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Deep Disentangled Collaborative Filtering with Graph Global Information

HAO Jingyu, WEN Jingxuan, LIU Huafeng,]JING Liping and YU Jian
Beijing Key Lab of Traffic Data Analysis and Mining, Beijing Jiaotong University, Beijing 100044, China

School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044 , China

Abstract GCN-based collaborative filtering models generate the representation of user nodes and item nodes by aggregating in-
formation on user-item interaction bipartite graph,and then predict users’ preferences on items. However, they neglect users” dif-
ferent interaction intents and cannot fully explore the relationship between users and items. Existing graph disentangled collabo-
rative filtering models model users’ interaction intents, but ignore the global information of interaction graph and the essential
features of users and items, causing the incompleteness of representation semantics. Furthermore, disentangled representation
learning is inefficient due to the iterative structure of model. To solve these problems.this paper devises a deep disentangled col-
laborative filtering model incorporating graph global information, which is named as global graph disentangled collaborative filte-
ring (G2DCF). G2DCF builds graph global channel and graph disentangled channel, which learns essential features and intent fea-
tures, respectively. Meanwhile, by introducing orthogonality constraint and representation independence constraint, G2ZDCF makes
every user-item interaction intent as unique as possible to prevent intent degradation,and raises the independence of representa-
tions under different intents,so as to improve the disentanglement effect. Compared with the previous graph collaborative filtering
models, G2DCF can more comprehensively describe features of users and items. A number of experiments are conducted on three
public datasets,and results show that the proposed method outperforms the comparison methods on multiple metrics. Further,

this paper analyzes the representation distributions from independence and uniformity, verifies the disentanglement effect. It also
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compares the convergence speed to verify the effectiveness.
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Table 2 Datasets statistics
Dataset Users Ttems Interactions Density
Filmtrust 1119 1693 23366 0.01233
Gowalla 29858 40981 1027370 0.00084
Amazon book 52643 91599 2984108 0.00062
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Table 3 Performance comparison of different models on three datasets

A 26 AR MF NGCF LightGCN SGL DGCF G2DCF
Recall@10  0.50826  0.50724  0.51313  0.51439  0.52250  0.52925

NDCG@10  0.48579  0.49112  0.49841 0.49471 0.50700  0.51150

N Recall@20  0.72991 0.73460  0.74439  0.73310  0.74265 0.75319
NDCG@20  0.50814  0.51320  0.51809  0.51451 0.52581  0.52955

Recall@50  0.87299  0.87966 0.87964  0.88095  0.88137  0.88468

NDCG@50  0.51245  0.51977  0.52415  0.52017  0.52953 0.53384

Recall@10  0.10860  0.11455 0.12938  0.12848  0.12574  0.13004

NDCG@10  0.26022  0.28672  0.31724  0.31269  0.31243 0.32032

Comalla Recall@20  0.15948  0.16328  0.18416  0.18375  0.17800  0.18561
NDCG@20  0.28230  0.30495 0.33537  0.33089  0.33076 0.33859

Recall@50  0.25806  0.25432  0.28477  0.28561 0.27857  0.28708

NDCG@50  0.30291 0.32076 0.34880  0.34472  0.34501 0.35187

Recall@10  0.01980  0.02122  0.02412  0.02489  0.02280  0.02548

NDCG@10  0.06515  0.06649 0.06906  0.07505  0.07414  0.07976

Amazon Recall@20  0.03478  0.03614  0.04185  0.04366  0.04054  0.04476
book NDCG@20  0.08498  0.08645 0.09322  0.09716  0.09660  0.10280
Recall@50  0.06875  0.07294  0.08002  0.08051 0.08043 0.08357

NDCG@50  0.11449  0.11775 0.12413  0.12878  0.12915 0.13366
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Fig.5 Influence of orthogonality constraint on model performances
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Fig. 7 Visualization of different models’ disentangled representation on Gowalla
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Fig. 8 Visualization of different models” disentangled representation on Amazon-book
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Table 4 Representation independence test of different models

Gowalla Amazon-book
LightGCN 148 1588
DGCF 64 1183
G2DCF 0.51 0.57
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Table 5 Representation uniformity test of different models

Gowalla Amazon-book
LightGCN 0.2571 0.3272
DGCF 0.2885 0.3316
G2DCF 0.2253 0.3261
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Fig. 12 Influence of different intent numbers on model performances
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