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Rating-Trustworthy Recommendation Model Based on
Generative Adversarial Networks
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Abstract Existing deep learning-based recommendation models have mainly focused on improving the
accuracy of recommendation systems. However, beyond recommendation accuracy, the reliability of the model's
recommendations is also of great concern. Therefore, a rating-trustworthy recommendation model based on
generative adversarial networks (GANS) is proposed to evaluate the effectiveness of prediction results and achieve
a balance between recommendation accuracy and reliability. This model solely employs explicit user rating
information to gauge the credibility of predicted ratings and screens out highly credible predicted ratings based on a
predefined reliability threshold, thus ensuring the trustworthiness of recommended items. Furthermore, to enhance
the prediction performance of the model and ensure fairness in training, a positive sample padding strategy is
designed to mitigate the data imbalance problem in the rating reliability matrix. Experimental results on three real
datasets show that the proposed model outperforms selected comparison methods in both Recall and NDCG
metrics, effectively improving the performance of recommendation systems.
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BIE, RECRUFHETE R 40 al 5 T P43 b il 7E & 2
YO 2 N SEILA SO (e b et . 5 B A 11
A FEVERMEIE R 2 Fis.

&2 TREEESE LT EMEEEE

LETE S ML-100K ML-1M YM
AT HE I A 0.435 0.475 0.395
353 strb&E R oM

# 3 W TEAR R AR & XL AL
fabrgi . IR 3 M, ATHA DGAN+R 7E
3 AR AE B SR A M RE I T A XS BT,
1B1L )5 Rating-GAN W EEH AEIRIL. BT A
LR ST P w5 B, AT AH BT PRGAN,
AAE RMSE. Recall@5 1 NDCG@5 f&¥r_F itk
REZ /DRI T 18%- 3% Fl 6%. X FHEMLIE4 ]
MR BeMF #ll C_ NCF, BeMF [#)HE 77 P B 75 ¢
NFR B B 45 B N W C NCF, SR &5
B2 5 BT v A Mt 2% T C_NCF 7EfT
XPE T RIS, R il a2 7E ML-100K
b, HEFEMERRPECGR T BT IR AL . 1 CDAE £ 7l
HERYE ERIMR H, JUIAE ML-1M #dls 46 BT
BTtk 476 3 MEREM R/, MET X
A 1 CDAE, A3CJ77%4E RMSE fabr b 1l v
g P X3 7+ 11.5%, 7E Recall il NDCG f&#5 I
HEF AR VT 242 T1 3.8% 1 5.6%.

*®3  MEEFHERIT AR

R

X ik ML-100K

ML-IM

YM

NCF (1.419,0.513,0.532)
C NCF  (1.172,0.526,0.541)
BeMF  (1.811,0.503,0.544)
[ CDAE (0.984,0.523,0.541)
CFGAN  (1.382,0.494,0.527)
PRGAN  (1.331,0.527,0.537)
Rating-
GAN
DGAN+R  (0.967,0.544,0.571)

(1.161,0.516,0.548)

(1.535,0.472,0.496)
(1.048,0.492,0.500)
(1.837,0.489,0.525)
(0.987,0.496,0.521)
(1.348,0.475,0.501)
(1.724,0.455,0.469)

(1.197,0.500,0.514)

(1.019,0.519,0.536)

(1.823,0.375,0.446)
(1.898,0.369,0.426)
(1.973,0.304,0.362)
(1.686,0.389,0.446)
(1.837,0.361,0.442)
(1.783,0.380,0.446)

(1.722,0.385,0.468)

(1.458,0.400,0.484)
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H, AR R SR R I P B A (K AT SRR 1
TPE 7y, PAORIE S 77 45 H AR P 5 H BE A
AR e, XEARAER. 55T CF W
FRRIARAL, A2 R i R B P D723 BAAT i oA
Gl BE Bt RETS BV BRI SR E, B RAF
BRI R [FRE, B SRR A
Pk, ASCUCTE T IERE AT S R G2 MR VF ) T 5
PR R (0 Bt AN P i L, AT 8 e A5 7R i 4 4
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