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Addressing the Item Cold-Start in Recommendation
Using Similar Warm Items

Jungkyu Han*, Sejin Chun'’

ABSTRACT

Item cold start is a well studied problem in the research field of recommender systems. Still, many
existing collaborative filters cannot recommend items accurately when only a few user-item interaction
data are available for newly introduced items (Cold items). We propose a interaction feature prediction
method to mitigate item cold start problem. The proposed method predicts the interaction features that
collaborative filters can calculate for the cold items. For prediction, in addition to content features of
the cold-items used by state-of-the—art methods, our method exploits the interaction features of k—nearest
content neighbors of the cold-items. An attention network is adopted to extract appropriate information
from the interaction features of the neighbors by examining the contents feature similarity between the
cold-item and its neighbors. Our evaluation on a real dataset CiteULike shows that the proposed method
outperforms state-of-the-art methods 0.027 in Recall@20 metric and 0.023 in NDCG@20 metric.

Key words: Item Cold Start, Cold Start, Recommender System, Recommendation, Attention Network,
Collaborative Filter, Contents-based Filter.
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Fig. 1. The idea of proposed method,
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Table 1. Notations,

Notation Explanation

Target user u, target item ¢, and k-th

w, i, N, . .
» 7 1 contents nearest warm item of i.

Dimension of interaction and contents

it
" feature vectors.

ct

d;,~dimensional interaction feature
pu’ qi . .
vectors of user u, and item i.

G Content feature vectors of item 1.

The set of k-contents nearest

N, .
! Neighbor of i.

d;,~dimensional preference prediction
Jur Tis Iy,

vector of user u, and item 7 and
k-contents nearest warm items of i.

Preference of user u to item 4 (1 if

interaction exists, else 0), and

Tuir Tui predicted preference of u to i (a real
number value, bigger value indicates

more preferred.)

Predicted preference

Fui o
of user u to item i

fu

Individual
Feature ’
Predictor l /\
—

Inputs Pu ¢ Cri Cnp ™ O Gnyy gy~ nge
Interaction Feature| | Contents Feature Contents Feature Interaction Feature
Target User Target Item K-nearest contents neighbors
of the target item

Fig. 3. Overview of the proposed method.

t)Ee A 2AAN 4sa48AdE 9Y
o, w9 ol W HF A=E 453 o]
io ARZAAZRE 9 F5AEAAE o
7] 9% /WEAE o Z7] (Individual Feature Pre-
dictor)¢} 9] “k-HZH ololvl"e] AR EHE 9
FEAEAAE 557 AT AFAE 57
(Group Feature Predictor)® T+ ¥t

MEAA Q575 AR wé, SE ololH (9]
FEAEAAE dFet HYF dF HWE (prefer-
ence prediction vector) f,, f;¢ BEHE EY3Th
19 A5 AR zAdo] 49w AEHY, v H

© M
2 o

o
=
=

B\
ol
ol

ox
fof
N

e ofo
X
o
o
s o

o 8
2
®
oflt
, o

B
)
o

kd

peatgAde 9 gu
tof 2@ AR A5

R
ol ol EX AGF 4 Utk B =

R

o
N gt
>
i

g fu
"

o o

b
i)

Moo N ot & Jo
re o L
N,

2
>
e
N
=
s

i e
>y
N
2
I ol
N

£ E ofolg io] k-H2A of
o) HEAEALL 7o oHH YESY
AgEte] = io) HEAEAA g AP

o

I

U = A

o
npARto R £ ok £ &
WAoo g yo jo gt o= 3k 7

-4
)
>
O;
oX,
2
i3
o
o
KRS

_(A)
N
T
ﬂ
ru
it}
o
ey
it
N
=
0x
fob
i}
4 0o
pal
[}
2
ik

7 olol’l Atolo] HH=T} M2 FAILFE o
ofolelo] thah ALgALe] FEAE HEE FAS)
gEol g2 9 k-HIZAH ofold n, o H=E
A g, 7F 9] A3 AEAA oSl 7)o st= B
= 0,0 0o AM=AA (¢, 9} o) Aol FAE
o HEg g&o] =t webA 9] k-FHIH ofold
S del=Ade] i Hl=2Ad 3 o FALE ofol
Hlo] I 2 ofol’lET i FZAgAE o
Zof o] ol MYEHEE, (o A=A 5 d9
(Query), i9] k-FH oteldle] HRl=AH ¢ &
71(Key), 452844 ¢, & #(Value) &2 AF-E-3}
€ oA VEAA[BIE AHEer 9] k-HZA of
olgl HE 7|Mt FZAGAA dASgel T AR

fx= 23 a,, *value(q, ) 1)

niEN;

A WAH f,= 00 k-HTA otoldle] FE2g
A YHOR AL value(q, )7k NHEFOR
AR 7FEA] o, = A QA" o ddzAde
Aoz AT querylc) St n, o AA2ZAEE ¢
HoZ AFT keyle,)o 2ZEMN2Z AT

query(e) « key(c,)
e 3
4, = (2)
n, query(c) « key(c,)
E e
ne N



query(e,), keylc, ), value(n,) = 212t 4 3), (@), G)
< A, ¢, ¢, g, 5 AEH
formation)?+ Aeltt. w, ... W, W= 44
o 48 WE ¢, ¢, q T FEAEAE] AU
d, 2o W2 Ay Y3 71 38 (Weight
Matrix) 13, berys bieys bpare = 2H7HS] W E6] A 9]
d, A bro]o] 2~ g o]t

% (Linear trans-

query( ) tanh( query ci +bquer1/) (3)
key(cm) = tanh( W, *c, +bkpy) (4)
value (qn,k) = tanh( VVvaluL 4, +bl alue ) (5)

io) k-H 24 okol® W N, i% FEH4ER
o] EAHE TE BE 9 obolW(Warm item) 2t
7hol thal AElzAE o] ZAR) FAES Absted
1% FAES} 1R B e ojoles TR

DFAD AEF g ARE 1,8 4 ©)
3} ol AEAA AZ7I A AT ie] e 5
ME f9k B@ the, o & uel A AZE 7,9
WA uel iol tE AZ A 7, e Ada

=7 '(fi+fN,) (6)
2REEe 4 (7)) 2RSS Hosjels 2
N HFE 5T
L= \ru—r |2+/\H@”2 (7)
(u,i)ER'UR

E WiAREFE JEll = 7Sl
Z 2w Y92 E(Frobenius Norm)<
Ebdth RYE S5 HolH A FsAgo] #5E
A-gAf-ofol®l o Ftolal r 8 32 1otk k-
€ FEA o] #FEA Ee AHEA-ofol”H Ao
Heelw r, o &2 00tk
Sroll A A g uhel o], AF WHL B
At-ofol |l z3tol thal], AHE-A} ofol’l FE
= A5 FHaAgste 2ds shEdit o
H AL AF-olol’l A8 23e e H]
257 e ALgA}-olo]HEl )\Lg;_q J

[e] Py N O -
W9 gone mHstE £ F4S

>

=
L

]_

_Qi
P
i N e 2 op

FE

)

L
ofr
=

7
#

i’ 4»

ﬂl
=

AL OIOI®! HEE 0|88 2= OI0IE FMMs M 1677

AL A 10 del BFHA 2
< 57 Qo= FEA FEote vAE
(Negative Sampling) #4]S Al&3kT}
At S AFET =2 FH A AR s
FHd dde] He F= olol”l I L7t o4 F
= <u, iel>%) Bl 4 6)& AEs -,
T, ol & EAYRE ofolvl s A
Z A nle otolHlS FHFTH

:lo
b
rl

41 d|O|H

CiteULikel) HlolH &2 ARg-3ke] AL @ <
S #71etA . CiteULike® AHEA7F 9l AW
744 Bolo] =B g rEd SE23 Sexr
153 tlolg o]t} 5551 9] AH8-AFe} 16,9807)
&, 283 20498671 9] FEAE(TF 1, =1,
st &5 r,, =0) HOlEHZE o] FoA At =
T A& =% 250 AF
E}. el = HolHE [34]«] AT s, =

& A (Corpus) ol Al YEREE ©ofof sl ti-idf=
W7 sk ti-idf7F =2 8,00071 ¢ @&
+, 2 =2 dial 8000719 ©oir} vEk
o RE HEE JE I o] 55 SolgtE
ingular Value Decomposition)E 53t 2
ste] 7} =Euit 4, =300%] AR=AE 5 A
st T AbEASE =/ BEAEAAE p,, ¢ F
BPR[7]S AF&3Fed d, =200%1 HEE ALFsA o
CiteULike A dlo]EollA & 5 U= =8 F
%th’s}ﬁ] FZE3 459 =T HE FEEE
£ 2dstFol Abgst T YA 1/59 =
Eﬂ'% o8 % F5zg S ALE & fle
A= o].o]Eﬂ o2 J}ASA, o] F 30% (AAQ 3/50)
2 A, U™ A 70% (A9 7500 =2
Eqj

l

N _]j, Olr
il ml

o

Do lvrl

H
=
L

S
=4

(| (R W 2 A F-ltl oHe ot 1o o ok ox

[~ o>‘ )

AEART. AE R A2 430 B

obol®l Ztzkel thal A ol %e Aol AET

1) https://github.com/js05212/citeulike-a



1678 ZEIDICINES ==2A M24# M125(2021. 12)

-

wrol ) Azl b AR kY =R
Aefste] AT

42 ME

— O
421 HIMA &

Precision@n (P@n)[2), Recallan(R@n)[20], NDCGan
(N@n)[21]& A-&3te] SB7FstA T Precision@ng u
2 918 A5 wolel oboldl F @ A7} v HAE
Aol EA8H=A] HlE-& ARTSFAL, Recallone B 2=
E Aol 2AI5kE w7t 43283 otol’l T 2 W7t
ug H8l FHE nle ofol’l Fof] EAS=A 9

&& ALt NDCGane Recall@n¥ frAFSLY
g oboldol 24 Bl e ol TS
%0 we Yo7} RANEE ANAY 4E 5
HE Oe F eueizel AL 4B ET ofol

2 BAR A5 AT ATAE FEAED
ofoldEE 4 P2E 9ol o ol 91417
NDCGZ} B =t &9 Al A% =5
1.0°] A 0.00] H3}e] e £33t n o2 10,
20, 50, 100 AHg3tH oW HZEA BE AMEAE
2378708 3 1 ool FollA nfe] ofe]H S
FHE

423 vlal ¥

(1) WE3HA otel®& FHt= WAPFH, HA
A1 (2) DropoutNet¥} (3) Heater, 12| 3L (4) A
W (SimCSR)& Bl 3 AT Tensorflow2.4 2
A&t TSRO, HA35 G 2
SGD (Momentum SGD) [22]& AH&3IATH 7+

aEEe il Hao Ass TIStEE A
ARSI FAHA FhS Table 20 HeERAAT
Table 29 AFH A &2 32 ZF =FolA HEDG
2745 o

o

m{o ru&l o mlm ro

43 As myp U pE

Table 30 2+ &18]Z&9 A% vlu A2x4S Ve
Uit o] Aufe} o], XE X Eo glojA Ak
v o] T2 vlw MPHE] B8] Hold ASS B
o} ol 43 AEAE oSl JojA A =T} FA}

2) https://www.tensorflow.org/

Table 2, Model Configurations,

Model Configurations
Random N/A
Dropout Rate=0.5, Internal network
configuration: 1 layer 500 nodes,
DropoutNet Learning rate: 0.0005, Regularization
weight: 0.0001
Dropout Rate=0.5, The number of
Heater Experts = 5, Internal network
configuration: 1 Layer 200 nodes,
Learning rate=0.005.
| N, | =5, @=0.0001, A=0.0001,
SimCSR Learning rate=0.005. For base model
(Proposed) | configurations, SimCSR follows
Heater’s configurations.
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Fig. 40l At WH o] k-4 ofolHl 9] ofo]H]
M) Matol] w2 Ak WO Recdl@20 HEHE
YeEt AT k7t Skl we As = FUhstt
7V k=504 ZFE7F HATH

Fig. 5= %1 ofolelo)] tst 97)9] HZH o}l
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Fig. 4. Recall@20 w.r.t, the number of neighbors (k).

0.6

0.5 \\\\N—_‘
0.4
0.3 —e—Content

0.2 Collaborative

Cosine Similarity

0.1

0
1 2 3 4 5 6 7 8 9
k-th similar neighbor

Fig. 5. Avg. Cosine similarity to A—th similar neighbors,
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Table 3, Model Performance, +3 indicates performance improvement to Heater is statistically significant for p{0.001
judged by paired t-test,

method Random DropoutNet Heater SimCSR
metric | P@n | R@n | N@n | P@n | R@n | N@n | P@n | R@n | N@n P@n R@n N@n
10 0.002 | 0.004 | 0.215 | 0.099 | 0.215 | 0.224 | 0.118 | 0.257 | 0.270 |0.129 +3|0.281 +3|0.297 +3
20 0.002 | 0.009 | 0.325 | 0.077 | 0.325 | 0.270 | 0.090 | 0.375 | 0.315 | 0.096 +3|0.402 +3|0.338 +3
50 0.002 | 0.022 | 0513 | 0.051 | 0.513 | 0.328 | 0.055 | 0.554 | 0.358 |0.058 +3|0.575 +3|0.375 +3
100 0.002 | 0.042 | 0.659 | 0.034 | 0659 | 0.357 | 0.035 | 0.685 | 0.375 | 0.036 +3|0.703 +3|0.387 +3
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