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Abstract

Recently, some studies of a web-based information recommendation technique which provides users with the most
necessary information through websites like a web-based shopping mall have been conducted vigorously. In most
cases of web information recommendation techniques which rely on a user profile and a specific feedback from users,
they require accurate and diverse profile information of users. However, in reality, it is quite difficult to acquire this
related information. This paper is aimed to suggest an information prediction technique for a web information service
without depending on the users’ specific feedback and profile. To achieve this goal, this study is to design and
implement a Dynamic Web Information Prediction System which can recommend the most useful and necessary
information to users from a large volume of web data by designing and embodying Ensemble Support Vector
Machine and hybrid SOM algorithm and eliminating the scarcity problem of web log data.
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3.1 2+AHE Support Vector Machine
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Algorithm 1. Initialization Phase of Ensemble Support
Vector

Algorithm: Initialize_%"38 SVM (Parameter[j])
/) BEE SVMe 2738
Set parameters; nsv, beta, bias, X, Y, ker, C, loss, e

//X-training inputs, Y-training targets, ker-kernel
function
//C-upper bound, loss-loss function, e-insensitivity,

bias-bias term
//nsv-number of support vectors,
Lagrange multipliers
// AR 273k 2AY
if ( nargin < 3 | nargin > 6)
/A g A e AL
else n = size (X ,1) // 94¥ dlolg 33l
if ( nargin <5) loss = elnsensitive
/%7 £285:2 e-Insensitive® AA
if ( nargin <4) C= Inf
//EE Ry B 49 gk 2F
if ( nargin <3) ker = linear
/) 27 ALETE linearE AA
end
/o AE el 24
Set H = zeros (n,n)
/) AdES wlde] x7)3}
Repeat from i=1 to n
repeat from j =1 to n
HG, j) = kernel (ker, X(1), X())
/) AEEr A&

beta—difference of

end

2melE 2 SVMel A% B4 A% BB @
Algorithm 2. Ensemble Phase for Performance
improvement of SVM
Algorithm: Voting_Kernel(Sel_ker[k])
/e A g AMEEle] HAe 45 AR
Choose optimal kernel K* such that min] |
// l-scatter smoothing, 2-bin, 3-running mean, 4-kernel
smoother
//  5-equivalent
smoothing spline
/) BEER MEY
Repeat from i=1 to 13109
if random_number < 0.1
re_sampling
// Bootstrapping?] AEE 71 &

kernel, 6-regression spline, 7-cubic

end

/AR AG e AR

Repeat from k=1 to 7
MSE[k]=risk(Sel_ker{k])
/AR #e] Ha A 23 AN
if mse[k]=min;
voting

Az AF 9 ol A Ae AYYSE A9

end
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Algorithm 3. Initialization Phase of HSOM

Algorithm: Initialize. HSOM (Inputlil)
// HSOMY] %7]38 : M EY A A9 273
Initialize network parameter; Input_layer(int i, int o, int
init_neigh_size)
num_inputs=i, num_outputs=o

/DY WEjet ¥ wWEe 273}
neighborhood_size=init_neigh_size

/B AR ol xRt 273t
weights = new floatlnum_inputs*num_outputs]

/N 7VEA AA
outputs = new float[num_outputs]

// =8k AR
// HSOM¢Y| %2713} @ &g #X9 %73}
Initialize bayesian distributions // #e|xI¢t 28 Ex A
/&7 FHEX Y EEE Wdd 2440 #4203 190 7RA
St BER A4

Initialization of the weight vector, w](()) to have

probabilistic distribution, N(0, 1).
// EE e 2
Initialization of the learning rate @(0), a(Hoct ™ ;
0<a<l.
/) ol W e AA

Initialization of the neighborhood function K( j, ]*)

K decreases as to increase [j— 7 |
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2D E 4. stolHE = SOM
Algorithm 4. Hybrid SOM
Algorithm: Train_HSOM (Train[j])
// dtelBal= soMe welx|¢t gHE
Determine the winner node
/EY w29 HA
/7ESAS BEE 2R ¥ e A3t
Normalization of input vector, Gaussian distribution with
mean 0, variance 1
// 7Y% 21 €] hyper=parameter 274
Choose the distribution of weights, w~ A&
/HAx FEHYUS AGE ZE w58 2A

Choose the winner node ;"= arg maxy; using Euclidean

wxe A

criteria.
Update of parameters
w; "= w,%+ a(DKU, WX~ w;*)

where, K(j,7"); Neighborhood function
end
// 7VER BXe By 44 A4l vk
Replace old distribution by current
slojBEl= SOMY ¢ =& 24
Set Winner_index=0,
maxval=-1000000
// Hd wbE 34 AH
Find the winner neuron// ¢ ¥ A%
Repeat from j=0 to num_outputs
repeat from 1=0 to num_inputs

/AL FEUS ARE 2 =27 8 w27 8
winner 1,71 = argmmllx( B—wll
end
Set m=(int)alpha, delta=alpha-m //7}5 A #3744

// 7FSAIRE BREREE RS A4
while(count<data_size)
v=rand()/32767.0,
w=pow(y/m,delta)/(1+(y/m~1)*delta)
end

/R wrkA] g gy

Repeat Until given criteria satisfaction.
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Table 1. Performance Evaluation of Web Information
Prediction by Using Ensemble SVM

HaAFext | gols Wy SVM okAHE SVM
X A 1.37 1.29 0.89
29l 50% 1.01 0.97 0.64
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Table 2. Learning Time according to Data Amount

dlolE 27 Hol& SVM GdE SVM
500 21,873 2,941 2,995
1,000 48,121 8,890 8,954
1,500 72,181 20,631 22,009
2,000 96,241 35,170 36,542
2,500 120,302 54,391 57,325
3,000 144,362 77,967 81,024
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Table 3. Compare of Convergency between SOM and

Hybrid SOM
o SOM slol el = SOM
3 11 7
4 29 21
5 28 43
6 19 18
7 3 9
8 2

® 38 A7) 2335 FYAE AU 3x308 AAG
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Table 4. Final Result of Hybrid SOM

F4 [ANA 2| 129 | 229 | 329 | 429 | 529
- page 37|page 46| page 8 |page 52 |page 42
1| 2423 (25.12)|(21.3%) | (18.8%) | (18.3%) | (18.1%)
page page page page page

52| 1,989 201 123 169 137 144
(30.1%)1(2692) | (241%) | (141%)| (99%)

page 83| page page |page 78| page

I3 | 1,903 102 116 126
(19.6%)(13.8%) | (13.1x) | (1022) | (71x)

page page |page 83| page page

a&E4 1 1,471 219 194 261 137
(24.32)1(2192) | (179%) | (1642) | (14.1=%)
255! 866 page ‘19 page _63 page _23 page le page fSZ
(283%) | (27.8%) [ (236%) | (21.4%) | (206%)

86529 Idell et Algxte] 2R ATHE el
o ol 2 Aol HEHom dFH ALgA A 39 1
= 1 o)A, sd slolxol e
5 Ao JEgs ik 2 G844, 1F 19 *%‘2?_
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3790 Uﬂ

1‘4:[

E 5 2z AHgAdd: 8653)8F T3 FAE ALt Ax
Table 5. Result of Similarity Calculation between New
user and the Cluster

T 3 81| 2% 2| 283 aF 4| 2E S5
A g 2.49 3.76 1.42 433 2.85

F 59 23, Id 8653 AH&Abe P A2 fEdUet
A7t Add =4 30 &dEch mebA, o] ARGl gt
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Table 6. Final Result of the Recommendation System
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23 Al At duyF
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