferences for
items. The higher score that item gets, the more
likes this each user.

We can use the following (1) to compute the
preference degree that the target user likes a
particular item. Within the scope of rating score,
Rgown and R, are chosen as lower and upper

bounds for the rating set R, where Rypun, Ryp € N

(natural number). So the membership function of
rating scores for fuzzy set, R, can be denoted as

0O x=R
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R(x) = R <x<R [€))

down up
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where x 1s a rating record in R, p is the number of
records that rating scores are smaller than x in
training dataset, and q is the number of all rating
records in training dataset.

The set of fuzzy user profiles in recommender
system is defined as U ={U,,U,,..,U,} , while set
of all items in the dataset is defined as I =
{I,.I,,...1} , in which items could be movies,

songs, restaurants, or mobile applications.

2.2 Phase 2: Clustering of Fuzzy User Profiles

In phase 1, we get the fuzzy user profile for
each target user, Ut. k-medians clustering
method(a variation of k-means clustering method)
is chosen to find a particular set that includes the
target user. By deciding the number of clusters, k,
and applying k- medians clustering method on
user profiles, we get the final set of clusters, C. In
the set C, the target cluster Ct containing the
target user t is chosen, which consists of a users.
Here, Ct€C; 0<a< m—k+1; a€EN.

2.3 Phase 3: Finding Similar Items

Our proposed approach is built on item-based
collaborative filtering.
Stepl: In phase 2, we get the cluster set Ct, which

is redefined: Ct ={;1’”—2’---’;z’--";a}’ Now the
original input matrix has been reduced to a

users and n items.
Step2: Define the rating score as

Tt,i

Tt = ’
t,% { Pt.i
Step3: Here, we use the adjusted cosine similarity

measure [2] to evaluate the similarity between
target item i and item j, sim(,j), as follows:

if u; rated item 2
otherwise
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sim(i, j) =

(3)
where r,; denotes the value of target user t on

item i, so does r; . 1 is the average rating for

the user t. 1, j € {item1, item9, -, item n}.

Step4: As a result, we can get the similarity set of
itmes with target item i: siml = {sim(,1), -,
sim(i,i-1),sim(,i+ 1), - - -, sim(, n)}.

Stepb5: The elements in this similarity set sim1
are ordered in descending, and define a
threshold value 0. As that if the similarity
element in sim1l is larger than 0, it will be
chosen as an optional candidate to the set sim2.
Finally, sim2 is the set of most similar items for
object item 1.

2.4 Phase 4: Recommendations
In phase 3, we got the aggregate of the most
similar items, sim2. The next step is to apply
adjusted weighted sum [2] to predict unknown
rating scores. The prediction for user t on item 1 1s
calculated by (4)
tesima Sim(i,1) x (e —11) @

Z |sim(i,1)|

lesim?2
where the respective average rating scores of
items 1 and 1 are defined as ri and r;, 1 € sim2.
According to the rating score calculated as above,
we can get the rating vector for user t,

U, =1 T g5l -
The elements in vector u: are sorted in

descending order. Within those elements, the first
N items are chosen to recommend.

Pti=Ti +

3. Experimental Results

To evaluate the effectiveness of our approach,
we conducted an experiment using MovielLens
dataset, which contained 943 users and 1682
movies. In our experiment, Mean Absolute Error
(MAE) [3] was used to measure the equality of
predictions for recommender system. The lower
MAE shows, the better recommender system
performs.

The average MAE for whole testing data set is
defined as MAE in (5):

N, Z Pt — Tea
11

n

Nu

<

(]

MAE = ! )

where Nu is the cardinality of the test set of users,
with t € {1,2,..., Nu}, and n is the cardinality of
the test ratings set of user t. For particular user t,
the prediction values of items are defined as {pt1,
P2, ..., ptof, and real values of items are ire1, riz,
eey I't,n}.

In conventional clustering methods, deciding
the number of cluster, k, is one of the major
sticking points. Here, we conducted a study that
compared CF based on k-means to our proposed
method, with MAE measuring of the performance.
The result is shown in Fig. 1.

0.83
Our proposed method
CF based on k-means

0.805

MAL
*

0.755

5 10 15 20 25 30 35 40

Number of clusters

Fig.1 Comparison for different number of clusters

The MAE of our method dropped fast at the
beginning and then kept smooth after k reached a
certain value. Therefore, increasing the number
of clusters in a certain range is helpful to improve
the performance of our method. A sharper
downward trend than CF based on k-means
method in Fig.1 is a proof for the success of our
method. The experiment showed that our method
is superior to the conventional collaborative
filtering method.

4 . Conclusions

Here, we applied the clustering of user profiles to
item-based collaborative filtering method, which can
combine items’ and users’ characteristics. A considerable
improvement has been made in accuracy. Furthermore,
fuzzy set theory helped the system to understand
different rating schemas. Much work on recommender
systems has been done. However, most research studies
focus on application of movies. In our following research,
we would try to apply our proposed method to a different
filed, such as application in mobile phone, or combine
recommendation with mobile phone location.
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Abstract: It is generally known that Chinese market is an integral part to the world, international
automobile companies are making efforts to gain access to Chinese market. To expand the market share
in China, companies implement various strategies, as a result, making the market competition fiercer.
As Chinese automobile companies are not well-known in the world, Chery Auto is considered to be the
analysis target as the representative of Chinese automobile companies.

In this paper, it is introduce the fuzzy concept in Poter’s Five Forces (5F) analysis as the external
environment analysis method. We analyze the Chinese automobile companies using the proposed fuzzy
5F analysis. And we analyze the Chery Auto to pick up the threat of new entrants from the competition
factor of five. As a result, it will be clarified the level of threat of new entrants in Chery Auto.
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