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Abstract—Graph neural networks (GNN) have recently been applied to exploit knowledge graph (KG) for recommendation. Existing
GNN-based methods explicitly model the dependency between an entity and its local graph context in KG (i.e., the set of its first-order
neighbors), but may not be effective in capturing its non-local graph context (i.e., the set of most related high-order neighbors). In this
paper, we propose a novel recommendation framework, named Contextualized Graph Attention Network (CGAT), which can explicitly
exploit both local and non-local graph context information of an entity in KG. More specifically, CGAT captures the local context
information by a user-specific graph attention mechanism, considering a user’s personalized preferences on entities. In addition, CGAT
employs a biased random walk sampling process to extract the non-local context of an entity, and utilizes a Recurrent Neural Network
(RNN) to model the dependency between the entity and its non-local contextual entities. To capture the user’s personalized
preferences on items, an item-specific attention mechanism is also developed to model the dependency between a target item and the
contextual items extracted from the user’s historical behaviors. We compared CGAT with state-of-the-art KG-based recommendation

methods on real datasets, and the experimental results demonstrate the effectiveness of CGAT.

Index Terms—Recommendation systems, knowledge graph, graph neural networks.

1 INTRODUCTION

OWDAYS, with the explosive growth of online infor-

mation and contents, recommendation systems have
played an increasingly important role in various scenarios,
such as E-commerce websites and online social media plat-
forms. The recommendation systems usually aim to provide
the user a list of items that she may have interests. In the last
decades, various techniques, e.g., collaborative filtering [1]
and deep learning [2], have been proposed to utilize the user
behavior data to solve different recommendation problems.
Despite many research efforts have been devoted to de-
veloping recommendation systems, most existing methods
that only consider the user-item interaction information still
suffer from the data sparsity and cold-start problems. To
remedy these problems, various side information has been
incorporated into recommendation systems, such as users’
social networks [3] and review texts [4]. Among various
types of side information, the item knowledge graph (KG)
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with rich relations between items has been shown to be
effective in improving recommendation performances [5].
Essentially, KG is a heterogeneous network where nodes
correspond to entities and edges correspond to relations.
Several KGs, such as DBpedia1 and Microsoft Satori2, have
been successfully applied in many scenarios, for example
KG completion [6] and question answering [7]. Inspired by
the success of these applications, some recent efforts have
been devoted to utilizing KG to improve recommendation
performances [8], [9], [10], [11], [12], [13], [14], [15], [16]. The
main challenge of incorporating KG for recommendation is
how to effectively exploit the relations between entities and
the graph structure of KG.

In general, previous recommendation methods employ-
ing item KG can be roughly categorized into three groups:
1) regularization-based approaches [8], [14], 2) path-based
approaches [9], [10], and 3) graph neural network (GNN)-
based approaches [15], [16]. The regularization-based meth-
ods impose well-designed additive regularization loss terms
to capture the KG structure. However, they only encode the
KG relation in an implicit manner and can not explicitly
consider the semantic relation information of KG into the
recommendation model. The path-based methods focus on
extracting the high-order connectivity information between
entities along paths which are always manually designed
or selected based on special criteria. These approaches may
heavily rely on domain knowledge. Recently, the quick de-
velopment of graph neural networks (GNN) [17] motivates
the application of graph convolutional networks (GCN) [18]
and graph attention networks (GAT) [19] in developing
end-to-end recommender systems [15], [16], [20], [21], [22],
which use GNN to automatically aggregate the context

1. http:/ /wiki.dbpedia.org/
2. https:/ /searchengineland.com/library/bing/bing-satori



information from structural neighbors of an entity in KG.

Generally speaking, the graph context of an entity in the
item KG includes local graph context which is the first-order
neighbors and non-local graph context that denotes the
set of most related high-order neighbors. The GNN-based
knowledge-aware recommendation methods [15], [16], [21]
are developed to capture both the structure and semantic
information of KG by aggregating these context. However,
these methods may still have some deficiencies, and thus
can not well solve the following challenges.

e (Challenge 1) Most GNN-based methods only consider
the items and entities in KG and lack of modeling user-
specific preferences on entities, when aggregating the
local graph context of an entity in KG. As shown in
Figure 1, both users have interactions with the item i,.
However, they prefer i may due to different reasons.
For example, u; prefers iy because of the attribute entity
e; of i in KG, while u; pays more attentions to its
attribute entity e3. The methods that ignore this situation
are insufficient to model users’ personalized preferences.
Thus, the first challenge is: how to capture a user’s person-
alized preferences on entities when aggregating neighboring
information in KG?

e (Challenge 2) The non-local graph context of an en-
tity in KG is not effectively captured in existing GNN-
based recommendation methods. The knowledge graphs
are always incomplete and some important connections
between entities may be missing. Moreover, some items
may have very few neighbors in KG, thus some important
entities may not be directly connected to them. For exam-
ple, in Figure 1, the item 74 has only one entity es linked
with it, thus the aggregation of local context information
for the entity e3 is not enough to represent ¢4. Moreover,
we can also observe that entity e; is connected with iy
along many multi-hop paths (e.g., e1 — i1 — e3 — 44 and
e; — i3 — e3 — 14), which demonstrates the importance
of e; to i4. Exiting GNN-based methods [15], [16], [21]
address this limitation by feature propagation layer by
layer. However, this kind of layer by layer propagation
may weaken the effects of farther connected entities or
even bring noise information. Thus, the second challenge
is: how to sample and aggregate the non-local graph context
that is strongly related to representation learning for each item
in KG?

 (Challenge 3) In practice, the user’s historical items
usually play an important role in predicting her prefer-
ences on candidate items [23]. Intuitively, for different
target items, the historical items of a user may have
different contributions in predicting the user preferences.
Most previous methods learn the user representation
by directly aggregating her historical item information,
but ignore the importance of different historical items.
Therefore, the third challenge is: how to incorporate different
importance of the user’s historical items to the target item when
aggregating the historical item representations for learning the
user preferences?

To solve these challenges, we propose a novel recom-
mendation framework, named Contextualized Graph At-
tention Network (CGAT), which explicitly exploits both the
local and non-local context of an entity in KG, as well as
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Fig. 1. A simple example showing the user-item interactions and the item
knowledge graph.

the item context extracted from users’ historical data. The

contributions made in this paper are as follows:

o We propose a user-specific graph attention mechanism
to aggregate the local context information in KG for
recommendation, based on the intuition that different
users may have different preferences on the same entity
in KG.

o We propose to explicitly exploit the non-local context
information in KG. More specifically, we develop a bi-
ased random walk sampling process to extract the non-
local context of an entity, and employ a recurrent neural
network (RNN) to model the dependency between the
entity and its non-local context in KG.

e We develop an item-specific attention mechanism that
exploits the context information from a user’s historical
behavior data to model her preferences on items.

o We perform extensive experiments on real datasets to
demonstrate the effectiveness of CGAT. Experimental
results indicate that CGAT usually outperforms state-of-
the-art KG-based recommendation methods.

The remaining parts of this paper are organized as
follows. Section 2 reviews the most relevant existing work
about graph neural networks and KG-based recommenda-
tion. Section 3 introduces the formulation of the recommen-
dation problem studied in this work. Next, Section 4 de-
scribes the details of the proposed recommendation model.
In Section 5, we summarize the experimental results. Finally,
in Section 6, we conclude this work and discuss potential
directions for future work.

2 RELATED WORK

In this section, we review existing work about knowledge
graph-based recommendation and graph neural networks.

2.1 Knowledge Graph-based Recommendation

Most KG-based recommendation methods mainly aim to in-
corporate item KG to improve performances of recommen-
dation. These methods can be categorized into three main
groups: regularization-based methods, path-based methods,
and GNN-based methods.

The regularization-based methods exploit the KG struc-
ture by imposing regularization terms into the loss function



to capture the KG structure and learn entity embedding.
For example, the collaborative knowledge base embedding
method [8] derives semantic entity representations from
item KG, which is used to enhance collaborative filtering
based recommendation. Considering the incomplete nature
of KG, transfer learning is used to jointly train the item
recommendation and KG completion tasks by regularizing
or sharing entity and item embeddings if they refer to
the same thing [24]. However, in this method, the entity
relations are ignored in transferring knowledge from KG.
To solve this problem, [14] aligns the preferences of users on
items with the relations in KG, as well as aligning items with
entities. Moreover, [25] proposes a cross&compress unit to
approximated the high-order feature interactions between
items and entities. The regularization-based methods are
highly flexible. However, they lack an explicit modeling of
the semantic relations in KG for recommendations.

The path-based methods exploit various connection pat-
terns between entities to provide additional guidance for
recommendations. For example, in [26], an attribute-rich
heterogeneous information network (HIN) is built to en-
hance the recommendation quality. The meta-path based
preference matrix between user and item in KG is estimated
and decomposed by a Bayesian ranking model [27]. This
method is then extended to learn personalized preferences
by clustering users based on their interests [28]. In or-
der to accurately capture semantic relations among users,
the weighted graph and weighted meta-path concepts are
proposed to more subtly reveal object relations through
distinguishing link attribute values [29]. In [9], matrix fac-
torization is used to generate latent features for users and
items based on similarities generated by each meta-graph,
and a factorization machine is applied to assemble differ-
ent meta-graph based features. Moreover, the HIN embed-
ding methods have also been studied for recommendation.
In [30], the meta-path based random walk strategy is used
to construct the heterogeneous neighborhood of a node,
and then a heterogenous skip-gram model is utilized to
learn the node embedding. Similarly, [31] employs a meta-
path based sampling strategy to generate node sequence for
HIN embedding. [10] employs a priority based sampling
technique to select the high-quality meta-paths in HIN and
uses co-attention mechanism to enhance the learning of
the user, item, and meta-path context representations. To
address the limitation of manually designed meta-paths,
different selection rules or propagation methods have been
proposed [12]. For example, in [32], the length condition
is used to extract paths and then a batch of RNN is ap-
plied to aggregate the path information. Besides the length,
multi-hop relational paths can also be inducted based on
item associations [33]. The path-based methods heavily on
manually designed meta-paths/meta-graphs, which rely on
domain knowledge.

Recently, GNN-based methods [17] have been applied
to develop the end-to-end KG-based recommender systems.
For example, the knowledge graph convolutional network
(KGCN) [21] employs non-spectral GCN to learn the struc-
tural information and semantic information of KG for rec-
ommendation. In [15], the KGNN-LS (i.e., Knowledge-aware
Graph Neural Networks with Label Smoothness regular-
ization) model employs a trainable function that calculates
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the relation weights for each user to transfer the KG into a
user-specific weighted graph, and then applies GCN on this
graph to learn item embedding. In [16], the graph attention
mechanism is adopted to aggregate and propagate local
neighborhood information of an entity, without considering
users’ personalized preferences on entities. On summary,
these GNN-based methods implicitly aggregate the high-
order neighborhood information via layer by layer propaga-
tion, instead of explicitly modeling the dependency between
an entity and its high-order neighbors.

In the literature, there exist some other applications of
item KG. For example, in [34], a path recurrent network is
proposed to learn representations for paths extracted in the
item KG, considering the semantics of entities and relations.
In [35], an explainable interaction driven user modeling
algorithm is developed to exploit the item knowledge graph
to build an explainable sequential recommender system.
In [36], the temporal meta-path guided explainable recom-
mendation model is proposed to capture the user-item evo-
lutions on dynamic knowledge graph for explainable recom-
mendation, based on attention mechanisms. Reinforcement
learning has also been employed to perform reasoning on
item KG in recent studies [37], [38], which aim to provide
actual paths in KG to explain the recommendation results.
Moreover, [39] proposes a novel negative sampling method
called knowledge graph policy network that exploits the
knowledge signal in KG to choose potential negative items
for training accurate recommender systems.

2.2 Graph Neural Networks

Existing GNN methods can be categorized into three main
groups [40]: recurrent graph neural networks, graph convo-
lutional neural networks, and graph autoencoders.
Recurrent graph neural networks [41], [42], [43] are the
pioneer GNN methods. In these methods, the representation
of a node is learned by propagating its neighborhood infor-
mation in an iterative manner until convergence. For exam-
ple, in [41], the node’s states are updated by exchanging
its neighborhood information recurrently before satisfying
the convergence criterion. To improve the training efficiency
of [41], the Graph Echo State Network (GraphESN) [42] gen-
eralizes the echo state network to graph domains. Moreover,
the Gate Graph Neural Networks (GGNN) [43] employs
a gated recurrent unit as the recurrent function, which no
longer needs parameter constraints to ensure convergence.
Graph convolutional neural networks (GCNs) generalize
the convolution operation from grid data to graph data.
In the literature, GCNs fall into two categories: spectral-
based methods and spatial-based methods. The spectral-
based methods [18], [44], [45] define convolution from the
perspective of graph signal processing. For example, [44]
employs the eigen decomposition of the graph Laplacian
and defines the convolution in the Fourier domain. To
reduce computational complexity, [45] approximates the
convolutional filters by Chebyshey polynomials of the di-
agonal matrix of eigenvalues. A more simple convolutional
architecture [18] can be inducted by the first-order approx-
imation of spectral convolutions on graphs. The spatial-
based methods [19], [46], [47], [48], [49], [50], [51] directly
operate on the graph and propagate node information along
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Fig. 2. (a) The framework of the CGAT. From left to right, it exploits the KG context and interaction graph context to predict a user’s preference score
on a candidate item; (b) Exploiting local graph context by applying a user-specific graph attention mechanism to KG; (c) Exploiting non-local graph
context by biased random walk based sampling (BRWS) and GRU module; (d) Exploiting interaction graph context by applying an item-specific

attention mechanism to the user’s historical items.

edges. [46] proposes the first spatial-based method, which
directly sums up a node’s neighborhood information and
applies residual connection to memorize information over
each layer. [47] treats graph convolutions as a diffusion
process and assumes there is a certain transition probability
from a node to its neighbor. As the number of neighbors
of nodes varies, [48] samples a fixed number of neighbors
for each node and utilizes three different aggregators (e.g.,
Long Short-Term Memory) to aggregate the neighbors’ fea-
ture information. In [19], GAT assumes the contributions
of neighbor nodes to the central node are different and
performs multi-head attention mechanism to calculate the
importance of different neighbors. Moreover, [49] employs a
self-attention mechanism to compute an additional attention
score for each attention head. [52] proposes a novel em-
bedding method for bipartite graph, which employs a self-
attention-based sequence modeling paradigm to capture the
inter-class and intra-class message passing between explicit
relations and implicit higher-order relations, respectively.
To sufficiently describe the graph knowledge, a dual graph
convolutional network [50] is proposed to consider both the
local and global graph consistency by two parallel graph
convolutional layers. [51] identifies the graph structures that
cannot be distinguished by popular GNN methods, and
proposes the graph isomorphism network which uses a
learnable parameter to adjust the weight of the central node.

The graph autoencoders [53], [54], [55], [56] are unsu-
pervised learning frameworks, which aim to encode nodes
and/or graphs into the latent space while reconstructing
the graph data from the encoded information. The earlier
approaches mainly utilize multi-layer perceptrons (MLP) to
learn representations. For example, [53] uses the denoising
autoencoder to encode and decode the positive pointwise
mutual information matrix by MLP. [54] applies the stacked
autoencoder to preserve the first-order and second-order

similarity of the graph structure. To incorporate the feature
information of nodes, [55], [56] use GCN to encode the
graph structure information and the node feature informa-
tion. The decoder rebuilds the adjacency matrix of graph by
the nodes” embeddings.

3 PROBLEM FORMULATION

We begin by introducing the concept of item KG and the
KG-based recommendation problem, as well as the nota-
tions used in this work.

Interaction Information. In a typical recommendation
scenario, we denote the set of users by U/, the set of items by
Z, and all the observed user-item interaction pairs by O. For
each user u, we denote the set of items she has interacted
by ZF and use e, € R*? to denote her embedding, where
d denotes the dimensionality of latent space. Moreover, we
also define Z,, = Z\ Z;}.

Item Knowledge Graph. This work focuses on exploit-
ing the item KG for recommendation instead of building
the item KG. Therefore, in this paper, we assume the item
KG G = {&,R,D} is available, where £ denotes the set
of entities, R denotes the set of relations, and D denotes
the set of entity-relation-entity triples (h, r, t) describing the
KG structure. Here h € £, r € R, and t € £ denote the
head entity, relation, and tail entity of a knowledge triple,
respectively. For example, the triplet (The Great Gatsby,
book.book.author, FScott Fitzgerald) states the fact that
EScott Fitzgerald writes the book “The Great Gatsby”. We
use e;, € R and e, € R4 to denote the embedding of
the entity h and relation 7. Note that the items are treated as
a special type of entities in the KG.

Given the interaction information and item knowledge
graph, the recommendation task is to predict whether the
user u has potential interests in the item ¢ which she has not
interacted with before. More specifically, we aim to learn a



score function §,; = F(u,i; ©, 0, G), where §,; denotes the
probability that v would like to interact with the item i, and
©® denotes the model parameters. Once the score function
is learned, we rank candidate items based on the predicted
scores in descending order, and choose top-ranked items as
recommendations to the user.

4 THE PROPOSED RECOMMENDATION MODEL

Figure 2 shows the structural details of the proposed CGAT
model. As shown in Figure 2, CGAT consists of two main
components: exploiting KG context module and exploiting
interaction graph context module. The probability that a
user would like to interact with an item can be predicted
based on the user and item representations learned by
the above two modules. In the following sections, we will
introduce the proposed model in details.

4.1 Exploiting Knowledge Graph Context

To effectively incorporating item KG into recommendation,
CGAT exploits KG context of item from two aspects: 1) local
context information, and 2) non-local context information.

4.1.1 Local Graph Context

For the entity corresponding to an item, it is always linked
with many other entities that can enrich its information in
KG. The graph neural networks can be applied to aggregate
the feature information of an item’s neighbors in the KG.
However, directly aggregating neighboring information can
not capture user-specific preferences on entities which is
important and should be considered on the recommender
system. To solve this challenge and identify users’” person-
alized preferences on local graph context, we develop a
user-specific graph attention mechanism to aggregate the
neighborhood information of an entity in KG. For different
users, we compute different attention scores for the same
neighborhood entity of item. The embedding of neighbor-
hood entities can then be aggregated based on the user-
specific attention scores. Here, we denote the local neighbors
of an entity h by C}, = {t|(h,r,t) € D}, and define C! as the
local graph context of I in KG. Moreover, we also argue that
the relations in KG play important roles in understanding
semantic information. The neighborhood entities may have
different impacts, if they are connected via different rela-
tions. To incorporate relation into the attention mechanism,
we firstly integrate the embedding of a neighborhood entity
t € C! and the embedding of corresponding relation r by
the following linear transformation,

e = (er]|e)) W, D

where || is the concatenation operation, W € R2?*4 ig the
weight matrix. The user-specific attention score «, (h,r,t)
that describes the importance of the entity t € C}, to the
entity h, for a target user u, is defined as follows,

exp [mu(h, 7, 1)] "
2 (h,7f)eD €XP [mu(h, 7, 1)]
The operation 7, (h, r, t) is performed by a single-layer feed
forward neural network, which is defined as follows,

Tu(h,r,t) = tanh[(ey||eq ) W1 + by Jm, 3)

ay(h,rt) =

5

where W € R24%d and by € R1*? are the weight matrix
and bias vector respectively, m,, is a non-linear transform
of e, that increases model flexibility, defined as,

my = ReLU(e, W + by). 4)

Here, Wl € R4 and 51 € R™ are the weight matri-
ces and bias vectors respectively. Notice that the attention
mechanism will become user-specific by the usage of e,
when computing attention scores, which can reflect the user
personalized preference on neighbors. Given the normalized
coefficient of each neighboring entity of h, we compute the
linear combination of their embedding to obtain the local
neighborhood embedding of % as follows,

ec = Z ay(h,r t)e;. )

tecl

Then, we aggregate the embedding of entity h and it’s local
neighborhood embedding ec: to form a local contextual

embedding ¢, for h as follows,
cl = tanh[(eh||ecgl)W2 + by], (6)

where W, € R24%4 and by € R*? are the weight matrix
and bias vector of the aggregator.

4.1.2 Non-Local Graph Context

The user-specific graph attention network explicitly aggre-
gates the local neighbor (one-hop) information of a target
entity to enrich the representation of the target entity. Ex-
iting methods aggregate the non-local context by feature
propagation layer by layer [15], [16]. However, this can
not directly capture feature information of non-local context
and the effects of high-order neighbors will be weakened,
even some “noise” entities may be brought into context. To
offset this gap, we propose a biased random walk based
Gated Recurrent Unit (GRU) module to aggregate non-local
context information of entities in KG.

Firstly, we design a biased random walk sampling
(BRWS) strategy to explicitly extract the non-local context
of a target entity h. To achieve a wider depth-first search,
we repeat biased random walk from h to obtain M paths,
which have a fixed length L. The walk iteratively travels to
the neighbors of current entity with a probability p, which
is defined as follows,

p(tes1) = {7

1—7v else,

if trt1 € C,{kilor Tht1 = tr—1,

@)

where t;, is the k-th entity of a path, ¢y denotes the root
entity h. To encourage wider search, we empirically set 0 <
v < 0.5. After obtaining the M paths and M * L entities by
walk, we sort entities according to their frequency in walks
in descending order, and choose a set of top-ranked entities
orderly. These entities are defined as the non-local graph
context of the entity h in KG, and denoted by Ci. Note that
Cj may also include some first-order neighbors of h (refer
to Section 5.5 for more discussions). In the experiments, we
set |C{| = |C} | to reduce the number of hyper-parameters of
CGAT, and empirically set the parameters v, M, and L to
0.2, 15, and 8 respectively, based on the model performances
on the validation data.



After sampling, we employ GRU to model the depen-
dency between an entity i and its non-local context Cj. GRU
is a variant of RNN model, which has been successfully used
for various sequential tasks. We argue that Cj can be seen as
a frequency sequence data. Indeed, the more frequently an
entity appears in random walks, the more important it is to
the target entity /. Based on this intuition, we input C} into
GRU in reverse order, which is formulated as follows,

zt = o((hi—1]|ler)W3),
re = o((hi—1]ler) W),
h; = tanh(((r; © hy_1)||e;) W),
hiy=1-2)0hi_1+20 ’Nlt,

®)

where h; is the output hidden state of ¢-th entity, ©® denotes
the Hadamard product, o(-) denotes the sigmoid function,
Wi (j € {z,7,0}) are weight matrices. We use the last step
output of GRU as the embedding of C;, which is denoted as
follows,

<_
ecs = GRU(C})), )

%
where C; denotes the reverse set of Cj. Then, we aggregate
ey and e¢s to form the non-local contextual embedding c;,
for h as follows,

¢}, = tanh[(es||ecs )W o + bo]. (10)
Here, we use the same aggregator parameters as in Eq (6).

The proposed non-local graph context extraction strat-
egy has the following two advantages. Firstly, the non-
local neighbors of a target entity h are selected based on
their occurrence frequency in the sampling paths. Thus, it
can filter out some “noise” entities with few occurrences,
which may not be relevant to the target entity h. Secondly,
the important non-local neighbors are sorted based on the
sampled frequency. GRU is then used to explicitly aggregate
the sequence of important non-local neighbors (i.e., the non-
local graph context Cj) of the target entity h, to build
direct interactions between the target entity and its non-local
graph context, instead of using the layer-to-layer feature
propagation. Note that we input Cj into GRU in reverse
order. Thus, in C7, the nodes with larger sampled frequency
tend to have larger influences on the target node h. In this
way, the influences of high-order but important neighbors
will not be weakened.

Given the embeddings of the local and non-local context
of h in KG, we apply a gate mechanism to adaptively
integrate these two embeddings by learning the weights in
each dimension as,

ch=0w)och+(1—-ow))od, (11)
where w € R'*? is a learnable vector, o(-) denotes the
sigmoid function. As items are a special type of entities
in KG, we can use Eq. (11) to compute the context em-
bedding c; of item i, considering its local context C! and
non-local context C{ in KG. Then, considering the original
item information, we concatenate e; and c¢; to obtain the
contextualized representation of an item 7 as follows,

q; = (eillci). (12)

Algorithm 1 CGAT Optimization Algorithm

Input: Observed interactions O, item knowledge graph G
Output: Score function F(u,i; ©) = Gy,

1: Randomly initialize all parameters

2: Construct the set O and D based on O and D;

3: foriter =1,2,--- ,max_iter do

4:  Sample a batch of tuples B; from (2;

5

6

Sample a batch of tuples B2 from D;
Compute gradients of Eq. (21) with respect to ® by
back-propagation, based on tuples in B; and By;
7. Update ® by gradient descent algorithm (i.e., Adam)
with learning rate »;
end for
9: return F(u,i; ®)

*

4.2 Exploiting Interaction Graph Context

In practice, a user’s historical items are usually used to
describe her potential interests [1]. For example, the classical
SVD++ model [23] treats a user u’s historical items Z" as
the implicit feedback given by u, and models the influences
of Z;/ on a target item ¢ for recommendation. However,
most KG based methods ignore the influence of target
item when utilizing the historical items to represent user
preference. To solve the third challenge, we firstly define
I} as the interaction graph context of user u, and then
develop an item-specific attention mechanism to model the
influences of ¢ on Z"". The basic assumption is that a user’s
historical item may have different importance in estimating
her preferences on different candidate items. For each item
J € I, its relevance weight with respect to the target item
1 is defined as follows,

exp [’camh((qi|\qj)w—r +0)]
Y rers exp [tanh((g,l|q,)wT +b)]’

Rl x4d

6(7’]) =

(13)

where w € is a weight vector, b is the bias, g; and
q, are the contextualized representations of items ¢ and j.
Then, we define the embedding of the graph context .\,
with respect to a target item ¢, as follows,

JETY

(14)

A non-linear transformation is then used to aggregate e,
and e+ to form the contextual embedding for u as follows,

Cy = ReLU[(euHeiIi)Ws + bs], (15)
where ReLU(:) is the activation function, W3 € R3xd
and bz € R'*? are the weight matrix and the bias vector.
Considering the original user information, we concatenate
e, and ¢, to form the contextualized representation for u as
follows,

P, = (eullew). (16)

Finally, given the contextualized representations of user u
and item i, the prediction of u’s preference on i can be
defined as follows,

Jui = Pug; - (17)



4.3 Model Training

The Bayesian personalized ranking (BPR) optimization cri-
terion [27] is used to learn the model parameters of CGAT.
BPR assumes that the interacted items should have higher
ranking scores than the un-interacted items for each user.
Here, we define the BPR loss as follows,

>

(u,it+,i=)ed

LBpR = —10g 0 (Gui+ — Gui- ) (18)

where O is constructed by negative sampling. Empirically,
for each (u, ) € O, we randomly sample 5 items from Z\ Z;}
in the experiments. As we also need to learn the embedding
of entities and relations in KG, we design a regularization
loss based on the KG structure in order to avoid over-fitting
and capture graph topology information. Specifically, for
each triple (h,r,t) € D, we first define the following score
to describe the distance between the head entity h and the
tail entity ¢ via relation r in the latent space,

Sr(h7t) = Heh_eﬁl'%’ (19)
where e, is obtained by Eq. (1). Then, we define the
regularization loss as follows,

>

(h,'r',t,t’)eﬁ

LxG = logo (s (h,t) — sp(h,t"),  (20)

where D is constructed by randomly sampling an entity ¢’
from & \ C!, for each (h,r,t) € D. The motivation is that,
in the latent space, the distance between an entity & and
its directly connected neighbor ¢ should be smaller than
the distance between h and the entity ¢’ that is not directly
connected to h, via relation 7. Then, the model parameters
can be learned by solving the following objective function,
min LBpR + MLk + A2[0©]]3, (21)
where © denotes all the parameters of CGAT, A\; and A
are the regularization parameters. The problem in Eq. (21)
is solved by a gradient descent algorithm. The details of the
optimization algorithm are summarized in Algorithm 1.

In our implementation, we randomly sample S neigh-
bors from C! for a target entity h, and N historical items
from Z;} for a target user u, to compute the attention weights
defined in Eq. (2) and Eq. (13) respectively. This trick can
help keep the computational pattern of each mini-batch
fixed and improve computation efficiency. Moreover, we
also set the size of non-local context |C]| to S. In model
training, S and N are fixed. Let B denote the number
of sampled user-item interactions in each batch. The time
complexity of the BRWS procedure is O(|Z|SM L), which
can be performed before training. In each iteration, to ex-
ploit KG context, the user-specific graph attention mecha-
nism and the GRU module have computational complexity
O(BNSd?). The complexity of exploiting the interaction
graph context is O(BNd?). The overall complexity of each
minibacth iteration is O(B(NSd? + Nd?)) ~ O(BNSd?),
which is linear with all hyper-parameters except for d.

TABLE 1
Statistics of the experimental datasets.

M ML BC DF
#Users 1,872 6,036 17,860 63,566
#ltems 3,846 2,347 14,967 1,362
#Interactions | 21,173 | 376,886 69,876 3,257,131
#Density 0.29% 2.66% 0.026% 3.76%
#Entities 9,366 7,008 77,903 28,115
#Relations 60 7 25 7
#Triples 15,518 | 20,782 | 151,500 160,519

5 EXPERIMENTS

In this section, we conduct empirical experiments on real
datasets to answer the following research questions:

e (RQ1) Whether does CGAT achieve better performances
than state-of-the-art KG-based recommendation methods
on different datasets?

e (RQ2) How do different components of CGAT, e.g., ex-
ploiting local context or user-specific attention mecha-
nism, affect the model performance?

e (RQ3) How does CGAT perform over different user
groups with different interaction sparsity level, compared
with other GNN-based baseline methods?

e (RQ4) Whether the BRWS module can capture the non-
local graph context?

e (RQ5) How do various hyper-parameters, e.g., the size
of sampled neighbors and the dimensionality of latent
space, would like to impact the model performances?

5.1 Experimental Settings
5.1.1 Datasets

The experiments are performed on the following datasets:
Last-FM?, Movielens-1M*, Book-Crossing’, and Dianping
Food® (respectively denoted by FM, ML, BC, and DF). The
first three are public datasets, and the last one is from
Meituan-Dianping Group. Following [12], [15], [25], we keep
all the ratings on FM and BC datasets as observed implicit
feedback, due to data sparsity. For ML dataset, we keep
ratings larger than 4 as implicit feedback. On DF dataset,
we only keep users that have at least 30 interaction items for
experiments, due to the limitation of computation resources.
The KGs of the FM, ML, and BC datasets are constructed
by Microsoft Satori. As introduced in [25], only the triples
from the whole KG with a confidence level greater than
0.9 are retained. The sizes of ML and BC KGs are further
reduced by only selecting the triples where the relation
name contains “film” and “book”, respectively. For these
three datasets, we match the items and entities in sub-KGs
by their names (e.g., head, film.film name, tail for ML). The
items matching no entities or multiple entities are removed.
The KG for the DF dataset is built by the internal toolkit
of Meituan-Dianping Group. In this KG, there are 8 types
of entities, including Point-of-Interest (i.e., restaurant), city,
first-level and second-level category, star, business area,
dish, and tag. More details about the DF dataset can be
found in [15]. The statistics of these experimental datasets
are summarized in Table 1. The interaction data of DF

3. https:/ /grouplens.org/datasets/hetrec-2011/

4. https:/ /grouplens.org/datasets/movielens/1m/

5. http:/ /www2.informatik.uni-freiburg.de/~cziegler /BX/
6. https:/ /www.dianping.com/



TABLE 2
Performances of different recommendation algorithms. The best results are in bold faces and the second best results are underlined. * indicates
CGAT significantly outperforms the competitors with p < 0.05 using Wilcoxon signed rank significance test.

Datasets | Methods P@10 R@10 HR@10 | P@20 R@20 HR@20 | P@50 R@50 HR@50
GraphSAGE | 0.0268  0.1150  0.2211 0.0214  0.1831 0.3319 | 0.0142  0.2975  0.4888
FMG 0.0251 0.1026  0.2096 | 0.0216  0.1814 03313 | 0.0138  0.2912  0.4615
MCRec 0.0412 0.1646  0.3247 | 0.0320 0.2562  0.4627 | 0.0203  0.4099  0.6402
CFKG 0.0280 0.1168  0.2362 | 0.0222  0.1857  0.3404 | 0.0135 0.2812  0.4773
FM RippleNet 0.0285  0.1214  0.2423 | 0.0229 0.1948 0.3628 | 0.0157 0.3260  0.5336
MKR 0.0278  0.1162  0.2356 | 0.0215 0.1820  0.3356 | 0.0138  0.2877  0.4809
KGNN-LS 0.0284 0.1186  0.2441 0.0216 01824  0.3398 | 0.0136  0.2828  0.4809
KGAT 0.0460 0.1879  0.3634 | 0.0351 0.2881 0.5027 | 0.0206  0.4158  0.6432
CGAT 0.0512*  0.2106"  0.4022* | 0.0369* 0.2994" 0.5203" | 0.0218 0.4413" 0.6687"
GraphSAGE | 0.0749  0.0753 04814 | 0.0630  0.1211 0.6246 | 0.05610 0.2346  0.7858
FMG 0.1081 0.1039  0.5580 | 0.0920 0.1714  0.6968 | 0.0649  0.2865  0.8150
MCRec 0.1125  0.1199  0.6035 | 0.0927 0.1884  0.7316 | 0.0668  0.3195  0.8486
CFKG 0.1054 0.1038  0.5680 | 0.0896  0.1753  0.7126 | 0.0633  0.2991 0.8388
ML RippleNet 0.1271 0.1251 0.6227 | 0.1043  0.2008  0.7474 | 0.0758  0.3442  0.8667
MKR 0.1376 ~ 0.1370  0.6581 0.1154 02192  0.7765 | 0.0848  0.3793  0.8852
KGNN-LS 0.1311 0.1310  0.6419 | 0.1126 02172  0.7766 | 0.0833  0.3762  0.8811
KGAT 0.1533  0.1608  0.7090 | 0.1274  0.2541 0.8179 | 0.0910 0.4189  0.9066
CGAT 0.1575* 0.1674" 0.7219" | 0.1288 0.2608" 0.8264" | 0.0916" 0.4311" 0.9191"
GraphSAGE | 0.0092 0.0410 0.0854 | 0.0064 0.0554 0.1138 | 0.0044 0.0876  0.1781
FMG 0.0149  0.0696  0.1349 | 0.0101 0.0909  0.1781 0.0059  0.1254  0.2368
MCRec 0.0161  0.0764  0.1450 | 0.0106  0.0947  0.1803 | 0.0064 0.1328  0.2518
CFKG 0.0155  0.0725  0.1391 0.0101 0.0904 0.1745 | 0.0061 0.1291 0.2435
BC RippleNet 0.0147  0.0706  0.1336 | 0.0099  0.0880  0.1736 | 0.0060  0.1261 0.2429
MKR 0.0154 0.0732  0.1386 | 0.0105 0.0920 0.1811 0.0063  0.1306  0.2496
KGNN-LS 0.0155  0.0730  0.1411 0.0104 0.0910 0.1797 | 0.0062 0.1306  0.2454
KGAT 0.0146  0.0615 0.1308 | 0.0105 0.0830  0.1739 | 0.0068 0.1274  0.2518
CGAT 0.0161  0.0645  0.1402 | 0.0119" 0.0920 0.1909" | 0.0078" 0.1412* 0.2718"
GraphSAGE | 0.0877  0.0912 05710 | 0.0754 0.1554 0.7509 | 0.0588  0.2986  0.9194
FMG 0.0559  0.0575 04164 | 0.0494 0.1008  0.6021 0.0442  0.2235  0.8515
MCRec 0.0841 0.0866  0.5509 | 0.0726  0.1478  0.7288 | 0.0570  0.2877  0.9059
CFKG 0.0832  0.0857  0.5484 | 0.0719 0.1466  0.7285 | 0.0566  0.2860  0.9064
DF RippleNet 0.0955 0.099 0.6004 | 0.0818 0.1683  0.7756 | 0.0626  0.3182  0.9294
MKR 0.1078  0.1115  0.6454 | 0.0912 0.1869  0.8102 | 0.0688  0.3479  0.9466
KGNN-LS 0.0816  0.0836  0.5402 | 0.0706  0.1438  0.7204 | 0.0559  0.2825  0.9032
KGAT 0.1101 0.1142  0.6548 | 0.0936 0.1926  0.8191 0.0706  0.3573  0.9503
CGAT 0.1200* 0.1242*  0.6867* | 0.1001* 0.2053" 0.8415" | 0.0737* 0.3725" 0.9569"

dataset and the KGs of the four datasets are currently public
available at https:/ /github.com/hwwang55.

5.1.2 Setup and Metrics

For each dataset, we randomly select 60% of the observed
user-item interactions for model training, and choose an-
other 20% of interactions for parameter tuning. The remain-
ing 20% of interactions are used as testing data. This setting
has been widely used in previous research works [12],
[15], [25]. The quality of the top-K item recommenda-
tion is assessed by three widely used evaluation metrics:
Precision@K, Recall@K, and Hit Ratio@K (respectively de-
noted by P@K, R@K, and HR@K). In the experiments, we
empirically set K to 10, 20, and 50. For each metric, we first
compute the accuracy for each testing user, and then report
the averaged accuracy over all testing users.

5.1.3 Baseline Methods

To demonstrate the effectiveness, we compare CGAT with

the following baseline methods:

o GraphSage [48]: This is a representative graph represen-
tation learning method. In this method, we connect the

user-item interaction graph with the item KG to form
a large heterogeneous graph. The GRU aggregator is
applied to aggregate the neighborhood information of the
user and item. Moreover, the BPR loss is used to model
the user-item interactions for recommendation.

e FMG [9]: This is a HIN-based rating prediction method.
We replace its optimization objective function by BPR loss
function for top-N item recommendation.

e MCRec [10]: This HIN-based method employs the co-
attention mechanism to leverage the context information
extracted from meta-path for item recommendation.

o CFKG [11]: This method integrates the multi-type user
behaviors and item KG into a unified graph, and employs
TransE [57] to learn the entity embedding.

« RippleNet [12]: This method exploits KG information by
propagating a user’s preferences over the set of entities
along paths in KG rooted at her historical items.

o MKR [25]: This is a multi-task feature learning approach
that uses KG embedding task to assist the recommen-
dation task, where a cross&compress unit is designed to
approximate the high-order feature interactions.

o KGNN-LS [15]: This approach applies GCN on item KG
to compute the item embedding by propagating and



TABLE 3
The recommendation performances achieved by KGAT and CGAT variants on different datasets.
Datasets | Metrics | KGAT | CGAT,, CGAT,; CGAT,ypn | CGATrwr CGATgru CGATarr | CGAT
P@20 0.0351 0.0363 0.0370 0.0366 0.0372 0.0362 0.0372 0.0369
M R@20 0.2881 0.2949 0.2981 0.2964 0.2999 0.2955 0.3023 0.2994
HR@20 | 0.5027 | 0.5118 0.5167 0.5136 0.5118 0.5064 0.5203 0.5203
P@20 0.1274 0.1292 0.1230 0.1291 0.1222 0.1231 0.1248 0.1288
ML R@20 0.2541 0.2559 0.2432 0.2563 0.2404 0.2388 0.2477 0.2608
HR@20 | 0.8179 0.8193 0.8111 0.8215 0.8070 0.8035 0.8152 0.8264
P@20 0.0105 0.0116 0.0116 0.0116 0.0118 0.0115 0.0093 0.0119
BC R@20 0.0830 0.0924 0.0897 0.0879 0.0893 0.0880 0.0736 0.0920
HR@20 | 0.1739 0.1884 0.1864 0.1817 0.1881 0.1836 0.1564 0.1909

aggregating the neighborhood information on item KG.
The user’s personalized preferences on relations and label
smoothness regularization are also considered.

o KGAT [16]: This approach employs graph attention
mechanism on a unified graph integrating item KG and
interaction graph to exploit the graph context for recom-
mendation.

5.14

For CGAT, the dimensionality of latent space d is cho-
sen from {4, 8,16, 32,64, 128}. The number of local neigh-
bors of an entity S and the number of a user’s his-
torical items N used in model training are selected
from {2,4,8,16,24,32,40}. The regularization parameters
A1 and Ay are chosen from {10*5,5 x 107°,107%,5 x
107%,1073,1072}. We implement CGAT by Pytorch, and
the Adam optimizer [58] is used to learn the model pa-
rameters. The learning rate 7 is chosen from {10=% 5 x
1074,1073,5 x 1073, 1072}. The hyper-parameters of base-
line methods are set following original papers. For all meth-
ods, the optimal hyper-parameters are determined based on
the performances on the validation data.

Implementation Details

5.2 Performance Comparison (RQ1)

Table 2 summarizes the comparison results on different
datasets. We make the following observations.

e On FM, ML, and DF datasets, KGAT usually achieves
the best performances among all baselines. This verifies
that aggregating context information by graph attention
mechanism in KG is of importance to enrich item rep-
resentation. However, the performance of KGNN-LS is
not significant. The reason may be that only considering
relation to aggregate entities’ context can not differen-
tiate the importance of different neighbors. Moreover,
the better performance of CGAT than these GNN-based
methods also verifies the significance of solving the three
challenges we raised.

e On BC dataset, the path-based method MCRec usually
outperforms other baseline methods, and achieves better
top-10 recommendation accuracy than CGAT. The KG
and interaction graphs on BC dataset are very sparse.
MCRec employs a priority based sampling technique to
select the high-quality meta-paths in HIN and employs
co-attention mechanism to enhance the representations
of users, items, and the meta-path context. Thus, MCRec
can effectively utilize the heterogeneous information to
solve the data sparsity problem.

e Moreover, GraphSage performs the worst among base-
lines on ML and BC datasets, and achieves the second
worst performances on FM dataset. The potential rea-
sons are as follows. Firstly, in GraphSage, the relation
information in KG is not considered in learning the
node representations. Secondly, the GRU aggregator of
GraphSage operates on a random permutation of the
first-hop neighbors of a target node in KG, thus it cannot
differ the importance of different neighboring nodes.
Differing from GraphSage, KGAT and CGAT use relation-
aware attention mechanism to differ the importance of
neighboring nodes, thus they can usually achieve better
performances than GraphSage.

e On all datasets, CGAT usually achieves the best perfor-
mances, in terms of all metrics. In most of the scenar-
ios (i.e., 32 among 36 evaluation metrics), the proposed
CGAT method significantly outperforms baseline meth-
ods with p < 0.05, using the Wilcoxon signed rank signif-
icance test [59]. Over all datasets, on average, CGAT out-
performs GraphSage, FMG, MCRec, CFKG, RippleNet,
MKR, KGNN-LS, and KGAT by 42.22%, 30.65%, 11.69%,
23.43%, 18.11%, 17.68%, 20.64%, 4.26%, respectively, in
terms of HR@20. These results demonstrate the effec-
tiveness of CGAT in exploiting both the KG context and
users” historical interaction context for recommendation.

5.3 Ablation Study (RQ2)

To investigate the importance of each component of CGAT,
we conduct ablation studies to evaluate the performances of
the following CGAT variants:

o CGAT/y, deletes the local context embedding of item from
CGAT and only considers the non-local context embed-
ding as final context embedding, i.e., the coefficient o(w)
in Eq.(11) is set to O;

o CGAT)g removes the non-local context embedding of
item from original model, which is contrast to CGAT;,
model, i.e., the coefficient o(w) in Eq.(11) is set to 1;

o CGATya removes the user’s embedding in exploiting
the local context information in KG (i.e., removing m,,
in Eq. (3)) for evaluating the effectiveness of user-specific
attention mechanism.

¢ CGATRwr: In this variant, we replace the BRWS sampling
method by the Random Walk with Restart (RWR) algo-
rithm [60]. The restart probability c is set to 0.5, which
is the optimal setting. As the default settings for the
number of paths M and the length of the path L are 15
and 8 respectively, BRWS samples 120 nodes from the
neighbourhood of a target entity. For fair comparison, we
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Fig. 3. Performance comparison at different interaction sparsity levels of user groups on different datasets. The histogram indicates the ratio of total
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Fig. 4. The order distribution of the sampled nodes in BRWS. The diameters of the KGs of FM, ML, and BC datasets are 16, 4, and 16 respectively.

start the RWR from a target entity » and sample 120 nodes
from its neighbourhood. Then, we sort the sampled nodes
in descending order according to the sampled frequency
and choose the same number of top-ranked nodes as used
in BRWS to build the non-local context of h.

CGATgry: In this variant, we use GRU to aggregate the
local graph context of an entity in KG. Following [48],
we adapt GRU to operate on an unordered set by simply
applying the GRU to a random permutation of the target
node’s local-context neighbours.

CGATa7T: In this variant, we use the attention mecha-
nism defined in Eq. (2) to aggregate the non-local context
information and replace e, by e; to define the attention
score in Eq. (3).

The performances of CGAT variants on different datasets
are summarized in Table 3. We have the following findings.

o CGAT consistently outperforms the variants CGAT /i, and
CGAT /g in terms of most evaluation metrics, indicating
both local and non-local context in KG are essential for
recommendation. The local context enrich item represen-
tation by first-order neighbors information while captur-
ing user preferences for entities. The non-local context
selected by biased random walk provides item fruitful
and filtered high-order neighbors information.

CGAT/y, is slightly superior than CGAT ;g on ML and BC
datasets. This indicates that non-local context information
plays a complementary role to the local context informa-
tion, and sometimes may be more important than local
context information in improving the recommendation
accuracy. Moreover, we can also note that CGAT /1, consis-
tently outperforms KGAT on all datasets in terms of all
three metrics. This observation again demonstrates the
effectiveness of the proposed random walk based non-
local context extraction strategy for recommendation.
CGAT achieves better performance than CGAT,ya. This
demonstrates the user-specific graph attention mecha-
nism is more suitable for personalized recommendation

TABLE 4
Performances of CGAT with respect to different settings of M
measured by HR@20.

Datasets | M = M=10 | M=15 | M =20 | M =25
M 0.5167 0.5130 0.5203 0.5112 0.5161
ML 0.8254 0.8250 0.8264 0.7990 0.8232
BC 0.1853 0.1814 0.1909 0.1797 0.1811
TABLE 5
Performances of CGAT with respect to different settings of L measured
by HR@20.
Datasets | L=4 | L=8 | L=12 | L=16 | L =20
M 0.5161 | 0.5203 | 0.5191 0.5106 0.5191
ML 0.8222 | 0.8264 0.8235 0.8233 0.8259
BC 0.1923 | 0.1909 | 0.1828 0.1825 0.1861

than simple attention mechanism that can not capture
users’ personalized preferences.

CGATRrwr and CGAT achieves better performances than
KGAT on FM and BC datasets, and CGAT achieves the
best results on ML and BC datasets. This demonstrates
the effectiveness of the proposed recommendation frame-
work. Moreover, CGAT outperforms CGATrwr on ML
and BC datasets, and achieves comparable results with
CGATrwr on FM dataset. This indicates the proposed
BRWS strategy is more effective in capturing the non-
local context for recommendation.

In addition, CGAT outperforms CGATgry on all datasets,
in terms of all metrics. This indicates the relation
aware attention mechanism is more suitable to aggregate
the local information. Compared with CGATarr, CGAT
achieves better performances on ML and BC datasets and
achieves comparable results on FM dataset. This indicates
the GRU mechanism is more suitable to aggregate the
non-local context information that includes sequential
information between nodes.
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5.4 Interaction Sparsity Study (RQ3)

One advantage of incorporating knowledge graph into rec-
ommendation is that it may help alleviate the sparsity issue,
which usually limits the recommendation performances. In
the scenarios with few interactions, it is hard to learn the
optimal representations for prediction. Therefore, we also
investigate the ability of CGAT for alleviating the data
sparsity problem.

Towards this end, we compare the performances of
CGAT and other two GNN-based methods (i.e., KGNN-
LS and KGAT) over different user groups with different
sparsity levels. Particularly, we divide the testing users into
four non-overlapping groups based on the number of inter-

action items per user. Meanwhile, we also try to keep each
group has a reasonable number of users. Take ML dataset
as an example, the grouped boundaries of interaction item
numbers are 20, 40, and 80, which means that the users
with at most 20 interaction items are in the first group,
and users with the number of interaction items between 21
and 40 are in the second group, and so on. Figure 3 shows
the recommendation performances measured by HR@20
on different user groups. We can note that CGAT usually
outperforms KGNN-LS and KGAT on all groups in different
datasets, especially on sparser user groups in FM and ML
datasets. This demonstrates the effectiveness of CGAT in
the sparse interaction scenarios. The potential reason is that
CGAT aggregates local graph context by considering the



user’s personalized preferences and aggregates non-local
graph context by biased random walk sampling, which
alleviates the problems of incompletion and noise of the
item knowledge graph.

5.5 Effectiveness of BRWS (RQ4)

The proposed method utilizes biased random walk sam-
pling to capture the high-order neighborhood information
in item KG. Here, we define the order (denoted by o) of a
sampled entity as its distance to the staring entity of the ran-
dom walk in the KG. Figure 4 shows the order distributions
of the sampled nodes on different datasets, by empirically
setting M and L to 15 and 8 respectively. In Figure 4, RW-All
denotes the order distribution for all sampled entities, and
RW-4, RW-8, RW-16, and RW-24 denote the distributions for
the top-ranked 4, 8, 16, and 24 entities respectively. In total,
120 entities can be sampled. As shown in Figure 4, 50.8%,
32.2%, ad 51.0% of the sampled unique entities in FM, ML,
and BC datasets are with order larger than 2 (i.e., 0 > 2).
Moreover, in CGAT, only the top-ranked sampled entities
can be used as the non-local context information in KGs.
From Figure 4, we can note that 69.8%, 34.2%, and 72.4%
of the top-8 sampled entities (i.e., RW-8) used by CGAT to
exploit the non-local graph context are with order o > 2.
By using more sampled entities as non-local graph context,
more high-order neighbors would be directly exploited in
CGAT. These results demonstrate that CGAT can effectively
exploit the high-order neighborhood entities in KGs for
recommendation. Moreover, Table 4 and Table 5 summarize
the performances of CGAT with respect to different settings
of M and L in the BRWS module. We can note that the best
performance is achieved by setting M to 15. This indicates
the most relevant entities in the non-local neighborhood of
an entity can be captured by performing 15 times random
walk sampling. Better performance can be achieved by
setting L in the range between 4 and 12. Further increasing
L causes more training time, however sometimes may cause
the decrease in recommendation performances.

5.6 Parameter Sensitivity Study (RQ5)

We also conduct the experiments to analyze the impacts
of the following hyper-parameters: the size of sampled
neighbors S, the number of historical items N, the em-
bedding dimension d, coefficient of KG loss Aq, and the
hyper-parameter v of the biased random walk. Figure 5
summarizes the performances of CGAT with respect to
different size of sampled neighbors S and the number
of historical items N on different datasets. We can note
that CGAT achieves the best performances on FM and ML
datasets when S is set to 4, while larger S does not help
further improve the performance. On the BC dataset, the
best performances can be achieved by setting S to 32. In
addition, we can also note that the optimal settings for N
on FM, ML, and BC are 16, 16, and 32 respectively. Fig-
ure 6 shows the performance trends of CGAT with respect
to different settings of d. From Figure 6, we can observe
that better performances can usually be achieved by using
a larger dimensionality of latent space. When d is large
enough (e.g., d = 64), further increasing d may not help
improve the recommendation accuracy but increases the
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model complexity. Figure 7 shows the performance trend
of CGAT with respect to different settings of A\;. On FM and
ML datasets, we can find that the performances achieved by
setting A\ to 5 x 1075 and 10~* are better than that achieved
by setting A; to 0. This observation demonstrates that the
KG structure constraint in Eq. (20) can help improve the
recommendation accuracy. Moreover, we vary « from 0.1 to
0.9. Figure 8 shows the performances of CGAT with respect
to different settings of v on FM, ML, and BC datasets. As
shown in Figure 8, better performances are more likely to be
achieved, when v is smaller than 0.5. The optimal settings
for v on FM, ML, and BC datasets are 0.2, 0.3, and 0.2.

6 CONCLUSION AND FUTURE WORK

This paper proposes a novel recommendation model, called
Context-aware Graph Attention Network (CGAT). It explic-
itly exploits both local and non-local context information in
KG and the interaction context information given by users’
historical behaviors. Specifically, CGAT aggregates the local
context information in KG by a user-specific graph attention
mechanism, which captures users’ personalized preferences
on entities. To incorporate the non-local context in KG, a
biased random walk based sampling process is used to
extract important entities for the target entity over the item
KG, and a GRU module is employed to explicitly aggre-
gate these entity embeddings. Moreover, CGAT utilizes an
item-specific attention mechanism to model the influences
between items. The superiority of CGAT has been validated
by comparing with state-of-the-art baselines on three real
datasets. For future work, we would like to examine CGAT
on more KG-based recommendation scenarios. We also in-
tend to develop different aggregation strategies to integrate
the context information in KG and interaction graph to
improve the recommendation accuracy. Moreover, we are
also interested in studying how to include the relation in-
formation in the non-local graph context. Another potential
research direction is discovering more effective methods to
select the high-order and important neighbors for entities.
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