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Abstract: In this paper, we propose an area recommendation method in a virtual space environment, which
has attracted attention for various applications in recent years, and evaluate our method’s effectiveness.
Virtual space environment is composed of a large number of areas where users can perform such activities
as communication and tourism with other users. However, an issue exists that is it is difficult for such users
to find areas that they are interested in. We aim to develop an area recommendation system for solving
this issue. Areas in virtual space have meta features such as categories and descriptions, and they are called
contexts. We propose a method that improves an existing recommendation method that considers contexts.
The proposed method makes recommendations by taking advantage of the aforementioned characteristics in
virtual space. We confirm the effectiveness of the proposed method by experiments using data collected from
the virtual space called Second Life.
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Table 1 Summary of variables.
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Fig. 1 Conceptual diagram of Matrix Factorization.
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Fig. 2 Conceptual diagram of Context-Aware Factorization.
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Fig. 3 Conceptual diagram of the proposed methodology.
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% 2 Second Life ®—4 - =Y 77— %
Table 2 Second Life visiting data.

Data Second Life Log
Num.non-zeros 25486
Num.users 804

Num.areas 1308

Sparseness 97.58 (%)
AVG.areas per user 31.7
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#* 3 Second Life =) 73 7F A bT—%

Table 3 Second Life area context data.

Context Type Category | Description
(0/1) (tf-idf)
Num.non-zeros 2145 12706
Num.contexts 94 3801
Sparseness 98.26 99.74
AVG.contexts per area | 1.64 9.71
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e PureSVD
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% 4 Given 5 TOEEREE

Table 4 Experimental results at Given 5.

Given 5 P@5 1-call@5 MRR
PureSVD 0.067 0.287 0.140
PMF 0.080 0.341 0.163
CAF (Category 0/1) 0.082 0.347 0.168
CAF+SIM (Category 0/1) 0.088 0.363 0.179
CAF (Description tf-idf) 0.079 0.338 0.164
CAF+SIM (Description tf-idf) 0.089 0.370 0.182

% 5 Given 10 TOFEBHEH
Table 5 Experimental results at Given 10.

Given 10 P@5 I-call@5 | MRR

PureSVD 0.082 0.340 0.167
PMF 0.089 0.372 0.172
CAF (Category 0/1) 0.096 0.396 0.188
CAF+SIM (Category 0/1) 0.104 0.415 0.210
CAF (Description tf-idf) 0.089 0.374 0.173
CAF+SIM (Description tf-idf) 0.102 0.414 0.209

£ 6 Given 15 TOFEERE R
Table 6 Experimental results at Given 15.

Given 15 P@5 l-call@5 | MRR

PureSVD 0.103 0.407 0.207
PMF 0.093 0.385 0.189
CAF (Category 0/1) 0.105 0.423 0.223
CAF+SIM (Category 0/1) 0.118 0.454 0.248
CAF (Description tf-idf) 0.094 0.387 0.192
CAF+SIM (Description tf-idf) 0.115 0.449 0.242
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LT, AT AT L oW LGS 5 72012 i
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e Context-Aware Factorization
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4.5 INTA—4%
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PET A, EBa 743232 % Given 5 IZHEEL, LIF
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0.080
0.060
0.040
0.020
0.000

uGiven 5
m Given 10
= Given 15

4 £aAr7T4TarilBlls Pas OffR
Fig. 4 P@5 results for each condition.

1-call@S

m Given 5
® Given 10

" Given 15

5 #2741 a IBITD 1-callab DFEE
Fig. 5 1-call@5 results for each condition.

MRR
0300
0250
0.200
0.150
0.100
0.050 mGiven 5
uGiven 10
0.000 uGiven 15

6 %I vT 4T arilBiFb MRR OfHE
Fig. 6 MRR results for each condition.

M= TF—=5DRbD VI T4 arThIE
B AT LAOENMHIZEWSEGETHL7:0TH 5.

(1) BEEEH K ORE

H# T30 PureSVD T K = 10, 50, 100 ® 3 /8% — >
THEEL, DERBEDO K 2T 5.

(2) v EXDRE

PureSVD Tl b mRE LR EZM L K 2fH L, It
BT PMF # JiWvW5b. 4 % 0.001, 0.005, 0.01 D 3/8% —
Y& A% 001, 0.05, 0.1 D387 —> k) 3x3 DY
¥ — Y THEEERA TV, ROBEDOE Vv & N OHEE%E
CAF CRFEFHICOMMAT 5 2 L CRHMIIER 1T .
BRI BETED/8T A—%1213 K =10, v = 0.001,
A=01%Hn5%,
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4.6 FRIER
R4 K5 R6IEaAyT1 Y3 ryOEERKREEZRT.
X 4, X5, 6 I ZK&HMREICBITLEEERTRT.

5. EE

FA~FE 6 ORFE RS L, PQS TIHRETH: CAF+SIM
D EN T2, PQE 3 ) A N K2 5§ 2 18R
THb., TOZ D5~ OMEL 2 A N — L7
NTETVDE I ENGNAH. 1-call@s I2BWTH PAs &
FRRICIRET D R D EN AR EZ R L, HEEY A MY
DX TNEN % AT 5 MRR b, Riseod 2 REE & RIS
BRETFEDPROERL TV, COZENSHEEY A FHD
T) 7NERL %GR L 72 A I BT HIRETEIERL T
BIENGHID.

A~ 6 EHLE, PL—=UT Xy hOY A ZAHK
EL BB I OoNTHREICHEIMER SRS NS, UL, 7
A bty MIHEENDEMI) TH—EDILGET LI L
ERREET A 7U P aVERALTCWA D, NL—=v T
oy bOW A XITHBIL T 3TICHEARIZ/8T A —F D
LA HERE LTV B LHENT & 5.

KL —Fox) 7GR T T F A MG
WIZOWTELET L, CAF ZHWSE, #7739, @3
XX DONBICERED E 22> 72, L LIRERTFEICBW T,
Given 5 T, Given 10+ 15 TH T T DD EH -
2. ZOZEDPSHRRIETFIEHEMEOET VB LML —
=y Ty bOFA RZUKGES B 720, HT ) LFHH
YOMIZIZESIOTF bV EEZ N5,

CAF ICHEEZ N TR E, £arF 1y a VIZBWTHR
FEFEPBENT VD Z DRI N, UL T REEE
AT A 72 UEETESS, 21— HF oML &/ 7o
CFEFANERGMOTY T EDI LT XA NDOLRIDY
EHLAHIET, BAEFELD b —FOMEI & RS
HLZEEY LD ThHbLEEZIONS.

6. F&&b

KEG T, RAEZEHBRESFEOMA oy 73 2 MM
RIAATZHT A NG ) v TFRERRE L. BEFET
FL—HFETATLPEOTI Y TF AN DEHO ML
BLTw, T LT, FEEHESFI—WFIERH L
N7HETREZY) 7OMTIryTHRFANDOOLRD) 2L E
S5 ETHERLZXD, KIEZEM Second Life 20 &
PEEL7-T7— % 2 W CEHliER 2 1T\, ZOF ALK
A ENTE.

A3, TUTOIYTFFANT TR =T DHD
AYTXRANEDIEH LT ERCERD L3 T F A M
OL—WOWE LHEDH LA MRy 7 %A MEHBHH
L, Zhooary7F A &L THREZ1T ) FEO
WEEAEZTWE, 77, 2—FOFHT) TIZoWTE
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R E R, & 5FHMEDE T 7 5 5 KO FHHED
WL T EFRT 5 F CORM O E % 57 7 il
L7z,

HMEE AR O I SCE R AR A S R B e (B
RS (C), PR - 26330421, A4 @ X FN—A L F
DY =T )k y NI = D0 DERETE) 12X 5Bk
X BB EETEBING. T, BHREORET S
B THOR, THIEEWEW, SR LTHER
#zT5.
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