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Sequential recommendation system has received widespread attention due to its good performance in solving data overload.
However, most of the sequential recommendation methods assume that user’s preferences only depend on specific items in the
current sequence and do not consider user’s implicit interests. In addition, most of the previous works mainly focus on
exploiting relationships between items in the sequence and seldom consider quantifying the degree of preferences for items
implied by user’s different behaviors. In order to address these above two problems, we propose an implicit preference-aware
sequential recommendation method based on knowledge graph (IPAKG). Firstly, this method introduces knowledge graph to
exploit user’s implicit preference representations. Secondly, we integrate recurrent neural network and attention mechanism to
capture user’s evolving interests and relationships between different items in the sequence. Thirdly, we introduce the concept of
behavior intensity and design a behavior activation unit to exploit the degree of preferences for items implied by a user’s
different behaviors. Through the activation unit, the user’s preferences on different items are further quantified. Finally, we
conduct experiments on an Amazon electronics dataset and Tmall dataset to evaluate the performance of our method.
Experimental results demonstrate that our proposed method has better performance than those baseline methods.

1. Introduction

With the rapid development of online platforms in recent
years, the problem of information overload has become more
and more serious. Recommendation systems, aimed at min-
ing user’s preferences to recommend personalized goods or
services for the user in the massive data, have achieved wide-
spread attention and great success due to its practicality and
effectiveness. So far, recommendation systems have been
widely used in various fields, including e-commerce, social
media, short videos, and searching engines. Traditional rec-
ommendation systems mainly focus on static preferences of
users. In order to better model the dynamic and evolving
interests of users, sequential recommendation is proposed.
Sequential recommendation, as a type of recommendation
system, recommends personalized items for users based on
their historical interaction behaviors [1, 2].

Traditional recommendation methods (such as collabo-
rative filtering and matrix factorization) mainly focus on

the static interaction of user-items, so it is difficult to meet
the requirements of sequential recommendation. In order
to model the sequential task, a series of models are proposed.
The FPMC [3] model is based on Markov chain and matrix
factorization. The main problem of this model is that this
method is still modeling the static preferences of users. With
the rapid development of neural networks, neural network-
based models have been widely used in sequential recommen-
dation tasks, such as recurrent neural network-based models
[4–6] and convolutional neural network-based models [7].
The recurrent neural network-based model expresses the
user’s interest as a hidden state vector by encoding the user’s
historical interaction records. This method can capture the
user’s dynamic and evolving interest preferences, but due to
the characteristics of the recurrent neural network, this
method is difficult to capture the long-term dependence of
user preferences. The models based on the convolutional
neural network express sequential features and capture the
complex relevance of items by directly modeling paired item
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relationships. The attention mechanism has received wide-
spread attention due to its high efficiency. The sequential rec-
ommendation method based on self-attention [8–12] has
also been widely proposed. This method uses the attention
mechanism to capture the relationship between items in the
sequence, solving the problem of long dependence of the
recurrent neural network models. The above-mentioned
methods have achieved good performance in the sequential
recommendation task. However, we emphasize that there
are two main problems with the above methods. Firstly, these
methods often assume that the user’s interest only depended
on the certain item in the current sequence and do not con-
sider the user’s implicit interest. For example, in movie rec-
ommendation scenarios, although the user clicks on the
movieWonderWoman, this does not mean that the user likes
the movie itself, and it is possible that the user is only inter-
ested in the actors in the movie. Therefore, it is of great
importance to exploit the implicit preferences of users. Sec-
ondly, in the sequential recommendation, most of the past
work mainly focus on the relationship between different
items in current recommendation sequence and seldom con-
sider the information implied by the user’s behavior, let alone
quantify this behavioral information. We argue that the
user’s behavior plays an important role in the sequential rec-
ommendation. Different behaviors imply the degree of the
user’s preferences for specific items. For example, if the user
bookmarks or purchases an item, it can be considered that
the user has a strong interest on the current item; if the user
just clicks on a certain item, it can be considered that the user
is just interested in this item; and if the user skips an item, it
can be considered that the user has no preference for the item
at all. The interaction process is shown in Figure 1. Therefore,
it is very significant to quantify the user’s different behavior
information. We emphasize the integration of users’ implicit
preferences and behavioral intensity to improve the perfor-
mance of the model.

In view of the above analysis, we propose an implicit
preference-aware sequential recommendation method based
on knowledge graph. Firstly, we introduce knowledge graph-
embedding technology. The knowledge graph contains com-
prehensive auxiliary information about the item, which helps
to further expand the item representation space and exploit
the user’s deeper implicit preferences, so that we can obtain
high-quality entity representation. Secondly, we introduce
the concept of behavior intensity and design a behavioral
activation unit to exploit the degree of preferences implied
by the user’s different behaviors. By introducing the behav-
ioral activation unit, the user’s microbehavior information
is further mined and utilized. Finally, we integrate recurrent
neural network and attention mechanism to capture the
user’s dynamically evolving interests and the relationship
between different items in the sequence. In order to evaluate
the performance of our proposed IPAKG model, we conduct
experiments on two real datasets, and the experimental
results proved the efficiency of our proposed model.

The main contributions of this paper are as follows:

(i) We proposed the IPAKG model, which introduces a
knowledge graph to exploit a user’s implicit prefer-

ence representations. In addition, we integrate a
recurrent neural network and attention mechanism
to capture the user’s evolving interest and the rela-
tionship between different items in the sequence

(ii) In order to exploit the degree of preferences implied
by the user’s different microbehaviors, we design a
behavior activation unit, through which the degree
of preferences implied by the user’s different
microbehaviors is further quantified

(iii) We conduct extensive experiments on two real data-
sets, and the experimental results demonstrate that
the IPAKG model has a great improvement over
the baseline models

The remainder of this paper is organized as follows. Pre-
vious research on sequential recommendation methods and
related technologies is discussed in Section 2. In Section 3,
the proposed IPAKG approach is explained. Then, in Section
4, the experiments are described and the results are analyzed.
Finally, the conclusion and future work are discussed in Sec-
tion 5.

2. Related Work

In this section, we briefly review three aspects related to our
work, namely, general recommendation, sequential recom-
mendation, and knowledge graph-based recommendation
methods.

2.1. General Recommendation. Early recommendation sys-
tems usually use collaborative filtering models [13] and their
variants for recommendation. These models predict a user’s
ratings for items by mining the user’s long-term stable pref-
erence information, but there are cold-start problems in col-
laborative filtering-based models. In order to solve the
problem of data sparsity, a model based on matrix factoriza-
tion [14] is proposed. In addition, Yang et al. [15] proposed a
new sparsity alleviation algorithm for the recommendation
model to solve the sparsity problem by addressing the zero
values. With the development of deep learning, the models
based on deep neural networks are widely used in recom-
mendation systems. Wu et al. [16] proposed a collaborative
noise reduction autoencoder model called CDAE, which
combines the traditional matrix factorization model with a
deep neural network and predicts the user’s rating informa-
tion through an autoencoder. Lian et al. [17] further

Purchase Click Dislike Browse

Timestamp

Behaviors

Purchase

t0 t1 t2 tn–1 tn tn+1

...

...

Figure 1: An example of user’s interaction process.
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improved the recommendation performance by combining
the traditional decomposition machine model with the deep
learning model. Togashi et al. [18] proposed a knowledge
graph- (KG-) aware recommender based on graph neural
networks, which augments labelled samples through pseudo-
labelling to tackle the cold-start problems for new users/i-
tems. The above-mentioned models show that deep
learning-based methods have greater flexibility in learning
user and item representations.

2.2. Sequential Recommendation. Given the user’s historical
interaction records, the purpose of sequential recommenda-
tion methods is to predict the items that the user may take
interest in in the future based on the historical interaction
data. The early sequential recommendation task is mainly
based on the Markov chain. Rendle et al. [3] proposed a
model called FPMC, which includes both a general Markov
chain and a conventional matrix factorization model and rec-
ommends the next item to the user through the item infor-
mation of the user’s interaction in the past period of time.
He and McAuley [19] combined Markov chains with
similarity-based methods and proposed the fossil model,
which can significantly improve recommendation perfor-
mance, especially on sparse datasets. With the development
of deep learning, sequential recommendation methods based
on deep learning are widely used. Donkers et al. [4] used a
recurrent neural network for sequential recommendation
and achieved a better performance boost. Quadrana et al.
[20] proposed a hierarchical RNN model for cross-session
transmission, which can relay the potential hidden state of
the terminal RNN between user sessions. Tang and Wang
[21] applied the convolutional neural network to sequential
recommendation and regarded the embedding representa-
tion of the past L items in the user sequence as a photo,
which was used as the input of CNN. Thanks to the excellent
performance of the attention mechanism in natural language
processing, many people apply the attention mechanism to
the recommendation system. Kang and McAuley [22] pro-
posed the SASRec model, which mainly uses a two-layer
transformer decoder to model the user’s sequential behavior
information. Sun et al. [23] applied the BERT model to rec-
ommendations to encode user preferences. Zhou et al. [24]
proposed the RIB model, which models inherently the
sequence of microbehaviors and their effects, but their
method did not fully explore the user’s implicit preference
information. Gu et al. [25] adopted LSTM to model the
user’s microbehaviors. However, they ignored the different
transition pattern between items and behaviors. In addition,
their method does not take into account the implicit prefer-
ence information of users. Meng et al. [26] incorporated user
microbehaviors and item knowledge into multitask learning
for session-based recommendation, which achieved good
performance.

2.3. Knowledge Graph-Based Recommendation. With the
development of knowledge graph technology, many people
consider combining the knowledge graph with the recom-
mendation system and improve the performance of the rec-
ommendation system by mining multiple association

relationships between items. Wang et al. [27] proposed a
model called the Knowledge Path Recursive Network
(KPRN), which uses knowledge graphs for recommendation.
KPRN can generate path representations by combining the
semantics of entities and relationships, using the order
dependency in the path. The relationship can be effectively
inferred on the path to infer the basic principles of the inter-
action between the user and the item. Lei et al. [28] proposed
a conversational path reasoning (CPR) model, which can
model conversational recommendation as a graphical inter-
active path reasoning problem. Through user feedback, this
method traverses the attribute vertices in an explicit way.
At the same time, by using the graph structure, CPR can
delete many irrelevant candidate attributes, so that it can
hit the attributes that users prefer. Wang et al. [29] capture
the rich relationship between user and item by extracting
paths from the knowledge graph. The above work combines
the knowledge graph and the recommendation system to
improve the performance of recommendation and has good
interpretability. However, due to the problem of model selec-
tion, it is difficult to determine whether these methods effec-
tively capture high-order associations.

3. Proposed Method

In this section, we introduce our proposed IPAKG model in
detail. Our purpose is to provide users with a number of rec-
ommended items based on their historical interaction
records. We first state the notations and task definition, then
describe our methods in detail, and finally state the optimiza-
tion methods.

3.1. Notations and Task Definition

3.1.1. Notations.We first define the notations that need to be
used in this paper. In a sequential recommendation system,
given user set U = fu1, u2,⋯, u∣U ∣g, item set I = fi1, i2,⋯i∣I∣
g, where ∣U ∣ and ∣I∣ represent the number of elements in
the user collection and the item collection, respectively. The

historical item interaction sequence of user u can be fiðuÞ1 ,
⋯, iðuÞt ,⋯, iðuÞT g, where iðuÞt indicates that user u interacted
with item i at time t, and T indicates the interaction length
of the current user. The time here is relative time. In addition,
since we consider the influence of user behavior on prefer-
ences, we define the behavior set B = fb1,⋯, bi,⋯, b∣B∣g,
where bi represents the behavior imposed by the user on
the item, and ∣B∣ represents the total number of behaviors.
Behavior set B has only a few finite elements, such as pur-
chases, views, clicks, carts, and comments. Different behav-
iors represent the user’s preferences for the current item.
Based on the above definition, the behavior interaction

sequence of user u can be represented by fbðuÞ1 ,⋯, bðuÞt ,⋯,
bðuÞT g. In addition to the user’s item interaction sequence
and behavior interaction sequence, the knowledge graph G
is also required in our sequential recommendation task.
The knowledge graph G is defined on the head entity set V
and the relation entity set R and is composed of a large num-
ber of triples, namely, G = fðh, r, tÞ ∣ h, t ∈ V , r ∈ Rg, where h
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and t represent the head entity and the tail entity, respec-
tively, and r represents the relationship between the head
entity and the tail entity; a knowledge graph triplet states a
factual relationship. For example, the triple ðTenet,
isDirectedBy, ChristopherNolanÞ indicates that the movie
Tenet is directed by Christopher Nolan. Since our item set I
needs to be associated with the knowledge graph, we can
think of I as a subset of the knowledge graph G, that is, I ⊂
G. Through the knowledge graph, we can expand the repre-
sentation space of the item and mine the implicit preferences
of users. Relevant symbol definitions are summarized in
Table 1.

3.1.2. Task Definition. Based on the above definition, given
the user’s historical item interaction sequence fiu1 ,⋯, iut ,⋯,
iuTg, the history behavior interaction sequence corresponding
to the item fbu1 ,⋯, but ,⋯, buTg, the user’s portrait, and the
knowledge graph G, the task of sequential recommendation
is to predict the item iuT+1 that the user umay interact at time-
stamp T + 1.

3.2. Implicit Preference Awareness Sequential
Recommendation Model Based on Knowledge Graph. Our
model architecture is shown in Figure 2. Our model integrates
the knowledge graph information and the user’s microbeha-
vior characteristics, which can efficiently expand the user’s
preference representation space. In addition, through the
behavioral activation unit, it can capture the degree of the
user’s preferences for the certain item. Our model mainly con-
sists of five parts, namely, the knowledge graph-embedding
representation layer, preference dependence-aware layer,
preference-evolving layer, behavior preference activation
layer, and preference attention layer. In the following part,
we will elaborate on each component separately.

3.2.1. Knowledge Graph-Embedding Representation Layer. In
order to fully exploit the user’s implicit preferences, we intro-
duce the knowledge graph-embedding technology. The
knowledge graph-embedding technology can map the enti-
ties and relationships in the graph to a vector representation,
while retaining the information of the graph structure, which
is an efficient representation method. In order to map the
entities and relationships in the knowledge graph into vector
representations, we use the widely used knowledge graph-
embedding technology TransR method [30], for the knowl-
edge graph triples ðh, r, tÞ ∈G, eh, et ∈ Rk represent the
embedding representation of the head entity h and the tail
entity t in the knowledge graph, and er ∈ Rm represents the
embedding representation of the relation r in the knowledge
graph. TransR learns the embedding representation of enti-
ties and relationships by optimizing erh + er ≈ ert , where erh
and ert are the mapping representations of eh and et in the
relational space r, respectively. Therefore, given the knowl-
edge graph triples ðh, r, tÞ, the score function can be defined
as follows:

s h, r, tð Þ = Wreh + er −Wretk k22: ð1Þ

Among them,Wr ∈ Rðk×dÞ is the transformation matrix of
relation r. The purpose is to map the entity from the d
-dimensional space to the k-dimensional space of the relation
r. The smaller the above-mentioned score function, the more
likely is the triplet ðh, r, tÞ to appear in the knowledge graph
G. Through the knowledge graph embedding, we obtain the
embedding representation vector eit of the items in the user
interaction sequence.

3.2.2. Preference Dependence-Aware Layer. In order to learn
the dependencies between different items in the sequence,
we introduce the multihead self-attention mechanism [31].
The self-attention mechanism captures the relationship
between items in the sequence to improve the presentation
ability of items and, at the same time, eliminates the
sequence noise data. The scaled dot-product attention is
defined as follows:

Attention Q, K , Vð Þ = softmax
QKT

ffiffiffi
d

p
� �

V , ð2Þ

Table 1: Notations.

Symbol Description

U User set

I Item set

B Behavior set

Uj j Number of user set

Ij j Number of item set

Bj j Number of behavior set

it
u Item i that user u interacted with at time t

bt
u Behavior b that user u imposed at time t

G Knowledge graph

V Entity set in G

R Relationship set in G

h Head entity in knowledge graph

t Tail entity in knowledge graph

r Relationship between head and tail entity

Wr Transformation matrix of relationship in G

eh Embedding of head entity in G

et Embedding of tail entity in G

er Embedding of relation entity in G

WQ,WK ,WV Linear mapping matrices

Wz ,Wr ,Wh Parameter matrices

bz , br , bh Deviation parameters

αk Attention weight

eX ′ Final preference representation

LG Loss function related to knowledge graph

LP Loss function related to model

L Final loss function

λ Regularization coefficient
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where Q = EWQ means queries; K = EWK means keys;
V = EWV means values; WQ, WK , and WV are linear map-
ping matrices; and E = ½ei1 ;⋯ ; eiT � is the stacked matrix of
the embedded vector of the knowledge graph. The self-
attention of multiple heads can be expressed in the following
form:

MultiHead Eð Þ = Concat head1, head2,⋯, headhð ÞWH , ð3Þ

headi = Attention EWQ
i , EW

Q
i , EW

Q
i

� �
, ð4Þ

where h is the number of heads. Then, the above results
are passed through pointwise Feed-Forward Networks
(FFN) to further increase the nonlinearity of the model. In
order to avoid over-fitting and to learn feature representation
hierarchically, we use dropout and LeakyReLU, so the output
of self-attention and FNN is as follows:

M = LayerNorm E + Dropout MultiHead Eð Þð Þð Þ, ð5Þ

F = LayerNorm M + Dropout LeakyReLU MW1���

+ b1
�
W2 + b2ÞÞ: ð6Þ

Among them, W1, b1, W2, and b2 are learning parame-
ters. Through the preference dependence-aware layer, the
item representation in the sequence contains the relationship
information between different items.

3.2.3. Preference-Evolving Layer. The user’s sequential inter-
action behavior includes the dynamic changes of user prefer-
ences and the preference dependencies. Therefore, in the
preference-evolving layer, we model the dynamic evolution
of preferences and the dependencies between preferences

through recurrent neural networks. We use GRU to model
the dynamic evolution of the user’s preferences and the
dependence between preferences. Compared with LSTM,
GRU has fewer parameters, so the convergence speed is faster
and the iteration speed can be accelerated. The formula for
GRU is as follows:

zt = σ Wz · ht−1, eit
	 


+ bz
� �

, ð7Þ

rt = σ Wr · ht−1, eit
	 


+ br
� �

, ð8Þ
~ht = tanh Wh rt ∗ ht−1, eit

	 

+ bh

� �
, ð9Þ

ht = 1 − ztð Þ ∗ ht−1 + zt ∗ ~ht , ð10Þ
where σ is the sigmoid activation function; ∗ is the element-
wise multiplication of the vector; Wz , Wr , and Wh ∈ RdH×dI

are the parameter matrix; bz , br , and bh ∈ RdH are the devia-
tion parameters; eit is the input of the GRU; and ht is the

tth hidden state vector. Through the recurrent neural net-
work, the user’s dynamic evolving preference and depen-
dence between different preferences can be obtained.

3.2.4. Behavior Preference Activation Layer. In sequential rec-
ommendation, the behaviors that users impose on different
items are different, and such different behaviors imply the
degree of preferences for the certain item. For example, the
user’s purchase behavior implies that the user has a strong
preferences or demand for the current item, while browsing
behavior merely indicates that the user has certain prefer-
ences for the current item. Therefore, it is of great signifi-
cance to quantify user’s different behavior information. In
order to model the user’s preference intensity implied by
the user’s different behavior, we introduce the behavioral
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Figure 2: Framework of IPAKG. There are mainly five components in IPAKG, including knowledge graph-embedding representation layer,
preference dependence-aware layer, preference-evolving layer, behavior preference activation layer, and preference attention layer. The
prediction score of each item is obtained through the multilayer perceptron.
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preference activation unit. The formula of the behavioral
activation unit is as follows:

Ii = ht ⊙ ebi
� �

· ht: ð11Þ

Among them, ⊙ represents the inner product of the vec-
tor, and ebi represents the embedded representation of the
user behavior. Through the behavior activation unit, we
quantify the user’s different behaviors into the user’s degree
of preferences for the current item.

3.2.5. Preference Attention Layer. The similarity between the
target item and the items in the sequence significantly
affects whether the user will interact with the target item.
In order to obtain the influence weight of different items
in the user’s historical interaction sequence on the target
item, we introduce the attention mechanism [32]. The pref-
erences after adjustment by the attention mechanism is
expressed as follows:

αk =
exp IkWeX

� �

∑T
k exp IkWeX

� �� , ð12Þ

eX′ = 〠
T

k

αkIk: ð13Þ

Among them, W is the parameter matrix, eX is the
embedded representation of the target item, and eX′ is the
final preference representation of the user. Finally, the
feature-embedding vector, preference representation vector
and target item-embedding vector undergo Concat and flat-
ten operations, and then the final prediction result is
obtained through the multilayer perceptron.

3.3. Optimization. Our objective function includes the
knowledge graph-embedding loss part and the prediction
loss part. In the knowledge graph-embedding part, we use
the TransR method, which considers the relative order rela-
tionship between valid triples and invalid triples and uses
the pairwise ranking loss function to make the difference
between the scores of these two triples as large as possible.
The loss function can be expressed as

LG = 〠
h,r,t,t ′

− Inσ s h, r, t ′
� �

− s h, r, tð Þ
� �

: ð14Þ

Among them, T = fðh, r, t, t ′Þ ∣ ðh, r, tÞ ∈ G, ðh, r, t ′Þ ∉
Gg, triples ðh, r, t ′Þ are obtained by randomly replacing
the tail entity of the triple ðh, r, tÞ in the knowledge graph
G, and σð⋯Þ is the sigmoid activation function. In order to
predict whether a certain user will interact with the item,
we treat it as a two-classification problem. In order to train
the model, we use the cross-entropy loss function,

Lp = −
1
N

〠
x,yð Þ∈D

y log p xð Þ + 1 − yð Þ log 1 − p xð Þð Þð Þ: ð15Þ

Among them, D is the training set; the number of sam-
ples isN ; y is the real label, which represents whether the user
has interacted with the item; and pðxÞ is the output value of
the sigmoid function, which represents the current item pre-
dicted by the model to be interacted by the user probability.
The final objective function can be expressed as

L = LG + LP + λ θk k22: ð16Þ

Among them, λ is the regularization coefficient, and θ is
the model parameter set. In order to prevent over-fitting,
we adopt the L2 regularization. In training, we use minibatch
Adam [33] to optimize the embedding loss and prediction
loss. Adam is a widely used optimizer that can adaptively
control the learning rate.

4. Experiment

In this section, we first introduce the experimental dataset,
the baseline model, and the evaluation metrics of the experi-
ment, and then, we analyze the experimental results and
compare them with the baseline models. In addition, we also
conduct an ablation test.

4.1. Datasets and Metrics.We use two commonly used public
datasets to verify the effect of my proposed IPAKG model.
The statistical information of the dataset is shown in
Table 2. The first dataset is the Amazon dataset which comes
from the Amazon e-commerce platform; this dataset con-
tains millions of raw data and review information about
products. It is a widely used benchmark dataset [34, 35].
We conducted experiments on the Amazon electronics data-
set, a subset of the Amazon dataset. In order to adapt to our
scenario, we processed the data to filter out those users with
less than 30 item interactions and those items with less than
20 occurrences. The second dataset is Tmall that comes from
the Tmall e-commerce platform and is a competition dataset
provided by IJCAI-15. This dataset contains user behavior
information, such as clicks, browses, and purchases. We filter
out those users with less than 40 item interactions and those
items with less than 20 occurrences. For each user, we sorted
the items according to the timestamp.

In order to construct the knowledge base, we refer to the
past work [36] and adopt Freebase data dumps. In order to
collect relevant factual information from Freebase, we keep
those triples associated with the entities mapped by the items

Table 2: Statistics of Amazon (electronics) and Tmall datasets.

Amazon (electronics) Tmall

User-item interactions

#users 11032 33252

#items 8865 40865

#ratings 223654 863252

#sparsity 99.79% 99.93%

Knowledge graph

#entity 43261 145806

#relation 22 26

#triple 924352 2863546
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in the dataset. Note that not all knowledge in the knowledge
base is useful, so we filter out the relationships that appear
with low frequency. In order to evaluate our method, we refer
to past work [5, 37] and adopt a series of widely used evalu-
ation metrics, including the hit ratio (HR), normalized dis-
counted cumulative gain (NDCG), and mean reciprocal
rank (MRR).

(i) HR: hit ratio gives the percentage of users that can
receive at least one correct recommendation, which
has been widely used in previous work.

HR@K =
1
M

〠
u

I Ru

\
Tu

���
���

� �
, ð17Þ

where IðxÞ is an indicator function whose value is 1
when x > 0 and 0 otherwise. Ru is the generated rec-
ommendation list for user u; Tu is the item set that
user u interacted with in the test set. M is the num-
ber of samples.

(ii) NDCG: normalized discounted cumulative gain
evaluates ranking performance by taking the posi-
tions of correct items into consideration.

NDCG@K =
DCG
IDCG

, ð18Þ

DCG@K = 〠
K

i=1

reli
log2 i + 1ð Þ , ð19Þ

where reli represents the relevance of the ith recom-
mendation items. If the ith item is selected by the
user, then reli = 1; otherwise, reli = 0. IDCG is a nor-
malized DCG.

(iii) MRR: mean reciprocal rank is a popular ranking
metric to measure recommendation quality by find-
ing out how far from the top of the recommendation
list the first successfully predicted location is.

MRR@K =
1
M

〠
u

1
ran ki

, ð20Þ

where ranki refers to the rank position of the first
relevant item for target user u in the recommended
list.

4.2. Baseline and Parameter Settings. In order to prove the
effectiveness of our proposed method, we compared the pro-
posed IPAKG method with the following methods.

(i) FM [38]: this is a typical similarity-based method
that takes into account the second-order interactive
information of the input features. In addition, this
method is the basis of other baselines and has excel-
lent performance on many benchmark datasets.

(ii) BPR [14]: BPR is a classic method that uses matrix
factorization to learn personalized ranking from
implicit feedback.

(iii) GRU4Rec [5]: this method improves the GRU net-
work for session-based recommendation, which
uses a session-parallel minibatch training process
and also uses ranking-based loss functions to train
the model.

(iv) GRU4Rec+ [39]: this is an improved version of
GRU4Rec by implementing a new loss function
and sampling approach

(v) SASRec [22]: this method uses a self-attention
mechanism with a left-to-right transformer to cap-
ture useful patterns in the user’s sequences.

(vi) BERT4Rec [23]: this method uses the bidirectional
transformer model to learn the temporal behavior
of users, which is a state-of-the-art sequential rec-
ommendation method.

(vii) KTUP [36]: this is a translation-based user prefer-
ence model, which transfers the entity embedding
and relation embedding learned from knowledge
graph to the user preference model and simulta-
neously training two different tasks.

Among them, BPR and FM are traditional recom-
mendation methods that only consider user feedback
without considering sequential information, while GRU4Rec,
GRU4Rec+, SASRec, and BERT4Rec are sequential recom-
mendation methods based on neural networks, and KTUP
is a recommendation method based on neural networks
and knowledge graph.

The experimental environment is CPU Intel (R) Core
(TM) i9-9980XE @3.00GHz, with 128GB memory and two
Titan XP graphics cards. We use the scientific computing
library NumPy and SciPy for data processing and use Ten-
sorFlow to implement our algorithm. We randomly divide
the training set, validation set, and test set with the ratio of
7 : 2 : 1 and ensure that each user has at least one item in the
test set. For hyperparameters, we apply a grid search to find
the best settings for each task. Specifically, the learning rate
is searched in f0:0001, 0:001, 0:005, 0:01, 0:05g, the coeffi-
cient of L2 regularization is searched in f10−5, 10−4, 10−3,⋯
, 101, 102g, the embedding size is searched in f32, 64, 96,
128, 256g, and the optimization methods include Adam
and SGD. Finally, the learning rate is set to 0:001, L2 coeffi-
cient is set to 10−3, embedding size is set to 96, and the opti-
mization method is set to Adam. For the rest of those
parameters, we follow the original way for the setup of the
parameters which have been proposed by their authors.

4.3. Performance Evaluation. We compare the performance
of our proposed IPAKG method with all other baselines.
The results on two datasets are reported on Table 3. From
the results, we have the following observations.

In general, our proposed model obtains the best results in
all five evaluation metrics on two datasets, which proves the
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effectiveness of our model. Specifically, firstly, the IPAKG
model and KTUP model both use the knowledge graph, but
our model achieves better performance. This is mainly
because our model uses the attention mechanism to model
the interactive relationship and dynamic evolution of the
user’s preferences, which makes the user’s preference repre-
sentation more accurate. In addition, we also add user behav-
ior information to model the user’s preference degree on the
certain item. Therefore, although our model and the KTUP
model are both based on knowledge base technology, the
model we proposed obtains better recommendation perfor-
mance. Secondly, IPAKG has better performance compared
to GRU4Rec and GRU4Rec+. One possible reason is that
these two methods are based on conversational models and
do not explicitly model the general preference information
of users. Thirdly, our proposed method achieves better per-
formance than SASRec and BERT4Rec which are based on
the attention mechanism. One of the main reasons is that

our model integrates the information of the knowledge
graph, through which the user’s representation space are fur-
ther expanded and the user’s implicit preferences are fully
exploited. Fourth, the above models obtain better experimen-
tal results on the Tmall dataset compared to the Amazon
electronics dataset. This is mainly because the user interac-
tion records of the Amazon electronics dataset are relatively
sparse, which affects the representation of the data.

In addition, the performance of GRU4Rec+ on the above
two datasets is significantly better than GRU4Rec. This is
because GRU4Rec+ not only captures the sequence relation-
ship in the user’s interaction sequence but also has a better
superior objective function. All the methods perform better
than the traditional BPR and FM methods. This is because
these two methods only model the user’s general preferences
and cannot model the user’s sequential and dynamic prefer-
ences, which makes the preference representation insuffi-
cient. Furthermore, the main reason that the BERT4Rec

Table 3: Performance comparison of difference recommendation methods.

Models
Amazon (electronics) Tmall

MRR HR@10 HR@20 NDCG@10 NDCG@20 MRR HR@10 HR@20 NDCG@10 NDCG@20

FM 0.0307 0.0473 0.0501 0.0387 0.0465 0.0865 0.1108 0.1193 0.0921 0.0976

BPR 0.0421 0.0787 0.0812 0.0589 0.0682 0.1123 0.1425 0.1634 0.1236 0.1398

GRU4Rec 0.0611 0.0923 0.1011 0.0724 0.0854 0.1522 0.1822 0.1903 0.1622 0.1701

GRU4Rec+ 0.0786 0.1087 0.1103 0.0822 0.0943 0.1632 0.1944 0.2011 0.1776 0.1804

SASRec 0.0903 0.1203 0.1298 0.0921 0.0987 0.1782 0.2101 0.2187 0.1856 0.1911

BERT4Rec 0.0976 0.1358 0.1398 0.1013 0.1127 0.1956 0.2217 0.2302 0.2014 0.2176

KTUP 0.1067 0.1396 0.1423 0.1201 0.1288 0.2189 0.2298 0.2354 0.2133 0.2199

IPAKG 0.1123 0.1487 0.1533 0.1286 0.1301 0.2234 0.2407 0.2501 0.2276 0.2315
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Figure 3: The effect of sequence length on results (Amazon electronics).

Table 4: Ablation study on two datasets.

Models
Amazon (electronics) Tmall

MRR HR@10 HR@20 NDCG@10 NDCG@20 MRR HR@10 HR@20 NDCG@10 NDCG@20

IPAKG-B-KG 0.0776 0.0989 0.1043 0.0824 0.0973 0.1612 0.1844 0.1911 0.1736 0.1802

IPAKG-KG 0.0813 0.1058 0.1298 0.0913 0.1027 0.1812 0.2001 0.2187 0.1826 0.1896

IPAKG-B 0.0967 0.1226 0.1401 0.1001 0.1138 0.2011 0.2298 0.2354 0.2119 0.2107

IPAKG 0.1123 0.1487 0.1533 0.1286 0.1301 0.2234 0.2407 0.2501 0.2276 0.2315
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model performs better than SASRec is that BERT4Rec can
jointly predict the target item based on the context informa-
tion on the left and right sides, so it can achieve better
performance.

4.4. Ablation Study. In order to verify the contribution of
each main module of our model to the overall performance,

we conduct an ablation study. We first remove the behavioral
activation module separately from the original model, which
means that we no longer consider the degree of preferences
on items implied by the user’s different behaviors, and we call
this modified model IPAKG-B. In order to verify the contri-
bution of the knowledge graph-embedding technology to the
model, we removed the knowledge graph-embedding model
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Figure 5: NDCG@10 values on different embedding dimensions.
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and replaced it with conventional embedding technology. In
this case, we did not consider the expansion information of
the user’s preferences and implicit preferences; we call this
modified model IPAKG-KG. Finally, we remove the knowl-
edge graph-embedding module and behavioral activation
module at the same time, which means that the remaining
model becomes a conventional sequential recommendation
model based on recurrent neural network and attention
mechanism. We call this modified model IPAKG-B-KG.
The experimental results of the ablation study are shown in
Table 4.

Based on the above experimental results, we have the fol-
lowing findings. First of all, when we removed the knowledge
graph-embedding module and behavior activation module,
the performance of the model is obvious decline, which
means that both the knowledge graph-embedding module
and the behavioral activation module play a significant role
on the performance of the model. Secondly, the user’s behav-
ior activation module has a smaller impact on the model per-
formance than the knowledge graph-embedding module.
This means that the user’s implicit preferences and expanded
preferences have a more important influence on the recom-
mendation. Thirdly, after removing the knowledge graph-
embedding module and behavior activation module, the
overall performance of the model is between GRU4Rec and
GRU4Rec+. This is because that these models have a rela-
tively similar structure, and thus, their performance is rela-
tively similar.

4.5. Analysis of Main Parameters

4.5.1. The Effect of Sequence Length on Experimental Results.
In order to study the impact of different interaction lengths
on the recommendation performance, we conduct experi-
ments on two datasets. Figures 3 and 4 report the results of
different sequence lengths on the performance of each model.
It can be seen from the experimental results that for the Ama-
zon electronics dataset, each model has better performance
when the sequence length is about 40, and for the Tmall data-
set, each model performs better when the sequence length is
about 60. This means that the optimal sequence length
depends on the characteristics of the dataset. When the
length of the sequence is too short, the model only capture
the user’s recent preferences, and when the length of the
sequence is too long, certain noise data may be introduced,
both of which are not conducive to the performance of the
model.

4.5.2. The Impact of Embedding Dimensions on Results.
Figure 5 shows the impact of different embedding dimen-
sions on the recommendation performance. The hidden
dimension d varies from 32 to 256, while the other optimal
hyperparameters remain unchanged. The most obvious
observation from these subgraphs is that the performance
of each model does not increase as the dimension increases.
Larger hidden dimensions do not necessarily lead to better
model performance, especially for these datasets with sparse
data. This may be caused by overfitting. As can be seen from
the figure, the knowledge graph-based methods (that is,

KTUP and IPAKG) have relatively better performance than
other methods on the two datasets. For our proposed IPAKG
model, even if the hidden dimension is relatively small, our
model performance is relatively better than other models.

5. Conclusion

In this paper, we propose a novel sequential recommenda-
tion method called IPAKG based on knowledge graph for
next-item recommendation task. This method expands the
representation space of the item by introducing the knowl-
edge graph-embedding technology and fully exploits user’s
implicit preferences. Furthermore, the user’s sequential
behavior information is modeled through the behavioral acti-
vation unit, by which the degree of the user’s preferences on
certain items is fully quantified, which makes the user’s pref-
erence representation more accurate. The empirical results
demonstrate that our model can significantly outperform
the baseline models on two real-world datasets. In addition,
we conduct a detailed analysis on the IPAKG model to illus-
trate the effectiveness of our method. At present, our method
mainly considers the extended information of user interac-
tion items but does not model the information of similar
users. In the next step, we will consider using the knowledge
graph to further model the information of similar users to
further improve the performance of recommendation.
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corresponding author on request.
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