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Preference Prediction using User/Property Features and Floorplan Images
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Due to the advancement of E-commerce in recent years, recommendation for not only mass-produced daily items
but also special items that are not mass-produced is an important task. In this research, we present an algorithm for
real estate recommendation. There is no identical property in the world, properties already occupied by someone
else can not be recommended, and users rent or buy properties only a few times in their lives. Therefore, automatic

recommendation of property is one of the most difficult tasks.

As the first step of property recommendation, we

predict users’ preference for properties by combining content-based filtering and multilayer perceptron (MLP). In
the MLP, we used not only attribute data of users and properties but also deep features extracted from floorplan
images of properties. As a result, we succeeded in predicting preference with accuracy of 60.7%.
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Table 1: MLP (T X % FHlkE %

Input w/o w/ w/
image feature image feature image feature
(pre-trained) (fine-tuned)

MCC 0.127 0.142 0.149
Accuracy 0.612 0.616 0.619
Precision 0.439 0.446 0.451
Recall 0.396 0.418 0.423
Confusion
matrix

TN FP 20843 7802 20678 7967 20725 7920

FN TP 9281 6094 8954 6421 8866 6509

ky BNEWEE (ky =1,10%) FFABINT T ETRETE

RWMEZBRIDVREIZS>THEHLDOD, k, = 100%, D%
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fEERE o T2,

4.3 MLP
34 DFHEIZBEWT, UTDO 3@ DAHZHNESGE
MLP 12 X 2 FHl %2175 7=

w/o image feature:

D= YOI T — 22 & N B

w/ image feature (pre-trained):
=Y - Yk D@ T — X721 T4 <, ImageNet D H
BAE T I & D FELD EiGAh & il U 72 2R R
W6

w/ image feature (fine-tuned):
=Y - YO EET - 272 TRL, 34I2BVWTT 7
AV Fa—= VT EToETIVIC K D HELD Hifh S
U7 SRR S W25 E

Z DY EDETFHIFEFIL Table 1 D& S 127572
3YHDASID MLP O TIE, RIHLD ik &Rz
T7AVFa— v 2 TFoETFT WO LTALIIC
MMz 7z MLP OMHERRE R, MCC 1% 0.149 &4 - 7-. [H
HU D WG DR A ANz =2 2k b, MLP OMAE
MEFLTWBZ eAbhs. 2O ehs, MY O
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Table 2: NA 7V KT 4 )V& ) V2 &5 THlGER

Input w/o w/ w/
image feature image feature image feature
(pre-trained) (fine-tuned)

MCC 0.150 0.159 0.166
Accuracy 0.600 0.604 0.607
Precision 0.437 0.442 0.446
Recall 0.500 0.507 0.514
Confusion
matrix

TN FP 18748 9897 18796 9849 18823 9822

FN TP 7693 7682 7579 7796 7479 7876
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44 NATYYRT740L5)T

3.5 DFEIZBWNWT, 43 AU 3IBEVDANEH L &
DIEFFHIFERIL Table 2 D &k 51275 7=,

Ik U722 TOFHY AT ADOHTREMERSREVDIE,
B BEOEERME 774 v Fa—= v T %> =ET T
FOHHELUTATCMA NS TV Y R T4 VR ) VI TH
D, MCCI£0.166 £7%2o7z. NATVUY K74V R) VTN
TOEKE UTiE, 3@ DAL 2 FHlEREDOMI 4.3
CEBETH o7z, F£7z, MLP DI Z21TS &, &My
HIPEREM DR D [ ELT WA Z b hd., ZOZ s, 2
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NHE ETEHENDZEER NS,
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