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a b s t r a c t 

Knowledge graphs (KGs) are increasingly used to solve the data sparsity and cold start problems of col- 

laborative filtering. Recently, graph neural networks (GNNs) have been applied to build KG-based rec- 

ommender systems and achieved competitive performance. However, existing GNN-based methods are 

either limited in their ability to capture fine-grained semantics in a KG, or insufficient in effectively mod- 

eling user-item interactions. To address these issues, we propose a novel framework with collaborative 

and attentive graph convolutional networks for personalized knowledge-aware recommendation. Partic- 

ularly, we model the user-item graph and the KG separately and simultaneously with an efficient graph 

convolutional network and a personalized knowledge graph attention network, where the former aims to 

extract informative collaborative signals, while the latter is designed to capture fine-grained semantics. 

Collectively, they are able to learn meaningful node representations for predicting user-item interactions. 

Extensive experiments on benchmark datasets demonstrate the effectiveness of the proposed method 

compared with state-of-the-arts. 

© 2022 Elsevier Ltd. All rights reserved. 
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. Introduction 

The information explosion is creating serious challenges in var- 

ous aspects of modern society, especially in online environments 

uch as search engines, E-commerce, multimedia platforms, and 

ews portals. People are overwhelmed by the huge number of 

hoices and options before they can benefit from the abundance of 

nformation. To deal with these challenges, recommender systems 

ave become a necessity for web applications. 

Collaborative filtering has been widely adopted in recom- 

ender systems to predict user interests [1–3] . However, it suf- 

ers from the sparsity issue of user-item interaction data and the 

old-start problem, which may greatly affect the quality of recom- 

endation. To address these issues, many studies seek to leverage 

he rich side information of items such as properties of items. 
∗ Corresponding authors. 

E-mail addresses: csxmwu@comp.polyu.edu.hk (X.-M. Wu), 

sdwang@comp.polyu.edu.hk (D. Wang). 
1 This work was done while the author was a student in the Department of Com- 

uting, The Hong Kong Polytechnic University. 
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A variety of existing methods use item attributes indepen- 

ently [ 5 ], which may not be sufficient to capture item relations. 

o improve performance, some recent studies [6–8] propose to 

odel items and their attributes using the readily available knowl- 

dge graphs (KGs) such as YAGO, NELL, and DBpedia. KGs explicitly 

ncode relations among entities (e.g., items and their attributes) in 

he form of triples: ( head entity, relation, tail entity ), and each triple 

epresents a fact or some concept relation, e.g., ( Interstellar, Direct- 

dBy, Nolan ). A large number of triples then form a heterogeneous 

raph containing rich semantic relations and complex connectivity 

atterns, which can be used to extract item relations and improve 

ecommendation quality. 

For KG-based recommendation, it is important to explicitly 

odel high-order relations in both the bipartite graph of user-item 

nteractions and the KG. For example, consider a movie recom- 

endation task illustrated in Fig. 1 . User u 1 may want to watch 

ovie i 3 (“Interstellar”) for either one of the following reasons: 1) 

ser u 2 , who has watched the same movie i 2 (“Contact”) as u 1 ,

lso watched movie i 3 (path u 1 − i 2 − u 2 − i 3 ); 2) Both movies 

 2 and i 3 are science fiction and share a common leading actor 

atthew (paths u 1 − i 2 − e 5 /e 7 − i 3 ). Modeling high-order rela- 

ions allows to capture these collaborative signals and informative 

https://doi.org/10.1016/j.patcog.2022.108628
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2022.108628&domain=pdf
mailto:csxmwu@comp.polyu.edu.hk
mailto:csdwang@comp.polyu.edu.hk
https://doi.org/10.1016/j.patcog.2022.108628
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Fig. 1. Illustration of KG-based recommendation with a movie recommendation example. 
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G relations for recommendation. On the other hand, it is nec- 

ssary to design mechanisms to capture user-specific fine-grained 

emantics of the KG for recommendation. For example, user u 3 
ight be more interested in movie i 1 (path u 3 − i 3 − e 6 − i 1 ) 

han movie i 2 (path u 3 − i 3 − e 5 − i 2 ) because both i 1 and i 3 
re directed by his/her favorite director Nolan and he/she cares 

ore about the director (Nolan) than the leading actor (Matthew) 

hen selecting a movie. Modeling user-specific relation prefer- 

nce is therefore critical to achieve personalized recommendation. 

urthermore, entities might have a different importance weight 

n representing their common neighbor. For instance, entity e 5 
Matthew) as the leading actor should weigh in more than the 

upporting actor e 4 (Michael) in characterizing movie i 3 (“Inter- 

tellar”) in general. However, how to design effective mechanisms 

o capture these fine-grained semantics remains a challenging 

roblem. 

In recent years, substantial efforts have been devoted to design- 

ng knowledge-aware recommender systems [6,8,9] . Some stud- 

es [10,11] adopt path-based approaches to explicitly model high- 

rder relations among users and items. However, they require 

anually designed meta-paths for each specific heterogeneous 

raph and thus are heavily dependent on domain knowledge. Some 

egularization-based methods [6,12] enhance collaborative filter- 

ng models with KG embedding techniques so as to capture the 

omplex relationships among items. For example, CKE [6] uses 

ransR [13] to encode the translational property of KG embeddings. 

lbeit being flexible, these methods only implicitly refine item em- 

eddings with a KG embedding loss, which are insufficient to deal 

ith KG-based recommendation tasks. 

Most recently, recommendation methods based on graph neu- 

al networks have achieved state-of-the-art performance and at- 

racted significant attention. KGCN [7] and KGNN-LS [14] obtain 

he embedding of an entity in KG by uniformly aggregating the 

mbeddings of its same-relation neighbors. Although they aggre- 

ate neighbors of different relations with different weights, they 

ompletely ignore intra-relation semantics. Besides, they do not 

xplicitly model the user-item graph and hence might be inad- 

quate in extracting collaborative signals. KGAT [8] incorporates 

ser-item interactions into a KG by representing each interaction 

s a triple ( user, Interact, item ). It then models high-order rela- 

ions with graph attention networks on the extended KG. How- 

ver, its attention mechanism does not model user-specific pref- 

rences on entities and relations. Also, the collaborative signals 

rom user-item interactions may be overwhelmed by irrelevant at- 

ributes from the KG, especially in scenarios where user-item in- 
2 
eractions are sparse (as demonstrated in Sections 5.2 and 5.3 

mpirically). 

To address these issues, in this paper, we propose a novel 

ramework with co llaborative and at tentive graph convolutional 

etworks (COAT) for personalized knowledge-aware recommenda- 

ion. To effectively capture both the collaborative signals and the 

ttribute-based relations, COAT models the user-item graph and 

he KG separately and simultaneously with two different graph 

eural networks (GNNs). Since the user-item graph and the KG 

ave distinct structural properties and connectivity patterns (e.g., 

ommunity structure and degree distribution), they need to be 

odeled by GNNs with different design features. 

In this regard, our COAT framework offers greater flexibility 

han existing models, especially KGAT that forms an extended KG 

y integrating user-item interactions and models it with a single 

raph neural network. It also has clear advantages over KGCN and 

GNN-LS, which fail to model high-order user-item interactions. In 

articular, on the user-item graph, an efficient graph convolutional 

etwork is leveraged to encode high-order collaborative signals for 

earning effective user and item embeddings and tackling the spar- 

ity issue. 

This gives another advantage of our COAT framework in han- 

ling very sparse user-item graphs (as shown in Section 5.3 ). On 

he KG, a knowledge graph attention network is proposed for 

earning entity embeddings, where each layer is equipped with a 

ovel personalized KG-aware attention mechanism for capturing 

ser-specific fine-grained semantics. 

The proposed attention mechanism and variants jointly con- 

ider user features, target entity, entity relation, and neighbor en- 

ity to achieve personalization. Compared with the attention mech- 

nisms used in KGCN and KGAT, it has the advantage in capturing 

ore fine-grained semantic information for modeling user prefer- 

nces. By making same entities (items) in the user-item graph and 

he KG share the same embeddings during training ( Section 4.2 ), 

ur model is capable to effectively capture high-order relations 

cross the user-item graph and the KG with the cooperation of the 

wo GNNs. 

The main contributions of this paper include the following: 

• We propose a new framework COAT based on collaborative and 

attentive graph convolutional networks for knowledge-aware 

recommendation, which effectively addresses the limitations of 

existing GNN-based methods and combines their advantages in 

a holistic system. 
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Table 1 

Comparison of the attention mechanisms used in different methods. ( 
√ 

means 

meeting the description; ✗ means not meeting the description). 

Entity-aware Relation-aware User-aware 

GAT 
√ 

✗ ✗ 

KGCN ✗ 
√ √ 

KGAT 
√ √ 

✗ 

COAT (ours) 
√ √ √ 
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• We design novel personalized knowledge-aware attention 

mechanisms to capture user-specific fine-grained semantics in 

the KG to achieve more personalized recommendation. 
• We conduct extensive experiments to evaluate our model COAT 

on four benchmark datasets for top- K recommendation and 

click-through rate prediction. The results demonstrate its com- 

petitive advantages over a variety of state-of-the-art methods. 

The organization of this paper is as follows. In Section 2 , we 

rovide a review of current literature. In Section 3 , we formulate 

he research problem. We present a detailed description of the pro- 

osed method in Section 4 . The experimental results and analysis 

re provided in Section 5 . Finally, a short summary is included in 

ection 6 . 

. Related works 

.1. Graph neural networks 

Graph neural networks, particularly graph convolutional neu- 

al networks generalize the convolutional operator defined on Eu- 

lidean data such as image (2D grid) and text (1D sequence) 

o non-regular graph-structured data [15] . They can be mainly 

ategorized as spectral-based methods [16,17] and spatial-based 

ethods [18,19] . Spectral-based methods define graph convolu- 

ion in the Fourier domain based on graph signal processing the- 

ry [20,21] . Spectral CNN [16] exploits the spectrum of graph- 

aplacian to define graph convolution filter, but suffers from the 

xpensive computational complexity. ChebNet [22] approximates 

he graph filter with Chebyshev polynomials of the diagonal matrix 

f eigenvalues of graph-Laplacian. GCN [17] further simplifies it 

y leveraging a first-order approximation of ChebNet. Spatial-based 

ethods define graph convolution based on a node’s spatial rela- 

ions. Representative models include GraphSAGE [18] , GAT [19] and 

astGCN [23] . More comprehensive analysis of GNNs can refer to 

he survey [15] . The above methods are mainly proposed for homo- 

eneous graphs. Substantial efforts have also been devoted to de- 

igning GNN models for more complex graph-structured data, such 

s heterogeneous graphs [24,25] and knowledge graphs [26,27] . 

Recently, there are many practices in applying graph neural 

etworks to model user-item interactions in recommender sys- 

ems [28–30] . Both GCMC [28] and NGCF [30] apply graph con- 

olutions for feature learning on the user-item graph, with the for- 

er having only one layer while the latter having multiple layers 

o explore high-order relations. PinSage [29] is an efficient method 

ased on random walks and graph convolutions to generate item 

mbeddings from the item-item graph. However, these methods 

an only model homogeneous graphs, whereas in this paper we 

onsider enriching user-item interactions with a heterogeneous KG. 

.2. Knowledge-aware recommendation 

We focus on leveraging KGs as item side information to ad- 

ress the data sparsity and cold start problems of collaborative fil- 

ering. KG-aware methods can be divided into four categories in- 

luding regularization-based, path-based, hybrid, and GNN-based 

ethods. Regularization-based methods [6,12] leverage KG embed- 

ing techniques to capture the semantic meanings among enti- 

ies. They can flexibly incorporate different existing KG embedding 

osses for regularization, but such implicit way of modeling KG 

tructure is less effective for improving recommendation perfor- 

ance. Path-based methods [10,11] are proposed to leverage het- 

rogeneous information networks for recommendation. They re- 

uire manually designed meta-paths to explore graph structures 

hich are heavily dependent on domain knowledge. Hybrid meth- 

ds such as PKGE [31] , RippleNet [9] and AKUPM [32] combine the 
3 
egularization-based methods and the path-based methods. They 

utomatically learn paths connecting users and items to improve 

he prediction of user preferences. 

Most recently, graph neural networks have been applied to fully 

xplore KG structures [7,8,14] and achieved promising performance 

n KG-based recommendation. KGCN [7] and KGNN-LS [14] con- 

ert the KG into a weighted graph by learning user-specific relation 

cores. 

However, they fail to capture intra-relation semantics since they 

ggregate neighbors of the same relation with the same weight. 

oreover, they do not explicitly model user-item connections and 

annot catch high-order collaborative signals. In our proposed 

OAT framework, we explicitly model the user-item graph with 

n efficient graph convolutional network, which enables to effec- 

ively model high-order collaborative signals and tackle the spar- 

ity issue. KGAT [8] incorporates user-item interactions into the KG 

nd then models high-order connections with graph attention net- 

orks. 

However, the collaborative signals in user-item interactions can 

e easily overwhelmed by irrelevant attributes from the KG. More- 

ver, it lacks user-specific personalization and suffers from high 

omputational complexity. In our COAT framework, the UI graph 

nd the KG are modeled separately to fully explore their different 

onnectivity patterns and semantics, and jointly utilized for user 

reference prediction. 

.3. Attention mechanism 

Attention is one of the most powerful techniques in deep learn- 

ng. It allows the model to focus on the most informative parts of 

he inputs dynamically and offers excellent explainability in han- 

ling image and text data [33,34] . It has also been successfully 

sed in graph neural networks [7,8,19] . Table 1 presents a com- 

arison of the attention mechanisms proposed in our model COAT 

o those in other GNN-based methods. Specifically, the attention 

echanisms are categorized based on their capability in learning 

ttention scores for triples in the KG. Accordingly, entity-aware, 

elation-aware and user-aware means the attention scores are re- 

ated to entity, relation and user embeddings, respectively. As the 

ioneering work, GAT [19] proposes an attention mechanism to 

earn node-aware attention scores on homogeneous graphs. When 

pplied in the KG, it can learn entity-aware attention scores. Re- 

earch efforts have also been made in designing attention mech- 

nisms for multi-relational data such as KGs [7,8,35] and general 

eterogeneous graphs [24] . Here, we focus on methods for KGs. 

GCN [7] proposes to learn user-specific relation preference by 

onsidering user embeddings and relation embeddings in learning 

he attention scores. KGAT [42] combines the user-item graph and 

he KG into an extended KG by representing each user-item inter- 

ction as a triple ( u, Interact, i ). It uses an attention mechanism 

hat jointly considers head, tail and relation embeddings. However, 

t can only learn user-specific scores for some triples (user-item in- 

eractions) in the extended KG, but not for other triples from the 

riginal KG. Thus, KGAT is not a user-aware model. In comparison, 

ur proposed COAT can learn user-specific triple-aware attentions 

or feature aggregation on the KG. 
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. Problem definition 

.1. User-item graph (UI) 

We consider implicit feedback data as in many recommen- 

ation methods [6,8] . Specifically, there are a set of users U = 

 u 1 , u 2 , . . . , u N } and a set of items I = { i 1 , i 2 , . . . , i M 

} . The interac-

ions between users and items are represented as a rating ma- 

rix Y ∈ R 

N×M , where y nm 

= 1 if user u n has engaged with item i m 

uch as listening, reading or watching, otherwise y nm 

= 0 . Y can be

onsidered as the biadjacency matrix of a bipartite graph between 

sers and items. Based on this, we can construct a graph termed 

ser-item graph with the adjacency matrix as: 

 = 

[
0 Y 

Y 

� 0 

]
. (1) 

he complex user-item connectivity patterns in the UI encode rich 

ollaborative signals which are essential to capture user prefer- 

nces. 

.2. Knowledge graph (KG) 

A knowledge graph consists of a set of triples G = 

 (e h , r, e t ) | e h , e t ∈ E, r ∈ R} , where e h , r and e t represent the

ead entity, relation and tail entity, respectively. E represents 

he entity set and R represents the relation set. The KG can 

elp to capture rich semantic relations and high-order structural 

onnections of items. 

There is a set of item-entity alignments A = { (i, e ) | i ∈ I, e ∈ E}
etween items and entities, which bridges the user-item interac- 

ions and entity semantic relations in the KG. Here, without loss of 

enerality, we assume that each item corresponds to an entity in 

he KG as in many existing works [6–8] . Based on the alignments, 

e denote the entity set of the KG as 

 = { i 1 , . . . , i M 

, e M+1 , . . . , e |E| } , (2)

hich means I ⊂ E . 

Given a UI and the associated KG, the research problem of this 

aper is to predict the probability of a user u engaging with an 

tem i in the future. 

. The proposed model 

.1. Model overview 

In this paper, we propose a new framework with co llaborative 

nd at tentive graph convolutional networks (COAT) to jointly 

odel the user-item graph and the knowledge graph for recom- 

endation. The model framework is shown in Fig. 2 . It consists of 

n embedding learning component and a prediction component. 

n the embedding learning component, an efficient graph convo- 

utional network preserves collaborative signals in the refined user 

nd item embeddings from the UI, while a personalized knowledge 

raph attention network encodes rich semantic meanings of the KG 

nto the refined item embeddings in a personalized manner. The 

rediction component takes the learned embeddings as inputs to 

redict the probability of user-item interaction. 

.2. Embedding layer 

We transform the one-hop representations of users, items, en- 

ities, and relations into low-dimensional dense vectors by setting 

p an embedding lookup layer as in some existing works [6,11] . 

pecifically, the embedding matrix for users and items is denoted 

s X 1 ∈ R 

(N+ M) ×d , where d is the dimension of embedding vectors, 

nd the first N rows of X are the embeddings of users and the 
1 

4 
ast M rows are the embeddings of items. The entity embedding 

atrix is denoted as X 2 ∈ R 

|E|×d , where the first M rows are item 

mbeddings. 

By the assumption that each item corresponds to an entity in 

he KG, i.e., I ⊂ E , X 1 and X 2 share the same embedding vector 

or the same item/entity. Similarly, the relation embedding matrix 

s represented as X 3 ∈ R 

|R|×d . Formally, given a one-hot represen- 

ation o u ∈ R 

(N+ M) ×1 of user u , the initial embedding is obtained 

ith 

 u = X 1 
T · o u . (3) 

imilar operations can be applied to items, entities, and relations 

o obtain their initial embeddings. 

.3. Efficient graph convolutional layer 

To capture the behavior information of users, we propose to 

ggregate the embeddings of user-interacted items for feature 

moothing. Specifically, with one graph convolutional layer, the 

ser embedding is obtained as follows: 

 u = σ

( 

W 

� ∑ 

i ∈N u 

1 

|N u | x i 

) 

, (4) 

here N u represents the neighbor set of user u in the UI, x i is

he embedding of item i from the embedding layer, W is the 

eight matrix, and σ (·) is the activation function and set to 

eakyReLU [36] . Since the embedding of the user itself is also very 

mportant, a self-loop is added on each node in the graph, i.e., 

 u = N u ∪ { u } . Similarly, item embeddings can be learned in the

ame way. 

To fully explore the collaborative signals in user-item interac- 

ions, it is important to model high-order connections in the UI 

xplicitly as suggested in Wang et al. [30] . Therefore, we stack 

 1 graph convolutional layers to learn user and item embeddings, 

hich allows to aggregate the embeddings of L 1 -hop neighbors. 

he embedding learning function in the lth layer can be written 

n the matrix form as follows: 

 

(l) = σ ( ̂  A H 

(l−1) W 

(l) ) , (5) 

here ˆ A = 

˜ D 

−1 ˜ A , ˜ A = A + I , ˜ D ii = 

∑ 

j 
˜ A i j , H 

(0) = X 1 , and W 

(l) is the

eight matrix in the lth layer. However, with the graph convolu- 

ional layer defined as in Eq. (4) , one has to stack multiple lay-

rs to explore high-order connections explicitly, which will also in- 

rease model complexity because of the accompanied trainable pa- 

ameters in each layer. This can easily cause overfitting in scenarios 

here user-item interactions are sparse. To address this issue, we 

ropose to use an efficient graph convolutional layer [37] to control 

odel capacity while still aggregating embeddings via high-order 

onnections. Then, the hidden embeddings in the lth layer are ob- 

ained by: 

 

(l) = σ ( ̂  A 

s H 

(l−1) W 

(l) ) , (6) 

here s is the exponent of ˆ A . By setting an appropriate s , we can

asily control the degree of utilizing high-order connections while 

voiding overfitting. Normally, a large s should be used for sparse 

ata. We denote the output embeddings from the final layer as H = 

 

(L 1 ) . 

.4. Personalized knowledge graph attention layer 

To model the KG for recommendation, a plausible approach 

s to design graph neural networks that can automatically learn 

he importance weights of KG links and then perform embedding 

earning with graph convolution [7,8] . The challenges mainly lie 

n two aspects. Firstly, it is difficult to capture the semantic re- 

ations among entities due to the diversity of relation and entity 
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Fig. 2. The proposed framework for personalized knowledge-aware recommendation. The graph convolutional layers and graph attention layers aggregate and propagate 

information on the UI and the KG respectively, as conceptually illustrated by the change of node color. 
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ypes. Secondly, it is important yet challenging to take into ac- 

ount personalized user preferences when characterizing the rela- 

ions among entities for embedding learning. 

In the KG, one entity may connect to others through different 

elations. For example, as shown in Fig. 1 , the movie Interstellar 

s connected to Matthew via “acting”, to Nolan via “directing”, and 

o science fiction via “genre”. Intuitively, different relations have 

ifferent influences on characterizing an entity, and each user has 

is/her own preferences over different relations. Further, one entity 

ay connect to multiple entities through the same relation, e.g., 

oth Matthew (leading actor) and Michael (supporting actor) have 

layed roles in the movie Interstellar. These neighboring entities 

hould have different importance in characterizing the target entity 

nterstellar. Also, such importance might be different for different 

sers due to their personal interests. Thus, it is necessary to learn 

ersonalized attention scores for embedding aggregation. Existing 

ethods [7,8,19] cannot fully capture the above observations due 

o their flawed design. Specifically, both GAT [19] and KGAT [8] ig- 

ore user features, and thus are incapable of learning personalized 

ttention scores. KGCN [7] does not consider head and tail features, 

nd thus fails to characterize the importance of different neighbors 

specially those with the same relations. Therefore, it is necessary 

o consider features of user, relation, target entity and neighbor 

ntity simultaneously in designing attention mechanisms so as to 

ully capture the above mentioned fine-grained semantics of KG for 

ecommendation. 

.4.1. Personalized knowledge-aware attention 

Based on the above observations, we design a novel personal- 

zed knowledge graph attention layer to learn item embeddings 

rom the KG concerning a given user to provide more accurate, 

xplainable and diverse recommendations. The key component is 

he personalized knowledge-aware attention model as illustrated 

n Fig. 3 . Consider a tetrad (u, e i , r i j , e j ) of user, target entity, rela-

ion and neighbor entity. The model takes the embeddings of the 

etrad (u, e i , r i j , e j ) as inputs to learn the attention score: 

a u ) 
′ 
i j = f (x u , x e i , x r i j 

, x e j ) , (7) 

here f (·) is the attention function, and x u , x e i , x r i j 
and x e j are

he initial embeddings of user, target entity, relation and neighbor 

ntity, respectively. By designing an attention mechanism to jointly 

odel the tetrad (u n , i 1 , r 14 , e 4 ) , our method could capture more

ne-grained semantics in KG than other methods. In this paper, we 

xplore different ways to implement f (·) for learning the attention 

core: 
5 
• Inner-Product Attention extends the attention model of KGCN by 

also considering the features of the target and neighbor enti- 

ties with the inner-product operator so as to learn personalized 

relation-aware and entity-aware attention scores, which is im- 

plemented as follows: 

(a u ) 
′ 
i j = x u · x r i j 

+ x e i · x e j . (8) 

• Sum Attention first sums the embeddings of the tetrad 

(u, e i , r i j , e j ) , and then obtains the attention score with a single-

layer perceptron as follows: 

(a u ) 
′ 
i j = σ

(
w 

� (x u + x e i + x r i j 
+ x e j ) + b 

)
, (9)

where w is the weight vector, b is the bias, and σ (·) is the ac- 

tivation function and set to LeakReLU. 
• Concat Attention concatenates the embeddings of the tetrad 

(u, e i , r i j , e j ) first, and then leverages a single-layer perceptron

to compute the attention score as follows: 

(a u ) 
′ 
i j = σ

(
w 

� (x u || x e i || x r i j 
|| x e j ) + b 

)
. (10)

• Bi-Interaction Attention extends the Sum attention by introduc- 

ing a new component to explore feature interactions among the 

tetrad (u, e i , r i j , e j ) as follows: 

(a u ) 
′ 
i j = σ

(
w 1 

� (x u + x e i + x r i j 
+ x e j ) + b 1 

)
+ σ

(
w 2 

� (x u � x e i � x r i j 
� x e j ) + b 2 

)
, (11) 

where w 1 and w 2 are the weight vectors, b 1 and b 2 are the 

biases, and � is the element-wise product. 

The second term allows to sufficiently model interactions 

among features of the tetrad through element-wise product, 

which increases the flexibility and capability of the atten- 

tion mechanism. As will be shown by the experiments in 

Section 5.3 , Bi-Interaction attention can significantly improve 

the recommendation performance on sparse user-item interac- 

tions by modeling KG more effectively. 

Finally, the attention score on triple (e i , r i j , e j ) with respect to

ser u is normalized with a softmax function as follows: 

a u ) i j = 

exp 

(
(a u ) ′ i j 

)
∑ 

e k ∈N e i exp 

(
(a u ) ′ ik 

) , (12) 

here N e denotes the neighbors of entity e i . 
i 
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Fig. 3. Personalized knowledge-aware attention. To predict the interaction probability between user u n and item i 1 , we need to learn the personalized item embedding of i 1 . 

The attention score between i 1 and e 4 is obtained from a personalized knowledge-aware attention model that jointly considers the embeddings of the tetrad (u n , i 1 , r 14 , e 4 ) . 
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.4.2. Embedding aggregation with attention. 

With the learned attention scores, the embedding of entity e i 
ith respect to user u in the first aggregation layer is computed as 

ollows: 

h u ) e i = σ
(

W E 
� ∑ 

e j ∈N e i ∪{ e i } 
(a u ) i j x e j 

)
, (13) 

here (a u ) ii is set to 1 to include the embedding of the entity it-

elf, and σ (·) is the activation function and set to LeakyReLU. 

We stack L 2 embedding aggregation layers to explore high- 

rder connectivity patterns in KG. For a particular user u , the entity 

mbeddings in the lth layer is computed as 

 

(l) 
u = σ (A u H 

(l−1) 
u W 

(l) 
E ) , (14) 

here A u is a weighted adjacency matrix learned with the pro- 

osed personalized knowledge-aware attention model, and (a u ) i j 

s an entry of A u with index (i, j) . We denote H u = H 

(L 2 ) 
u as the

utput entity representations with respect to user u . To improve 

odel efficiency, we fix the neighborhood size as T for each entity 

nd sample from the original neighbor set uniformly for embed- 

ing aggregation as in Wang et al. [7] , Hamilton et al. [18] . 

.5. Interaction prediction 

The refined user embeddings are obtained from the UI, with the 

mbedding of user u n as 

 u n = h n , (15) 

here h 

� 
n is the n th row of H . The refined item embeddings are

 combination of those from the UI and the KG. Specifically, the 

efined embedding of item i m 

with respect to user u n is: 

 

u n 
i m 

= αh N+ m 

+ (1 − α)(h u n ) m 

, (16) 

here α ∈ [0 , 1] is a balancing parameter and set to 0.5 in our ex-

eriments, h 

� 
N+ m 

is the (N + m ) th row of H and (h u n ) m 

is the m th

ow of H u n . The item embedding thus contains both collaborative 

ignals from the UI and attribute-based information from the KG. 

With the learned user and item embeddings, the interaction 

robability between user u n and item i m 

is computed as: 

˜ 
 nm 

= g(e u n , e 
u n 
i m 

) , (17) 

here g(e 1 , e 2 ) = σ (e � 
1 

e 2 ) with σ (·) set to the sigmoid function.

ote that neural network based models [38] can be utilized to ex- 

lore more complicated interactions of the embeddings. 
6 
.6. Optimization and computational complexity 

We train our model with the cross entropy loss as follows: 

 = 

∑ 

u n ∈U 

∑ 

i m : y nm =1 

− log ( ̃  y nm 

) −
K ∑ 

k =1 

E i k ∼P k (i ) log (1 − ˜ y nk ) , (18) 

here P k (i ) is a negative sampling distribution and K is the num- 

er of negative items sampled for each observed user-item pair 

nd set to 1 in the experiments. 

Graph neural networks suffer from the overfitting issue just like 

ther deep learning models [39] . To improve the generalization 

bility of COAT, we employ two regularization methods. Firstly, L2 

orm loss is enforced on the model parameters. Secondly, node 

ropout and message dropout are leveraged in the GNN for the 

I. Specifically, the output messages from Eqs. (5) , (6) are set to 0

ith a probability p 1 [40] . Besides, each edge in the UI is removed

ith a probability p 2 at each training step as suggested in Rong 

t al. [39] . This operation actually augments the randomness and 

he diversity of the input graph, thus improving model robustness 

gainst noisy connections and alleviating the overfitting issue. 

The computation mainly comes from the two GNNs for the UI 

nd the KG, respectively. Suppose that W 

(l) ∈ R 

d l−1 ×d l , and ‖ Y ‖ 0 is

he number of user-item interactions. It takes O(‖ Y ‖ 0 d l−2 d l−1 d l ) to

ompute the hidden representations with a single graph convolu- 

ional layer on the UI through Eq. (5) , which is linear to the num-

er of user-item interactions. The runtime complexity of the effi- 

ient graph convolutional layer ( Eq. (6) ) is similar to the normal 

ne, but with an additional constant scale factor s . To improve time 

nd space complexity, for the GNN on the KG, we fix the neighbor- 

ood size of each entity as T and sample neighbors through uni- 

orm sampling as in Wang et al. [7] , Hamilton et al. [18] . Suppose

hat W 

(l) 
E ∈ R 

d 
(l−1) 
E ×d 

(l) 
E . It takes O(‖ Y ‖ 0 T L 2 d (l−2) 

E d (l−1) 
E d (l) 

E ) to obtain

ntity embeddings with Eq. (14) given A u , which is linear to the 

umber of triples in the KG. The time complexity of computing A u 

s O(‖ Y ‖ 0 T L 2 d 2 ) with d as the dimension of the initial embeddings

nd L 2 as the number of layers in the GNN. Therefore, the overall 

omplexity of our COAT model is linear to the size of the UI and 

he KG. 

. Experiments 

In this section, we empirically evaluate our proposed method 

OAT in two scenarios including click-through rate (CTR) predic- 

ion and top- K recommendation on benchmark datasets. We aim 

o answer the following research questions through experiments: 
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Table 2 

Statistics of the datasets and settings of the hyper-parameters used in our mothod 

COAT ( d: embedding size, |B| : batch size, λ: L2 regularization weight, η: learning 

rate, s : coefficient of the efficient GCN layer, and T : neighborhood size for each 

entity in training.). 

Movie Book Music Restaurant 

# users 138,159 17,860 1872 2,298,698 

# items 16,954 14,967 3846 1362 

# interactions 13,501,622 69,873 42,346 23,416,418 

# entities 102,569 77,903 9366 28,115 

# relations 32 18 60 7 

# KG triples 499,474 60,787 15,518 160,519 

d 32 64 32 8 

|B| 65,536 256 128 65,536 

λ 10 −7 2 × 10 −5 10 −4 10 −7 

η 2 × 10 −2 5 × 10 −5 5 × 10 −3 2 × 10 −2 

s 1 3 8 1 

T 4 8 8 4 
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Table 3 

Classification of possible results when recommending an item to a user in CTR pre- 

diction. 

Recommended Not recommended 

Clicked True-Positive (TP) False-Negative (FN) 

Not Clicked False-Positive (FP) True-Negative (TN) 
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1 How does COAT perform compared with state-of-the-art meth- 

ods? 

2 How do different variants of COAT perform under scenarios 

with very sparse user-item interactions? 

3 How does the performance contribution of the proposed per- 

sonalized knowledge-aware attention mechanisms? 

4 How does the effectiveness and efficiency of the efficient graph 

convolutional layer? 

5 How do the hyper-parameters affect the performance of COAT? 

.1. Experimental setup 

.1.1. Datasets 

We conduct experiments with benchmark datasets including 

ovieLens-20M (Movie), Last.FM (Music), Dianping-Food (Restau- 

ant), and Book-Crossing (Book), with the first three from [14] and 

he last one from [9] . The descriptive statistics of the datasets are 

resented in Table 2 . 

.1.2. Baselines 

We select state-of-the-art baselines from five categories includ- 

ng supervised learning methods (FM and NFM), regularization- 

ased methods (CKE), path-based methods (PER), hybrid methods 

RippleNet), and GNN-based methods (GCMC, NGCF, KGAT, KGCN 

nd KGNN-LS). The descriptions are listed as follows: 

• FM, NFM [5] : FM builds upon factorization machines to model 

second-order feature interactions. NFM improves upon FM by 

leveraging neural networks to model higher-order feature in- 

teractions. 
• CKE [6] : This model regularizes matrix factorization based col- 

laborative filtering with a KG embedding loss from TransR [13] . 
• PER [10] : It is a representative path-based method that manu- 

ally designs meta-paths that connect users and items in a het- 

erogeneous graph and extracts them to enrich user-item con- 

nections. 
• RippleNet [9] : It is a hybrid model that combines the 

regularization-based and path-based methods, which extends 

the user’s interests iteratively by utilizing his/her historically in- 

teracted items and KG links. 
• GCMC [28] , NGCF [30] : Both methods use graph convolutional 

networks to model the user-item graph. GCMC only uses a sin- 

gle convolutional layer, while NGCF stacks multiple layers to ex- 

plore high-order connectivity. 
• KGAT [8] , KGCN [7] , KGNN-LS [14] : These are the most recent

state-of-the-art knoweledge-aware methods based on graph 
neural networks. C

7 
We denote COAT with the proposed Inner-Product, Sum, Concat 

nd Bi-Interaction attentions as COAT-I, COAT-S, COAT-C and COAT- 

, respectively. 

.1.3. Settings 

We implement COAT using Tensorflow [41] with Adam op- 

imizer [42] . Both the node dropout ratio p 1 and the message 

ropout ratio p 2 are set to 0.1. The settings of other hyper- 

arameters are shown in Table 2 . For the baselines, we conduct 

rid search to find optimal settings as suggested in the correspond- 

ng papers. In experiments, the observed user-item interactions are 

andomly split into three sets with the ratio 6:2:2 for training, val- 

dation and testing, respectively, as in Wang et al. [7 , 14] . To reduce

andomness and ensure fairness, we use the same random seed 

uring sampling for all the methods, which makes sure they all 

se the same data splits. The validation set is used to find the op- 

imal hyper-parameter settings. 

In CTR prediction, one negative item is sampled for each user- 

tem pair in both the validation and testing sets for evaluation. 

UC and F1 scores are used as performance measures. CTR pre- 

iction can be considered as a binary classification problem, and 

ecommendation results can be classified as in Table 3 . Based on 

he counting of different types of results, the evaluation metrics 

re computed as follows: 

Precision = 

# TP 

# TP + # FP 

, 

Recall (True Positive Rate) = 

# TP 

# TP + # FN 

, 

False Positive Rate = 

# FP 

# FP + # TN 

. (19) 

Then, F1 score can be computed as follows: 

1 = 2 · Precision · Recall 

Precision + Recall 
. (20) 

UC is the area under the receiver operating characteristic (ROC) 

urve which is obtained by plotting the true positive rate against 

he false positive rate at various threshold settings [43] . It can be 

alculated as follows: 

UC = 

∑ 

x ∈P rank x − |P |·(|P | +1) 
2 

|X | , (21) 

here X is the test set, P ⊂ X is the positive user-item pairs, and 

ank x is the ranking position of the predicted score of sample x 

mong all samples in ascending order. 

In top- K recommendation, Recall@ K is selected as the evalua- 

ion metric for recommendation performance. For a given user, Re- 

all@ K is computed as follows: 

ecall@ K = 

# TP@ K 

# TP@ K + # FN@ K 

, (22) 

here #TP@ K and #FN@ K represent the number of true-positive 

esults and false-negative results respectively in the top- K items 

ith the highest prediction scores among all items with respect to 

he given user. The final Recall@ K score is obtained by taking the 

verage of the Recall@ K scores of all users. 

All the experiments are run on a 128 G RAM computer with 

PU Inter Xeon Silver 4110 2.10 GHz and GPU NVIDIA RTX 2080Ti. 
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Table 4 

The results of Recall@K in top- K recommendation on movie and book. 

Model Movie Book 

R@2 R@10 R@50 R@100 R@2 R@10 R@50 R@100 

FM 0.0364 0.1250 0.3183 0.4470 0.0029 0.0389 0.1421 0.1949 

NFM 0.0299 0.1284 0.3019 0.4258 0.0031 0.0622 0.1418 0.1982 

CKE 0.0351 0.1284 0.3333 0.4668 0.0041 0.0208 0.0528 0.0686 

PER 0.0220 0.0770 0.1600 0.2430 0.0220 0.0410 0.0640 0.0700 

RippleNet 0.0112 0.0867 0.2898 0.4216 0.0279 0.0449 0.0836 0.1154 

GCMC 0.0554 0.1657 0.4164 0.5540 0.0000 0.0428 0.0673 0.0756 

NGCF 0.0336 0.0962 0.2365 0.3064 0.0109 0.0174 0.0478 0.0656 

KGAT 0.0371 0.1479 0.3544 0.4790 0.0276 0.0529 0.1056 0.1327 

KGCN 0.0306 0.1271 0.3034 0.4428 0.0328 0.0528 0.1007 0.1329 

KGNN-LS 0.0351 0.1336 0.3127 0.4056 0.0317 0.0584 0.1083 0.1255 

COAT-I 0.0452 0.1461 0.4004 0.5513 0.0547 0.0831 0.1480 0.2068 

COAT-S 0.0465 0.1656 0.4015 0.5471 0.0547 0.0814 0.1528 0.2095 

COAT-C 0.0418 0.1590 0.3853 0.5350 0.0550 0.0780 0.1449 0.2089 

COAT-B 0.0400 0.1557 0.3972 0.5387 0.0581 0.0814 0.1596 0.1928 

∗ The top 3 results for each task are highlighted in bold. 

Table 5 

The results of Recall@K in top- K recommendation on music and restaurant. 

Model Music Restaurant 

R@2 R@10 R@50 R@100 R@2 R@10 R@50 R@100 

FM 0.0061 0.0604 0.1616 0.2180 0.0276 0.1082 0.3737 0.5488 

NFM 0.0175 0.0691 0.1640 0.2509 0.0235 0.1096 0.3799 0.5231 

CKE 0.0457 0.1556 0.3281 0.3969 0.0344 0.1002 0.3399 0.4775 

PER 0.0140 0.0520 0.1160 0.1760 0.0230 0.1020 0.2560 0.3540 

RippleNet 0.0208 0.0596 0.1782 0.2875 0.0309 0.1025 0.3178 0.4960 

GCMC 0.0000 0.0008 0.0749 0.2097 0.0368 0.1268 0.3515 0.5345 

NGCF 0.0442 0.1245 0.2803 0.3499 0.0302 0.1167 0.3056 0.4508 

KGAT 0.0324 0.1147 0.2916 0.3844 – – – –

KGCN 0.0331 0.1175 0.2627 0.3500 0.0305 0.0980 0.3489 0.4808 

KGNN-LS 0.0229 0.1067 0.2512 0.3365 0.0197 0.0904 0.3526 0.4943 

COAT-I 0.0406 0.1322 0.2992 0.3934 0.0343 0.1193 0.3833 0.5368 

COAT-S 0.0403 0.1310 0.2815 0.3977 0.0335 0.1276 0.3945 0.5292 

COAT-C 0.0519 0.1157 0.2835 0.3867 0.0256 0.1289 0.3910 0.5459 

COAT-B 0.0377 0.1258 0.3044 0.4077 0.0227 0.1269 0.3903 0.5489 

∗ The top 3 results for each task are highlighted in bold. 
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ll the reported results are the average of three different runs fol- 

owing the current practice [7,14] . Note that the results of KGAT on 

estaurant are not presented in both experiments. The reason is 

hat it needs to be trained in full-batch mode with similar space 

omplexity as vanilla GCN [17] , which requires expensive mem- 

ry consumption for large-scale datasets such as Restaurant and 

xceeds the capacity of GPU memory of our computer. 

.2. Performance comparison (RQ1) 

Top- K recommendation 

Top- K recommendation aims to identify a set of K items that 

ill be of interest to a certain user [44] , and K is usually a small

umber in many real applications. The experimental results of top- 

, 10, 50 and 100 recommendations are shown in Tables 4 and 5 .

ll variants of our method COAT achieve better performance on av- 

rage than the baselines across all the datasets, except for GCMC 

n Movie and CKE on Music. 

All variants of COAT consistently outperform GNN-based 

nowledge-aware methods including KGAT, KGCN and KGCN-LS. 

or example, COAT-I, S, C and B respectively achieve significant 

2.17%, 16.20%, 10.15% and 9.41% relative improvements over KGAT 

n Movie in average of the four top- K settings. One reason might 

e that COAT combines collaborative signals and attributed infor- 

ation in a more effective way. KGCN and KGNN-LS perform sim- 

larly on all the datasets. Our COAT-I achieves significant 25.52%, 

4.08%, 34.30% and 30.85% relative gains over KGNN-LS on Movie, 

ook, Music and Restaurant respectively in average of the four 
8 
op- K settings. Other variants of COAT also have similar perfor- 

ance improvements over KGNN-LS. The reasons that COAT sig- 

ificantly outperforms KGCN and KGNN-LS may lie in two aspects: 

) COAT explicitly models connectivity information in both the UI 

nd the KG; 2) The proposed personalized knowledge-aware atten- 

ion mechanisms can capture more fine-grained semantics in the 

G. 

COAT outperforms the baselines by a large margin on Book and 

chieves the best performance on Restaurant. On Movie, COAT per- 

orms comparably to the best baseline GCMC and significantly bet- 

er than other knowledge-aware baselines, which further confirms 

hat COAT can leverage the KG more effectively. Although GCMC 

chieves the best results on Movie, it performs terribly on Book 

nd Music. Since GCMC only models the UI, it suggests that item- 

ide information in the KG may not always be helpful, but utiliz- 

ng it properly can help to achieve more stable and better per- 

ormance. On Music, COAT also achieves competitive performance 

ith the best baseline CKE. Although CKE achieves the best top-10 

nd top-50 recommendation results on Music, it does not perform 

ell on other datasets, and especially its performance on Book is 

oor. Both FM and NFM perform much worse than COAT in most 

ases, which shows the clear advantages of COAT in directly mod- 

ling the complicated relations among users and items. 

CTR prediction 

CTR prediction aims to estimate the probability of a certain user 

licking a displayed item [45] . Different from top- K recommen- 

ation, it needs to rank all the items in the item space for the 

ser. The experimental results are presented in Table 6 . It shows 
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Table 6 

The results of AUC and F1 scores in CTR prediction. 

Model Movie Book Music Restaurant 

AUC F1 AUC F1 AUC F1 AUC F1 

FM 0.9816 0.9394 0.7411 0.6841 0.7840 0.7329 0.8735 0.8027 

NFM 0.9778 0.9325 0.7538 0.6929 0.7867 0.7312 0.8749 0.8036 

CKE 0.9818 0.9411 0.6689 0.6225 0.7818 0.7098 0.8457 0.7692 

PER 0.8320 0.7880 0.6170 0.5620 0.6330 0.5960 0.7460 0.7010 

RippleNet 0.9743 0.9283 0.7263 0.6432 0.7938 0.7278 0.8696 0.7729 

GCMC 0.9858 0.9459 0.6709 0.6393 0.7939 0.7310 0.8681 0.7997 

NGCF 0.9617 0.9231 0.6453 0.5996 0.7953 0.7251 0.8461 0.7854 

KGAT 0.9813 0.9383 0.7194 0.6600 0.8054 0.7389 – –

KGCN 0.9770 0.9307 0.6883 0.6341 0.7604 0.6872 0.8450 0.7777 

KGNN-LS 0.9788 0.9342 0.6882 0.6242 0.7661 0.6878 0.8449 0.7768 

COAT-I 0.9840 0.9429 0.7437 0.6800 0.8213 0.7481 0.8768 0.7955 

COAT-S 0.9843 0.9434 0.7440 0.6678 0.8217 0.7499 0.8779 0.8009 

COAT-C 0.9840 0.9427 0.7436 0.6679 0.8213 0.7491 0.8766 0.7957 

COAT-B 0.9842 0.9431 0.7440 0.6673 0.8216 0.7490 0.8782 0.7977 

∗ The top 3 AUC and F1 scores are highlighted in bold. 

Table 7 

Recommendation results on music with 20% and 40% of the training set used for 

model training. 

Model 20% 40% 

R@10 R@50 AUC R@10 R@50 AUC 

NFM 0.0158 0.0710 0.7398 0.0308 0.1030 0.7576 

CKE 0.0160 0.0513 0.5240 0.0385 0.0928 0.5867 

NGCF 0.0372 0.1109 0.5809 0.0856 0.2214 0.7000 

KGAT 0.0387 0.1324 0.7210 0.0587 0.1932 0.7527 

KGCN 0.0309 0.0709 0.4974 0.0555 0.1456 0.5650 

COAT-I 0.0750 0.1888 0.7562 0.0860 0.2036 0.7697 

COAT-S 0.0729 0.1976 0.7567 0.0772 0.2282 0.7709 

COAT-C 0.0760 0.1956 0.7560 0.0834 0.2080 0.7691 

COAT-B 0.0834 0.2237 0.7569 0.0822 0.2100 0.7705 
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hat our method COAT has overall the best performance on the 

our datasets. Specifically, it significantly outperforms all the base- 

ines on Music, and has comparable performance with the best 

aselines on Music (GCMC), Book (FM, NFM) and Restaurant (FM, 

FM). In particular, all four variants of COAT consistenly and signif- 

cantly outperform GNN-based knowledge-aware methods includ- 

ng KGAT, KGCN and KGNN-LS. For example, COAT-I achieves 0.53%, 

.06%, 7.21% and 3.78% relative improvements over KGNN-LS in 

UC scores on Movie, Book, Music and Restaurant, respectively. It 

emonstrates the design advantages of our method COAT in ex- 

loiting the structural information and semantic information in the 

I and the KG. 

.3. Performance on sparse user-item interactions (RQ2) 

To evaluate the performance of our method on sparse user-item 

nteractions, we keep the validation and test sets unchanged (as in 

ection 5.2 ), while randomly subsampling the interactions in the 

raining set to achieve different levels of sparsity. Specifically, after 

ubsampling, the number of users and items remain unchanged, 

hile the number of user-item interactions is reduced to 20% or 

0% of the original training set. Table 7 shows the results on Mu- 

ic. We only select several baselines for comparison to avoid rep- 

tition. The performance of CKE and KGCN drop dramatically in 

oth top- k recommendation and CTR prediction compared with re- 

ults in Tables 4–6 , which is probably because they fail to model 

igh-order connections in the user-item graph explicitly. NFM and 

GCF also have significant performance loss under these scenarios. 

GAT performs better than other baselines, since it explicitly mod- 

ls high-order connections in both the UI and the KG. However, 

t is still much worse than our COAT, which may be because the 
9 
parse collaborative signals in the UI can be easily overwhelmed 

y the irrelevant attributes from the KG and thus harms the perfor- 

ance. Overall, our method COAT achieves the best performance. 

he success of COAT in addressing the sparsity issue might be at- 

ributed to two reasons: firstly, the efficient graph convolutional 

ayer directly helps to tackle the data sparsity issue; secondly, the 

esign of two GNNs for the UI and the KG respectively improves 

he exploration of collaborative signals and attribute-based seman- 

ics. In addition, among all variants of COAT, COAT-B achieves the 

est results overall, which is probably due to the flexibility and ca- 

ability of Bi-Interaction attention in modeling feature interactions. 

.4. Effect of attention mechanisms (RQ3) 

In this subsection, we study the effect of the proposed per- 

onalized knowledge-aware attention mechanisms on recommen- 

ation performance. Fig. 4 shows the experimental results of 

OAT with 6 different attention mechanisms. Specifically, “avg”

eans aggregating the embeddings of a node’s neighbors with 

qual weights. “u_r” represents the attention mechanism that 

nly considers user and relation embeddings as in KGCN [7] . 

uhrt_ip”, “uhrt_add”, “uhrt_concat” and “uhrt_bi” represent our 

roposed attention mechanisms with Inner-Product, Sum, Concat 

nd Bi-Interaction attention, respectively. From the results, it can 

e seen that COAT (u_r) performs better than COAT (avg) be- 

ause the u_r attention can capture user-specific relation prefer- 

nce and importance in characterizing an entity. Further, COAT 

uhrt_ip/add/concat/bi) all outperform COAT (u_r) consistently with 

nly one exception being the Concat attention in top-50 recom- 

endation on Movie. Overall, it shows the necessity of considering 

eatures of the tetrad (u, e i , r i j , e j ) in designing attention mecha-

isms to learn more fine-grained attention for recommendation. 

.5. Study of the efficient graph convolutional layer (RQ4) 

In this subsection, we study the effectiveness and efficiency of 

he efficient graph convolutional layer ( Section 4.3 ). We vary the 

rder s of the graph convolutional layer from 1 to 10 to study 

ts effect on recommendation performance and computation time. 

ote that when s = 1 , it is the normal graph convolutional layer. 

s shown in Fig. 5 , when increasing s from 1 to 10, the recom-

endation performance on Music gradually increases and achieves 

he best results when s = 8, and then drops. It demonstrates the 

dvantage of the efficient graph convolutional layer compared with 

he normal one under the same model capacity (number of train- 

ble model parameters). In Table 8 , we present the training time 
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Fig. 4. Comparison of COAT with six different attention mechanisms on recommendation performance. 

Fig. 5. Effect of the order s of the efficient graph convolutional layer on model per- 

formance. 

Table 8 

The training time (seconds) per epoch w.r.t. the order s of the efficient graph con- 

volutional layer. 

s 1 2 4 6 8 10 

Music 0.775 0.774 0.812 1.597 1.616 1.670 

Book 3.070 3.299 3.878 4.377 5.039 5.721 

Movie 63.407 66.397 79.368 82.875 83.112 84.043 
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er epoch on Music, Book and Movie, where it can be seen that 

he time cost is sublinear w.r.t. the order s , demonstrating the 

omputational efficiency of the graph convolutional layer. We also 

rovide a comparison of the training time per epoch of different 

ethods in Table 9 . The training time of COAT under the default 

etting is reported. Overall, COAT is quite efficient compared with 

ther methods, especially on large-scale datasets. For example, on 

he Movie dataset, COAT is more than ten times faster than KGAT 
Table 9 

The training time (in seconds) per epoch of different me

Model FM NFM CKE RippleNet

Music 0.137 0.143 0.803 3.666 

Book 0.561 0.611 6.582 11.111 

Movie 111.965 115.200 34.657 877.521 

10 
a state-of-the-art GNN-based method) and RippleNet (a path- and 

egularization-based method), and has comparable time efficiency 

ith other methods. 

.6. Hyper-parameter sensitivity (RQ5) 

In this subsection, we perform a sensitivity analysis of COAT 

.r.t. the embedding size d, the combination coefficient α, the 

eighborhood size T , the coefficient λ of L2 regularization, 

he node dropout ratio p 1 , and the message dropout ratio p 2 . 

hen studying one hyper-parameter, we fix all the others with 

he default settings. The experimental results in CTR predic- 

ion and top-50 recommendation on Music are shown in Figs. 6 

nd 7 . Here, we only present the results of COAT-I for brevity, 

ut similar results have been observed for other variants of 

OAT. 

For the embedding size, when it increases from 8 to 128, the 

erformance of COAT-I improves at first and then drops. The rea- 

on might be that too large a dimension of embeddings can eas- 

ly cause overfitting. For the coefficient α, when it is set to 0.5, 

OAT-I achieves the best results, which confirms that both the col- 

aborative signals in the UI and the knowledge-aware semantics in 

he KG are important for recommendation. For the neighborhood 

ize of each entity in training, a small number such as 8 already 

ields quite good results; too large a value may bring in noises, 

hus harming the performance. 

For L2 regularization, we vary the hyperparameter λ ∈ { 1 ×
0 −5 , 5 × 10 −5 , 1 × 10 −4 , 5 × 10 −4 , 1 × 10 −3 , 2 × 10 −3 } . It can be ob-

erved in Fig. 7 that the recommendation performance gradually 

mproves and reaches maximum at λ = 1 × 10 −3 and then drops. 

or dropout regularization, as shown in Fig. 7 , setting both node 

ropout ratio and message dropout ratio to 0.1 achieves the best 

erformance, while too small or large a value can result in perfor- 

ance drops. Overall, it shows that an appropriate setting of the 

yperparameters of the regularization methods including L2 norm, 
thods. 

 KGCN KGNN-LS KGAT COAT 

0.373 0.526 1.626 1.616 

0.886 2.504 18.491 3.613 

17.282 29.401 1743.998 63.407 
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Fig. 6. Sensitivity analysis of the hyper-parameters including embedding size d, embedding combination coefficient α, and neighborhood size T . 

Fig. 7. Sensitivity analysis of the hyper-parameters including the coefficient λ of L2 regularization, node dropout ratio p 1 , and message dropout ratio p 2 . 
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ode dropout and message dropout, can effectively alleviate over- 

tting and improve recommendation performance. 

. Conclusion 

In this paper, we have proposed a novel and effective frame- 

ork with collaborative and attentive graph convolutional net- 

orks (COAT) for personalized knowledge-aware recommendation. 

OAT is composed of two embedding learning modules: an effi- 

ient graph convolutional module for extracting collaborative sig- 

als from the user-item graph and a personalized knowledge graph 

ttention module for capturing fine-grained semantics in the KG. 

The strengths of our method over existing works lie in its 

reater flexibility in modeling both the user-item graph and the 

nowledge graph, its stronger attention mechanism to capture 

ser-specific fine-grainded semantics, and its use of efficient graph 

onvolutional layer to tackle data sparsity. We have conducted an 

xtensive and fair empirical study by making comparison to 10 

tate-of-the-art baselines of five different kinds on four benchmark 

atasets. Our model COAT has achieved the best overall perfor- 

ance, which demonstrates its effectiveness in jointly modeling 

he user-item graph and the KG for quality recommendation. 

We consider this work as a solid step towards personalized 

nowledge-aware recommendation. In the future, we plan to de- 

ign noise-robust knowledge-aware recommender systems, inves- 

igate causal explanation in addition to relational explanation for 

ecommendation results, and further improve model efficiency for 

ery large-scale industrial applications. 
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