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Negative Sampling Method for Fusing Knowledge Graph

LU Haiyang' , LIU Xianhui* and HOU Wenlong'
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2 CAD Research Center, College of Electronic and Information Engineering, Tongji University,Shanghai 201804 , China
Abstract In order to solve the problem of information overload,recommender systems have been widely studied. Since it is diffi-
cult to obtain a large amount of high-quality explicit feedback data, implicit feedback data becomes the mainstream choice for
training re-commender systems. Sampling negative instances from unlabeled data,i. e. negative sampling,is crucial for training
recommendation models based on implicit feedback data. The previous negative sampling methods often focus on how to select
hard negative instances that contain more user preference information, without considering the false negative problem. In order to
reduce the false negative probability of negative instances obtained from sampling and make them more informative, a negative
sampling method that integrates knowledge graph is proposed. Firstly, constructing a candidate instance set based on the user-
item knowledge graph. Then, the negative instance with the lowest false negative probability is selected from the candidate set
through a Bayesian classification approach. Finally,based on the Mixup strategy, positive mixing technology is introduced to con-
struct the hard negative instance. To evaluate the effectiveness of the proposed method, validation was conducted on two public

datasets. The results show that compared with previous methods,the method proposed in this paper performs better.
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Table 2 Recommended results for different negative sampling methods
Dataset Method TOP-5 TOP-10 TOP-20
Precision Recall NDCG Precision Recall NDCG Precision Recall NDCG
RNS 0.3879 0.1297 0.4132 0.3358 0.2152 0.3961 0.2711 0.3287 0.3956
PNS 0.2651 0.0871 0.2703 0.2341 0.1479 0.2643 0.1958 0.2377 0.2719
AOBRR 0.3954 0.1365 0.4172 0.3296 0.2143 0.3931 0.2691 0.3352 0.3971
Movielens-100k DNS 0.404 2 0.1402 0.4297 0.3337 0.2197 0.4029 0.2719 0.3401 0.4051
SRNS 0.3947 0.1335 0.4168 0.3379 0.2161 0.3987 0.2723 0.3365 0.4007
BNS 0.4195 0.1458 0.4547 0.3459 0.2283 0.4209 0.2757 0.3459 0.4168
Proposed 0.4316 0.1481 0.4605 0.3586 0.2309 0.4308 0.2853 0.3503 0.4261
RNS 0.3835 0.0804 0.4139 0.3507 0.1325 0.3634 0.2762 0.2149 0.3469
PNS 0. 3466 0.0689 0.3744 0.3105 0.1150 0.3261 0.2479 0.1891 0.3095
AOBPR 0.3934 0.0891 0.4239 0.3523 0.1458 0.3732 0.2822 0.2340 0.3621
Movielens-1M DNS 0.4057 0.0924 0.4369 0.3609 0.1523 0.3868 0.2918 0.2451 0.3726
SRNS 0.3947 0.0876 0.4331 0.3511 0.1513 0.3936 0.2743 0.2336 0.3874
BNS 0.4192 0.0985 0.4427 0.3613 0.1595 0.4076 0.3001 0.2507 0. 3896
Proposed 0.4262 0.1013 0.4484 0.3657 0.1641 0.4128 0.3038 0.2575 0.3953
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Table 3 Results of ablation experiment
TOP-5 TOP-10 TOP-20
Method
Precision Recall NDCG Precision Recall NDCG Precision Recall NDCG
BNS 0.4195 0.1458 0.4547 0.3459 0.2283 0.4209 0.2757 0.3459 0.4168
withoutl 0.4209 0.1464 0.4563 0.3470 0.2293 0.4229 0.2771 0.3472 0.4181
without2 0.4301 0.1472 0.4591 0.3573 0.2300 0.4295 0.2837 0.3488 0.4249
proposed 0.4316 0.1481 0.4605 0.3586 0.2309 0.4308 0.2853 0.3503 0.4261
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Fig. 3 Results of different hops on Movielens-1M dataset
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