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Abstract: Recently, recommender systems have been widely applied in E-commerce websites to help their customers find the items
what they want. A recommender system should be able to provide users with useful information regarding their interests. The ability
to immediately respond to the changes in user’s preference is a valuable asset of recommender systems. This paper proposes a novel
recommender system which aims to effectively adapt and respond to the immediate changes in user’s preference. The proposed
system combines IEC (Interactive Evolutionary Computation) with a content-based filtering method and also employs data grouping
in order to improve time efficiency. Experiments show that the proposed system makes acceptable recommendations while ensuring
quality and speed. From a comparative experimental study with an existing recommender system which uses the content-based
filtering, it is revealed that the proposed system produces more reliable recommendations and adaptively responds to the changes in
any given condition. It denotes that the proposed approach can be an alternative to resolve limitations (e.g., over-specialization and

sparse problems) of the existing methods.
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Fig. 1. Description of existing recommendation methods.
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k-means clustering Algorithm
Perform clustering (or grouping) N data points into & disjoint subset.

1. Randomly choose # points from N data points
(to divide N data into & groups)
2. Set N points to the centroid of each group
3. Apply below pseudo code to each data points of groups

For no more changes in each group do

(1) Calculate distance between item(/;) to each centroid (C;)
Di=|1-C;|,i<=k

(2) If the D;is smaller than distance between /;and C;
Change group which has distance D;

(3) Else
There is no change

End do

I% 3. kmeans ST]2HE Al
Fig. 3. Whole processes of k-means clustering algorithm.

2 =EoAe AR dEEE wEa FgdstAl 14
3171 3l At AlzHlo)] FEFaAstS AFE sllom, AF
ket 3 Al2E 2ke] AEHARQ] AT ZH(interaction) S
&3 AREAS HES A ge] gotstar wEA w-gE 4 9l
E5 3T
5. Hlolel Z1&=Hdata grouping)

AL A|z~Elo] AH o 948k ] AH|AE AlFstaL
FAl F Au|2zd] digk AEE &S $l8tke] dloly 1
w8 7IHS Aeih olge s Al I 1 A
24 il FAEE nfgo® 3 Al2E o e BEE
FEES AT o 1FS T "k

AF A 2=Ele 1ESE - ARgALe] HUME Afgo R F31
3] Foto] A aEst ARE &8st
o AlxElo] 4 &S FAsh=d 428

IS #1381 k-means
dugEe 4

Ak FoRl A2 1E5FS
Eolsh= 7oty 0¥ 32 femeans SE|2EHH darg]lF

= H

k2] %7] A4 (initial population)
B3l o]Fo] At} o= gzt
ske] Wl s Tl AREARe] g guke 31 &

Aot Al~ElS MP3(MPEG-3 Layer) E9l9] 2-¢F Ho|E|(ZF
7 A=, 40052 ARESIITE BE dolHE afeh 29
S8 AU glon #2395 A A,

Ak 33 AR F 70 DAECEAE], AR )
HERsa TR



742 USE,HHS ATE
Number Artist Title
28 Casiopea | Looking Up Extracted Features |
1) general features
Tempo Pitch Octave Root Mode Desc Simil

| 0.01132 | 0.040320% | 0.0403200 | 0.74032¢%¢ | 0.129320e¢

| 0.1324200¢ | 0.04032000 |

2) profile matchin

a9 4 AATNAS] 74 .
Fig. 4. Example of individual.

1) Preprocessing 2) User Evaluation

‘eatures

Substitute
Feature Extraction Population
Data Grouping
l Item List
Initialize Evaluation d > Selection
Population
Human

: (subjective)
a5 dsRst wAle] .
Fig. 5. Process of [EC phase.

1. MA2] =HA(preprocessing phase)

A WA A28 dolele] afd Jre F
Fath o2 ol§ale] 1FE FATL oleid Y] w
£ B4 342 A3 v gold

WA 2} delElE S B el 4R FE =7
CLAME ol§3le] Hlolg mia Aiel obs gie =
Flth 0% Bale] gobd AR} Ho) |uARs} Tehwlol

e 23 4= CLAME S8l 54 el et 7N
QAL TS =43} g

A = e A3 S0 HolB S kmeans P4
Y gaEEe kel pie] aEe e olHR
5} ARz AR AlEol] AE o] 25 existdrt |
oM Mz 3 Fus T8kt AR

2. AF2AF "o} ctAl(user evaluation phase)
AE Alz=El2 AREAE ZF dlojEle] HFEE HRHo

2 37 & F AEF AAEIIY v dEiA AREARE ZF
ko] FHakol| wE} HrF A4E Fojgo sy suS Ut
o} o8 ke A2 T AIQ Al 2HS e
<3ke] "ok
3. MSRIEILH SHA(IEC phase)

FexgAst gAlE A AlZ=E"e] o] Y Fask

Truncation Selection

3) grouping features

3) Interactive Evolutionary Computation

Generate

. —
New Population

Search

To find similar item
From particular group

Crossover
BLX-o crossover

fzolv] o4 WA AL B7h wAe) A Foof
2 ngow AEe 0 e AP,
9ol 4§ 33 71e U 71

2

fl8ke] Az st
(genetic inheritance)S 83131t
ojdto} &g Fa-s AT
SRR A|=H¢]
o] 42y Al
Adagitt. olelgh
S A835)o]
7

i1

>
&
>
Mot
R
Hir
rlo

4
ox

S
=
H

N
2
oot
4

o
Ho
ok

gl o= T10

o
2 3o HslE 5 Edvle] A=
g 55 AR 71HeA AREE dE
B2 Bgs HoFrk

3.1 ME=H(selection)

aukx o2 {73 A2ERS(genetic operator) 5 A B AXEx}
(selection operator)= 7Fg 23| AdAEojok gt} efjufshH
A 7l what AAFSQ A AsEiE Feke



gl GFE 7H7] wolek

zﬂo]— ;\]/\Eﬂoﬂ}q‘— =& x%sh:e Zb= o FHA o

2 fEsks 7Ne ALtk 3, AHEARTE B B}
g e GEe A8 AelH nHA RS ehy
° B2 34 3us A shedl f8% AR AFEN
%27] o Ak AZENAE o)F R ol wpgo
2 3le] Fojzl AE ks A FIA B AYEE 7]
Foz YW ¥ 1 F AW MEawel NS Agsta

Ql %
ge Ueld slEe vl Ad duvibel 48 skl

3.2 WHl(crossover)

AL Al 2Bl A wwl Tl 715 F
sto] A2 a5 s Fas 7t g
2L Ae] HAEE 9lg Fagk g dolrk

AR Al 2=l A Q1 A= A FEE 748 5o
Ao 4 Holdr] wizel] AR o] ol Al A
& 7Fs%t BLX-0 8l 79[22 AHE EF3ith o] anj 7]
Heol AA 2 AL 19 604 B Frh

3.3 A (search)

AN GA A= P S
Alz=gle)] ol Sl v I EXHY] RS S5
Z 7P w2 ARt s 2te 35S FollE As &
2 3t} &3 Ak A|lAEe
o R e TR HAgde dES g R 7
st =S gt

ARE A|2=ElE kA HAE] dAlA A S48 71
o2 TFsE v AYslr] Wit 7 F5e] 1F AR

Axstal glom, de TIFd &3 FEES AR A

A5 AYar Q7] whzedl A2 dAleA Al Ule]
T FEEY vwd A vE] g AxkE 458

X0 o ok NIN

.ﬂ

AL A S e FaAeA e
(generic) FErolet A st aml) GAE AX A

i

BLX-a Crossover

1. Select two items X(#) and Y(¢) at # generation
2. Create two offsprings X(#+1) and Y(#+1) as follows
For i =1 to n (length of chromosome) do
(1) Calculate distance between X(7) and Y(¢)
D=1X(H-Y(®)|
(2) Choose an uniform random real number u from interval
<min(X(?), Y(¢)) — (a* D), max(X(?), Y(£)) + (a* D) >

X(t+)=u

(3) Repeat step (2) as same as X(#+1)
Y(t+1)=u

End do

% 6. BLX-0 2] 7] 2] WA,
Fig. 6. Process of BLX-0 crossover method.
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Fig. 7. Different search step for item type.
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Fig. 8. The proposed test agent.
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Table 1. Two test cases to evaluate the proposed system.

(24 #1]
52 | 2Es & AQE Alawle] s BA
U 7159 Hast
Bt 715 |- Hat A= (average fitness value)
- A8 Al7Hexecution time), TF$1: ms
(&34 #2]
g | MEE W AEE A o] S7F (Hloly 24t
o FADl] wE Aot A|2Eo] A% B
- B3t 23 (average fitness value) 343}
w7t 71 |- B4 ARACIA 79 $7F A3 o] % Hat 4
4o ®isk

2 0 me

Hrrslr] flste] A WA ARS AAEIIY 3
7108 v37 2

1) 5= 3 10709 &=

2) 10019] wHE 213y

3) ull 23] A] 50| tH(generation)7}4] 718§

4) 1552] 2 1~1070
o714 279 7 18] A= 1538 glo] Ads s
2& ofm gk

a9 9% 7} aFgrol] wE Hu A (Average fitness
value) 2 23] A|7HExecution time)S LERATE 13 9(a)oll A
= Iw 7F 7K wet B AFETF 2ol SR
o Utk B3 27 b= Fote] 1FY 7 ST $l
wEl Ae) Algre] hAdhe RS G itk 58]
7A9] T1E E 29 3004 A Aol FASH AT
o} 4= oIt} olo] PEl= xF AF AFESS ¥ 204
HolFErh o]F F3le] HILEgsh 1wl 47t Aol vlst
o] 2, 3709 2ES SIS W Ha AT gro] =88
& g Slek whd g AR A9 aEEHA 53% 3
S-S & 7 Utk &, LEs 71 o] &% At AlH

>,
et
o

= s
5 o B =]
o) Aol FPBL el sink
0.325 - -
—
0.320 | /
Q 1 n
= —
= 0315 n u
g ./ —a
% 4
g
= -
£ 0310 /
[
9 ]
g u
S 0.305
<
0.300 | /'
n
0.295 T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10
Number of Group
(a) Average fitness value.
5000
| ]
4000
2
£ 3000 -
i)
=
2
£ 2000 \
3 n
<
m 1 \
1000 - '\_ .
\ =
] T—n n
0 T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10
Number of Group
(b) Execution time.

19 9. TI5stel] whe Wk A= 3 AARE
Fig. 9. Average fitness value and execution time for grouping.



0.37

0.36 :

CloIe J8=HE 018

Aok JJgte] =8 AIAE 745

0.35:
@ :
=
s :
= :
w 0.34:
) .
g ¢
= i
) T
o33
o) :
> :
< 1:
0324
o, e
: ¢ /‘ . ’“/’ "\’.\
: MR \ f‘o ”“ ‘J 0’/\' ‘:’/\‘"’\/“X\o A * A *
: ¢ * ‘\“0’ /“\ "“"’."0’\0 ’\/00/\‘0//"\’ * /\’ "’“’\0
0317 LT e e R A T P2
! A . *J \"/‘ AR
Initial :Second  Third
0.30 - T T T T T T T T | T T T T T T T T T T T T T T T T T
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150

18 10 Al=E W A ¢ dstel] mhE gyt Aet
Fig. 10. Average fitness of the system when changing the number of data sets.

E 2.438#H A

Table 2. Numerical simulation results on the test case #1.

Number of generation

¥ 3 A% # A
Table 3. Experimental result of the test case #2.

B AP A4 AR
5T (Average fitness value) (Execution time)
1 0.29861 4739
2 0.30076 (+1%) 2725 (-42%)
3 030611 (+3%) 1677 (-65%)
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