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Addressing the New User Problem of Recommender Systems

Based on Word Embedding Learning and Skip—gram Modelling
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Abstract

Collaborative filtering(CF) uses the purchase or item rating history of other users, but does not

need additional properties or attributes of users and items. Hence CF is known th be the most

successful recommendation technology. But conventional CF approach has some significant weakness,

such as the new user problem. In this paper, we propose a approach using word embedding with

skip—gram for learning distributed item representations. In particular, we show that this approach can

be used to capture precise item for solving the

“new user problem.” The proposed approach has

been tested on the Movielens databases. We compare the performance of the user based CF, item

based CF and our approach by observing the change of recommendation results according to the

different number of item rating information. The experimental results shows the improvement in our

approach in measuring the precision applied to new user problem situations.
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2. A Recommender System Based on Word
Embedding Learning
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Fig. 2. The Precess of the proposed recommender system
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Table 3. Items with distinctive Property
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Table 4. Examples of Item Preference Vector

&=9| &= Positive = -0.099752476, 3.894467378
OHEZ|IA Negative = -0.482424537, 3.809729331

WAL AF§A ofol HEE BES 9= iy 7]

o]-&&) stEgitt. ¥ AtolA= Skip-gram RS A&

[e)
W

rot
=

Skip-gram B ol& Eo]HAL of" AREA] oo El M5
L= E25 “Cinderella.5, Time Tracers.4, Back to the
Future.5, Meet Joe Black.3, Last Days of Disco.5”&}aL 7}
A3k}, ow “Cinderella.5” A &% ko] 591 Cinderellagh
= ololElS YEhith AEAES 12 ko] 7|F A9 o
H AR 270 AATE 718 AA B ot SEehd
W A& “Cinderella.5”E Input®.2 “Time Tracers.4d”&
Output .2 8h53it}, o0 2 “Time Tracers.4”& o
2 “Cinderella.5”& Outputo= 5 T}A]
Tracers.4”& Input©.& “Back to the Future.5”& Output2
2 g5S gy, AYAEES 12 8 u AA inputy}
output TA3L #E59 7}

Input

o]-_J_ “Time



Addressing the New User Problem of Recommender Systems

Based on Word Embedding Learning and Skip—-gram Modelling 13

Table 5. Examples of the Training Sets

[nput Output
Cinderella.b Time Tracers.4
Time Tracers.4 Cinderella.b

Back to the Future.b
Time Tracers.4
Meet Joe Black.3
Back to the Future.b
Last Days of Disco.b
Meet Joe Black.3

Time Tracers.4

Back to the Future.b
Back to the Future.b
Meet Joe Black.3
Meet Joe Black.3
Last Days of Disco.b

Skip-gram< Input Tl Z5-E] AYUAE to]E o =3

];0}
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Future.5”& d|&3th np7FA 2 “Back to the Future.5”
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Table 6. Learning Algorithm

Input
¢ ! context size

U ! Set of users
REemList,
Output

: Item Preference List of User a

0 : matrix of vector representation

For each u € U do
For each Rltem;E RREemList, do

For each Rﬂem]E
RItem List, [index(iREEem;)-c : index(RRem;)+c] do
J(9) :—logPr‘(themle(Rﬁemi))

0J
0 - 0 —a X @
end for
end for

end for

2.3 Build Recommendation Iltem Set
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Table 7. Algorithm of Building Recommendation List

Input
Rltem List,

TrainedModel

¢ Item Preference List of User a

v+ Trained Vector model with Data set V

Output

RList : Recommendation List

For each Rltem;= RlEtemList, do
For each Rftem;E TrainedModel
if Rltem;# Rllem;
s := similarity (Rﬁemi,Rﬁfemvi)
RList( REem;) += s

end for
end for
sort(RList)

V. Simulation and Evaluation
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2. Evaluation
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Table 8. Trained Results

ltem Preference Vector

1.49815253496,

American_Beauty.5 0.780713597517

2.19466013429,

Star_Wars_Episode V.5 061229204485

1.84077218,

ET.4 0.663774688

0.941820096922,

Jurassic_Park .3 1 16861520503

Table 9. 1-rating based recommendation results
ALEXEZ| BE ofo| &l 7| et
TE | wemey | semeg |
useri 0.24 0.14 0.62
user2 0.12 0.14 0.50
user3 0.18 0.14 0.20
user4 0.22 0.18 0.54
userb 0.06 0.10 0.14
useré 0.06 0.04 0.02
user7 0.10 0.04 0.08
user8 0.06 0.10 0.18
user9 0.14 0.20 0.36
user10 0.18 0.12 0.14
= 0.136 0.109 0.278
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Table 10. Recommendation Performances for New User
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Fig. 3. Vector Representations of Movie Ratings
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