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Abstract The recommendation system can recommend relevant information and commodities to the user according to the user’s
hobbies and purchase behavior. As user-generated content UGC gradually becomes the mainstream of current Web applications,
recommendations based on UGC have also received widespread attention. Different from the binary interaction between user and
item in traditional recommendation,the existing UGC recommendation adopts collaborative filtering method to propose a ternary
interaction between consumer,item and producer,thereby improving the accuracy of recommendation,but most of the algorithms
focus on the recommended performance and ignore the research on robustness. Therefore, by combining the ideas of adversarial
learning and collaborative filtering,a collaborative filtering recommendation algorithm based on adversarial learning is proposed.
First,the adversarial disturbance is added to the ternary relationship model parameters to make the performance of the model the
worst., At the same time, the adversarial learning method is used to train the model to achieve the purpose of improving the ro-
bustness of the recommendation model. Secondly,an efficient algorithm is designed used to transform the parameters required by
the model. Finally,it is tested on two public data sets generated by Reddit and Pinterest. The experimental results show that un-
der the same parameter settings,compared with the existing algorithms,the AUC, Precision and Recall indicators of the proposed
algorithm have been significantly improved, verifying its feasibility and effectiveness. The algorithm not only enhances the recom-
mendation performance.but also improves the robustness of the model.

Keywords Recommendation system,User-generated content, Matrix factorization, Adversarial learning,Collaborative filtering
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1. Initialize @ from original BPR by solving Eq. (7);
2. Initialize A randomly,such that [| A [ <e;
3. while Stopping criteria is not met do:
4. Randomly draw (u,i,}) from Dj;
// H 3R PUE A B
. Update A.qy by Eq. (14);
/) EHRE SR
6. Update 8 by Eq. (21);

wl

7. end

8. return 0
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4.1 HIE&E

SCER ISR H UGC ¥ & E A A2 2L 5088 4 Pinterest
H Reddit B3P A< SCHE B HEfE .
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F1.960 JT IR AN 4800 JT &I . KRR — A
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PIABE L T P W AT e SR AU AN AR B
#1040,

F1 OBIREEAE B (B R

Table 1  Details in datasets(after preprocessed)
Pinterest Reddit
#users (|UD 134747 52654
#item (|I]) 201792 336743
£actions ( X [I7 ) 690506 1786032
u€yU
# consumer ratio(|C|/|U|) 93.65% 99.60%
# producer ratio( | P|/|U|) 80.76% 87.24%
# prosumer ratio(| PS|/|U|) 74.42% 86.85%
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S Y I UE A G0 2 2T 1 AR, FRAT 6 R R Y
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Table 2 Performance drop ratioCAUC) of CPR and ACPR in

presence of adversarial perturbations

CBL7 . %)
Algorithm e=0.6 e= 0.7 e= 0.8
CPR —20.7 —24.2 —24.7
ACPR —0.4 —4.3 —11.0

MFE 2 40, 24 CPR #1 ACPR fin A #H 8] /0 19 48 30
At , CPR AE T K 9 I B K T ACPR, X £ T ACPR 44 1
AH L3 T 3L RS R CPR TE BEACAHOR A S R BT 3 T
Xof B P G ) 0 SR AR B MR R R

WG — DT BEE e MHE O, BB AR 52 82 e A L
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<R 2 d
4.3.3 BHEE

SR RESREEE BT DWW AR T K R
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A SCSE Wy (938 17 38 - Intel (R) Core (TM) i7-8700
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Fig. 1 Influence of latent factor K on ACPR algorithm
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Fig. 3 Impact of e on ACPR algorithm
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4.3.4 FRAEFEVHEBLERE M
# 3—R 5 I HILUAR I8 5 L8 7 ACPR B AR L
B 38 28 44 1 43 A5 7E Reddit F1 Pinterest AN S8R 45 1 (9 fig
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Table 3 Experimental results for algorithm comparison (AUC)

Algorithm Pinterest RI(P)/% Reddit RICR)/ %
POP 0.613 15.3 0. 640 31.2
MF-BPR 0.653 9.8 0. 827 11.1
FM 0.687 5.1 0.893 4.0
CPR 0.715 1.3 0.918
ACPR 0.724 — 0. 930 —

4 BIEX ARSI S5 R (Precision)

Table 4 Experimental results for algorithm comparison (Precision)

Algorithm Pinterest(P@5/10) Reddit(P@5/10)
POP 0.152 0.138 0.193 0.186
MEF-BPR 0.297 0.236 0.324 0.277
FM 0.331 0.262 0. 364 0. 295
CPR 0.419 0.302 0.426 0.335
ACPR 0.455 0.373 0.471 0.388

F 5 BRI S5 R (Recal)

Table 5 Experimental results for algorithm comparison (Recall)
Algorithm Pinterest(P@5/10) Reddit(P@5/10)
POP 0.056 0.097 0.092 0.156
MF-BPR 0.073 0.155 0.103 0.262
FM 0.082 0.177 0.123 0.275
CPR 0.104 0.203 0.142 0. 306
ACPR 0.135 0.286 0.174 0.371

MF 3—F 5 Al LA B : 1) Reddit B9 % AL fE L T Pin-
terest, 32 % 5L K & Reddit B P 546 0] F & & ff FH 7] — 4 7=
B PEE XA AT A 5 WO . 2) A M AR T kW
PEREDE T AR A PEAL HERE (9 07 3% . MF-BPR J& —Fp 57 i e o
BRI HEHE Y g5 R AL T AR iy POP HEF 5 v, X
SRR AP AL HE P 5% 7= Gl AT R, 1T POP D)2 B 426 4R 4
WAT Bk AT HERF HE 4 . 3) FM/CPR [ MF-BPR ¥ i , X
U T UGC VP& LHEA=HEFLEMWEZEME. 4 ACPR
HPEBEE T CPR, U6 BN A K01 27 37 A5 3 Rl Bl 36 455 A4 (1) 5
TR R P LR m AL A A PR . 5) AR SCHR 1 ACPR &
BEHETE AR T b oA A H A e R B, IR AR SO Bk
WA R

25 PR A SCHR Y 0 SR TE X T A B A B R R A
B R TERE

GERIE ARSI T 455 U ] Aok o 7 X B v 2 2T Y
Uik CPR L, WS R B, R B XS 2% 3] )7 1 BPR fh
TR R S50 % 5 2 #U bk T 90, ;X5 /R T f# il BPR
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