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Attention-aware Multi-channel Graph Convolutional Rating Prediction Model for Heterogeneous
Information Networks

ZHOU Mingqgiang, DAI Kailang, WU Quanwang and ZHU Qingsheng

College of Computer Science, Chongqing University,Chongqing 400044 ,China

Abstract Heterogeneous information network(HIN) contains rich semantic information.and the use of HIN for rating prediction
has become an important way to alleviate the problem of data sparsity in recommender systems. However, the traditional methods
using meta-paths to extract HIN semantic information ignore the rating information on the edges,making the meta-paths unable
to accurately capture the semantic similarity between users and recommended items. And these methods also fail to distinguish
the importance of different meta-paths. To address the two problems.rating constrained meta-path is proposed to obtain more ac-
curate HIN semantic information which is then used to construct multi-layer homogeneous networks for users and items. Then,a
neural network for rating prediction is designed by combining graph convolutional network and attention mechanism, which effec-
tively represents various semantic information in HIN through multi-channel graph convolutional networks and distinguishes the
importance of different meta-paths by using an attentional fusion function. Furthermore, the proposed model also integrates the
attribute information of users and items to improve the accuracy of rating prediction. Experimental results on Douban Book and
Yelp datasets show that the proposed model is significantly better than the comparative baseline models,especially in the case of
sparse data,and the root mean square error reduces by up to 50% compared to the baseline model, thus verifying the superiority
of the proposed model.

Keywords Rating prediction, Meta-path, Heterogeneous information network, Attention mechanism, Graph convolutional net-
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Table 1 Dataset details
o o EEEA Tv, XA Ty, %1
HEE OMEE p o %
2 Vi L ,‘5\ # K
User-Book 13024 22347 792026
Douban User-User 12478 12748 169150
0.27%
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Yelp 0.08% . .
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Table 3 Experimental results on Douban Book and Yelp datasets
wEE I % e # A PMF HeteMF SemRec HERec AMERec  HAGRPumean  HAGRP
MAE 0.5774 0.5740 0.5675 0.5502 0.5496 0.5485 0.5480
$0% Improve +0.59% +1.711% +4.71% +4.81% +5.01% +5.1%
RMSE 0.7414 0.7360 0.7283 0.6811 0.6912 0.6954 0.6933
Tmprove F0.77% F1.81% +8.17% 6.87% £6.20% 6.49%
MAE 0.6065 0.5823 0.5833 0.5600 0.5556 0.5545 0.5512
60 Improve +3.99% +3.83% +7.67% +8.39% +8.57% +9.11%
RMSE 0.7908 0.7466 0.7505 0.7123 0.7023 0.6995 0.6975
Douban Improve +5.59% +5.10% +9.93% +11.19%  +11.54%  +11.80%
Book MAE 0.6800 0.5982 0.6025 0.5774 0.5692 0.5595 0.5587
10% Improve F12.03% F11.40% +15.09% F16.30% +17.72% +17.83%
RMSE 0.9023 0.7779 0.7751 0.7400 0.7242 0.7068 0.7056
Improve +15.47%  +15.78%  +19.59%  +16.30%  +21.67%  +21.80%
MAE 1.0344 0.6327 0.6481 0.6540 0.5900 0.5756 0.5740
20% Improve +38.99%  +37.35%  +37.65%  +42.96%  +44.35%  +44.51%
RMSE 1.4414 0.8236 0.8350 0.8581 0.7407 0.7213 0.7205
Improve +42.39%  +42.07%  +40.47%  +48.61%  +49.96%  +50.01%
MAE 1.0412 0.9487 0.9043 0.8395 0.8067 0.7945 0.7922
00 Improve +8.88% +13.15%  +19.37%  +22.52%  +23.69%  +23.91%
RMSE 1.4268 1.2549 1.1637 1.0907 1.0506 1.0155 1.0141
Improve +12.05%  +18.44%  +23.56%  +26.37%  +28.83%  +28.92%
MAE 1.0791 0.9654 0.9176 0.8475 0.8088 0.7960 0.7928
80% Improve +10.54%  +14.97%  +21.46%  +25.04%  +26.23%  +26.53%
RMSE 1.4816 1.2799 1.1771 1.1117 1. 0569 1.0162 1.0152
Improve +13.61%  +20.55%  +24.97%  +28.66%  +31.41%  +31.48%
Yelp MAE 11170 0.9975 0.9407 0.8580 0.8164 0.7988 0.7946
0% Improve +10.70%  +15.78%  +23.19%  +26.91%  +28.49%  +28.86%
RMSE 1.5387 1.3329 1.2810 1.1256 1.0710 1.0206 1.0185
Improve +14.02% +21.31% +26.85% +30.40% +33.67% +33.81%
MAE 1.1778 1.0368 0.9637 0.8759 0.8392 0.8056 0.8004
60 Improve +11.97%  +18.18%  +25.63%  +28.75%  +31.60%  +32.04%
RMSE 1.6167 1.3713 1.2380 1.1488 1.0758 1.0223 1.0195
Improve +15.18%  +23.42%  +28.94%  +33.46%  +36.76%  +36.94%
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Fig. 5 Influence of embedding representation dimension
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Fig. 8 Performance change when adding RC-meta paths incrementally
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