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Abstract: Aiming at t that input disturbance or attacks on time events may lead to a significant drop in

system recommendation ahee, this paper proposes a collaborative filtering recommendation algorithm based on
adversarial training to impr odel robustness. The recommendation model is trained by constructing small disturbances,
and the network structure parameters are adjusted and improved, thereby improving the recommendation accuracy and anti-
interference ability of the system. Through experiments on the Amazon dataset and comparison of its NDCG (Normalized
Discounted Cumulative Gain) performance with that of several baseline models under different Top-K recommendation
targets, the results show that the improved algorithm after adversarial training enhances the robustness of the system and
reduces the performance degradation by more than 15% under moderate disturbance.

Keywords: collaborative filtering recommendation; robustness; adversarial training
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Fig.1 Recommendation based on user Collaborative'
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Fig.2 Candecomp decomposition algorithm
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Fig.3 ADCF model framework
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Tab.1 Table of statistics characteristics of Amazon dataset
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Tab.2 Performance comparison based on NDCG index
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ol

paRE AR/ K=5 K=10 K=20
POP 0.00035 0.00023 0.00070
MF® 0.00192 0.00184 0.00176
AMR" 0.00235 0.00211 0.00179
VBPR"” 0.00232 0.00204 0.00181
DCF" 0.00162 0.00141 0.00118
ADCF 0.00303 0.00260 0.00206
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Tab.3 Robustness comparison under different ¢ based on

NDCG index
NDCG £=0.05 £=0.1 £=0.5
DCF 10.5% 18.5% 33.7%
ADCF 4.64% 2.40% 2.60%
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Fig.4 Effect of ¢ on the performance of ADCF model
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