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Study on cold-start of book recommendation
system based on comparative learning

DONG Haoye, FAN Chongjun

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract; With the development of the Internet era, more and more books are sold online, and the book recommendation system
has emerged. In the recommendation system, recommending pure cold—start items is a long—standing problem. In the absence of any
historical interaction with cold - start items, collaborative filtering ( CF) schemes cannot use collaborative signals to infer user
preferences for these books. To address this issue, extensive research has been undertaken, such as incorporating book assisted
information ( content characteristics, etc.) into CF schemes. However, the relationship between content characteristics and
collaborative embeddings is rarely explored, resulting in unsatisfactory performance of cold - start recommendation. This paper
redefines the presentation learning of cold—start projects, designs a new objective function based on contrast learning, and proposes
a cold—start recommendation framework based on contrast learning. Specifically, the framework consists of three modules: contrast
pair organization, contrast embedding, and contrast optimization, which allow us to preserve collaboration signals for hot and cold
start items in content presentation. Through the extensive experiments on two publicly accessible datasets, the results demonstrate
that the proposed contra learning cold-start framework achieves significant improvements over state—of—the—art approaches in both
hot start and cold start scenarios.

Key words: book recommendation system; comparative learning; cold—start recommended; collaborative filtering

JEGHR IR A, AR PR A R T A 1
HIRM 1 TR A 2 BOGERE B TIHFERI A, B
F ARSI W A, HE7E AR Gt i R 5 2

0 51 §
I LA A R e N T8 685G 11

HEPN AT TR A R b 5 HEE e T X
EHAEATE O T, AR TR RS 4R A f
AfR R T ik R Bl it A TR, 477 AR S o
A, AT LD S Y EL IR 800 rh 2 it R g

EE£TH: 2020 #FH 3 b SRk HE KGR (2020-2023(201ZD010) ) ,

SREHCA 1R 22 00 40 5 A 4 T 34 7 e
It Hn o I A S T35 £ RO, B
SURHT AU aq #5875 App 12 1, 403 A
RS RALTE T B BTG P

YEE BN ERME(1998-) , 5, WHHFEAE, FEAFI Ty 1) . N T8 REBRIS KW
BIRES . SEEAK(1963-) , 5 4, 28, EEMG I A TR 8 LT/ 55 . Email: fanchongjun2022@ 163.com

i B4 2023-09-19

KR LB EE L ¢+ A5 b A




11 wRMe G FETNT R ST I B R IS s o 113

VR R G H LRI AORORS (7] H FRER T
BT H A HIR IR A TAS o] sl B AG o R, 7
(2021 4 [ B Bl gtk s il ) o, B ATk
TEAEZ A AGHT B R AR A 1) 5 i gl 2 i A6
AR, HE TR TR JF8 8 5 A R
Gaty i, DR b P A5 4 2R e A o HH s BE A
it ie, 2 B R ST DARIE AR P S
T RS B T AT B REAL
AR 1] oA AR

B R T e R ST V8 3l
FBBARZ, F& IR B BHERAE TR
A D S B T AR BN T L2, RGN AR
AT AR S 22 SR b R] i 98 25 5 S 0 R
FH PR R)ARARLRE e FHE DB FH P X6 3 26 P 45 14 i 4, AR K
P LR T HERAERRTE . TS B P R %
1%, R L P R , e T B DD R Al 3 A
TARKREE N, DRI, figk DR AR 7E 2R G20 IR Bl ) 8E AE
JEBE,

BEX L3 ) B, 8 SCER T — TR LA
T VR SR S HERAAE SR, AT DL 35 4 i IR 5% e sl 1
DU B R 1, X b T 8 B T 5 B AT 30 D) Y

1 tHXIE

1.1 XfEEZE3

XT s SR A MR 2 S AR R, B
B4 Z AT I E L A RIE A
PSR R i N — B8 SRR AR R I
X, e KA TR R Z B 9 EAR S, AT &2 B[R]
M Z L M8 UF B, M, Oord %5244 42
T — AT E A5 2 DA e A B R b £ B ORI
TXESZRIMEAFR, X THIERS, L8
YT SR X b S R AR A F P AT H R R, SR
T, 33 265 I M E T IME SN R S R FROR

M2 B UMER AFIRRIER R IR 2 A
[F A 7 T, IR R AR e (B 9 BA5 S, DME T N2
AR MEE S
1.2 HERFLED

fif DRATERE R GV JE Bl R UL 2 1)
B BN B R SefE BN LIk B Al 4 A
SRR (E R B G EE P A5 A 11
WA, S TE BOR BRI R - e A R R~ 5, AT
R BORED . RS T AR T
fdt A PR RN B RRE RS e ids , AR S T

TR (H 2 AR B R« KR . 3
BR[O 12420 7Ry i AR AR A 2% 2] 5 ik J il 30
B e P A 2 1 P i e 2R 4 6 00 fie | 557 1)
HEFESUAG B T ARG 8O, (HAE A U A7 A
JE R AR . Gao SR T — A LS CNN A
GAN #AI {5 F Deep Q—Network FHEFAHESL | 7
DRCGR I HRHE T —FloRe 8 U 51 i A B0 4 77 45
B DR P IR B P SR AF . Feng S52f 1
it FH 25 5 0 23 S ARG SR P 00 H AT kb 28, LA
S R 2SS 05 R R S IR AR R A T
B A BB L0 TP R AR AR [ R ™ S RRIE R . AR
SORE I 3 e KA ELAR 2R B 7R i A N 2545 P
[7]) 3ok AR R 2 ] AR OGP

2 XfLEFEIREES

WIFEAR I T — D EE TR T B9 I ShHETEAE
20, 1 R, ZHEZR TR 3 o AL X L
XFEHZL X i AR 48 xF et fe ., 76T S0 #iE
A 2B — AR BN

E1 MEEIRFERFERTEE

The framework diagram of comparative learning

Fig. 1
recommendation system
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Tab. 2 Comparison of the recommendation model based on BPR losses on both data sets

Data MF - BPR LightGCN CEN yp CEN gy

Book—Crossing Warm 0.058 9 0.059 2 0.088 7 0.089 3
Cold 0.000 7 0.001 2 0.015 1 0.013 2

All 0.039 7 0.039 3 0.062 8 0.069 7

Amazon product Warm 0.067 4 0.067 2 0.090 1 0.089 2
Cold 0.000 8 0.000 7 0.021 2 0.019 8

All 0.049 8 0.050 1 0.072 1 0.073 3

R3I E2NMHBEELERERHEFRINLE

Tab. 3 Comparison of the cold—start recommendation model on both data sets

Recall@ 10 Recall@ 10
DUIF  DropoutNET — Heater — XfI3: MK &R/ % DUIF  DropoutNET — Heater — XfIt3:) HK &R/ %
Book—-  Warm  0.0328  0.0287  0.0415  0.0887  113.73 0.0418 0.0445 0.0432  0.061 8] 38.88
crossing  Cold  0.0072 00029  0.0032 0.0151 109.72 0.0080  0.0062 0.0078  0.0121 51.25
All 0.30 5 0.0241  0.0310  0.062 8 102.58 0.0397 00384 0.0398  0.047 8 20.10
Amazon ~ Warm 0.015 0.0426  0.0581  0.090 1 55.08 0.0378 0.0399 0.0418  0.064 6 54.55
product cold  0.0134  0.0091 0.0132  0.0212 58.21 0.0085  0.0048 0.0076  0.0183 115.29
All 0.0342  0.0282 0.0399  0.0721 80.70 0.0321 0.0365 0.0392  0.0577 47.19
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