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ABSTRACT

Recently, much attention has been paid to the usage of knowledge
graph within the context of recommender systems to alleviate the
data sparsity and cold-start problems. However, when incorporating
entities from a knowledge graph to represent users, most existing
works are unaware of the relationships between these entities and
users. As a result, the recommendation results may suffer a lot
from some unrelated entities. In this paper, we investigate how to
explore these relationships which are essentially determined by the
interactions among entities. Firstly, we categorize the interactions
among entities into two types: inter-entity-interaction and intra-
entity-interaction. Inter-entity-interaction is the interactions among
entities that affect their importances to represent users. And intra-
entity-interaction is the interactions within an entity that describe
the different characteristics of this entity when involved in different
relations. Then, considering these two types of interactions, we pro-
pose a novel model named Attention-enhanced Knowledge-aware
User Preference Model (AKUPM) for click-through rate (CTR) predic-
tion. More specifically, a self-attention network is utilized to capture
the inter-entity-interaction by learning appropriate importance of
each entity w.r.t the user. Moreover, the intra-entity-interaction
is modeled by projecting each entity into its connected relation
spaces to obtain the suitable characteristics. By doing so, AKUPM
is able to figure out the most related part of incorporated entities
(i.e., filter out the unrelated entities). Extensive experiments on
two real-world public datasets demonstrate that AKUPM achieves
substantial gains in terms of common evaluation metrics (e.g., AUC,
ACC and Recall@top-K) over several state-of-the-art baselines.
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1 INTRODUCTION

As item recommendation is one of the most effective and widely
used information filtering and discovery method, extensive research
efforts have been devoted to Recommendation Systems (RS) which
aim at providing users with a small set of items to meet the person-
alized interests [12]. Among different recommendation strategies,
collaborative filtering (CF) based methods which make use of his-
torical user preferences have made significant success [7]. However,
CF based methods generate poor performance when user-item in-
teractions are sparse. A common idea to alleviate these problems is
to import auxiliary information to enrich the description of users
and items within the RS, so as to effectively compensate for the
sparse or the missing users’ interests. Among various types of aux-
iliary information (e.g., user profiles [15], images [21] and so on),
Knowledge Graph (KG) as an emerging one has gradually gained
attention of researchers in recent years because of the ability to
support a bulk of structured data effectively [18].

A knowledge graph is a type of multi-relational directed graph
composed of a large number of entities and relations [18]. More
specifically, each edge in the knowledge graph is represented as a
triple in the form of (head entity, relation, tail entity), also called a
fact, indicating that the head entity and the tail entity is connected
through the relation. For example, as shown on the top of Figure
1, triple (City Light, film.director, Charles Chaplin) indicates that
Charles Chaplin is the director of film City Light. Recently, a large
number of knowledge graphs, such as DBpedia ! and Microsoft’s
Satori 2, have been created and successfully applied to many real-
world applications, e.g., information extraction [4], community
detection [13] and so on.

Over the past years, many approaches [16, 17, 21] have been stud-
ied and designed to enrich the sparse information of the users/items
in RS by incorporating a set of related entities from a knowledge
graph. For example, Deep Knowledge-Aware Network [16] is a con-
volutional neural network (CNN) based framework to make news
recommendation in which the information of news is enriched by
associated entities in the knowledge graph. RippleNet [17] aims
at item recommendation in which users’ interests are enriched
by entities they have interacted with. However, in these existing

Uhttp://wiki.dbpedia.org/
2http://searchengineland.com/library/bing/bing-satori
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Figure 1: Illustration of knowledge graph enhanced movie
recommendation system. The knowledge graph provides
amounts of entities which can be used to enrich the sparse
user-movie interactions.

approaches, the relationships between the set of incorporated enti-
ties and items/users are not explored so that the recommendation
results may suffer a lot from some unrelated incorporated entities.

Take movie recommendation for example, where each user is rep-
resented by incorporating entities from a knowledge graph. Since
the user is represented by entities, the interactions among these
entities essentially determine the relationships between the user
and these entities. Interactions among these entities are two-fold:
1) Inter-entity-interaction: the importance of an entity varies a lot
when included in different entity sets due to the interactions among
entities. As shown in Figure 1, with regard to Bob, all incorporated
movies are from USA, whereas to Steph the incorporated movies
are from various countries. In this case, USA is of great importance
to identify Bos’s interests rather than to identify Steph’s interests.
2) Intra-entity-interaction: for a certain user, an entity may show
different characteristics when involved in different relations. For
example in Figure 1, Alice may like City Lights since Charles Chap-
lin is the director of this film, whereas she may like Modern Time
since Charles Chaplin acts the leading role in this film.

To face these issues, we propose a novel recommendation model
named Attention-enhanced Knowledge-aware User Preference Model
(AKUPM). AKUPM is designed to predict click-through rate (CTR)
for a given user-item pair, in which information of the user is
enriched by entities related to the user’s clicked items. More specif-
ically, firstly, entities to be incorporated are initialized as the user’s
clicked items, and then propagate along relations in the knowl-
edge graph from near to distant to introduce rich entities. By doing
so, AKUPM reaches a great deal of entities that can be used to
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infer the user’s potential interests. Then, to capture the intra-entity-
interaction, each entity is represented by being projected into its con-
nected relation spaces, so as to distinguish characteristics involved
in different relations. Moreover, to depict the inter-entity-interaction,
a self-attention network [14] is utilized to learn appropriate im-
portance of each incorporated entity. Finally, to characterize user’s
diverse interests on different items, relationships between the in-
put item and incorporated entities are also explored through an
attention network [1], so as to make better CTR predictions. In
contrast to existing approaches [16, 17, 21], our contributions can
be summarized as follows:

(1) We propose a knowledge-aware model to alleviate the spar-
sity problem in recommendation systems based on a novel
adaptive self-attention modeling design. To the best of our
knowledge, this is the first work fully exploring the rela-
tionships between users and incorporated entities based on
categorizing the interactions of entities into two types: intra-
entity-interaction and inter-entity-interaction.

By projecting entities into relation spaces and utilizing self-
attention mechanism, the intra-entity-interaction and inter-
entity-interaction are naturally depicted, respectively. By do-
ing so, AKUPM is able to figure out the most related part of
the incorporated entities for each user, so as to make better
CTR predictions.

—
)
~

Based on two real-world public recommendation datasets, we have
conducted extensive experiments to evaluate the effectiveness of
AKUPM. The results reveal that the improvements are significant
compared with other state-of-the-art methods in terms of common
evaluation metrics (e.g., AUC, ACC and Recall@top-K).

The rest of this paper is organized as follows. Section 2 reviews
the related works. Section 3 provides some preliminary concepts
and presents our recommendation problem. Section 4 delves into
our proposed approach, followed by learning algorithm in Section 5.
Then, the experimental results on benchmark datasets and discus-
sions are provided in Section 6. Finally we list concluding remarks
and discuss the future work in Section 7.

2 RELATED WORK

In this section, we present several concepts and models related
to our works, including knowledge graph embedding, attention
mechanism and knowledge-aware recommendation.

2.1 Knowledge Graph Embedding

Knowledge graph embedding aims at embedding entities and rela-
tions of a knowledge graph into low-dimensional continuous vector
spaces in which the inherent structure of the knowledge graph is
preserved. Recently, due to the superior performance, translation-
based embedding methods have received great attention, in which
entities are usually represented as vectors and relations are typically
abstracted as operations on the entity vectors. As the most represen-
tative translation-based method, TransE [2] represents both entities
and relations as vectors in the same space so that the embedded
entities h and t can be connected by relation r when triple (h,r, t)
holds, i.e., h + r = t. Despite its simplicity and efficiency, TransE
is unable to model intra-entity-interactions in our scenario since
TransE has difficulty in dealing with 1-to-N relations [20]. To this
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end, TransH [20] allows an entity to have distinct representations
when involved in different relations by introducing relation-specific
hyperplanes. Moreover, TransR [8] first projects entities from entity
space to corresponding relation spaces and then builds translations
between projected entities. In this paper, to facilitate appropriate
characteristics of an entity when involved in different relations,
each entity is represented by applying TransR.

2.2 Attention Mechanism

Attention mechanism shares the same intuition with the visual
attention found in humans, which assigns distinct importance to
different parts of data to allow focusing on the most important data.
Attention mechanism is first introduced by [1] to handle sequence to
sequence translation task based on an encoder-decoder framework,
in which the encoder encoded source sequence into a vector and
a decoder then output the translated sequence from the encoded
vector. By introducing attention mechanism, the decoder could
concentrate on the most relevant part of the source sequence instead
of treating all parts of source sequence equally when performing
translation.

Different from attention mechanism trying to relate two se-
quences, self-attention focuses on relating different parts of a single
sequence in order to compute a representation of the sequence
within its own context. Self-attention has started to gain exposure
due to its recent successful application on machine translation [14].
[9] proposed a self-attention based LSTM (Long Short-Term Mem-
ory) to generate sentence embeddings, in which the self-attention
is utilized to determine a linear combination of LSTM hidden states
rather than just pick up the final state of LSTM as embedding out-
put.

In this paper, we propose to use attention mechanism to explore
relationships between the input item and incorporated entities.
In addition, self-attention mechanism is introduced to generate
representations of incorporated entities under associated entity set
by assigning each entity an appropriate weight.

2.3 Knowledge-Aware Recommendation

The usage of knowledge graph within the context of recommender
systems to address the sparsity and cold-start problems are attract-
ing increasing attention. For example, in [21], the items’ structural
representations learned from a knowledge graph were combined
with items’ textual representations and visual representations to
jointly represent the items. And then, item recommendations were
given by collaborative filtering based on the items’ representations.
To make news recommendation, [16] proposed to represent news
by fusing the representation learned from a knowledge graph and
representation obtained by word-level embeddings. More recently,
in [17], users’ potential interests were explored by propagating
users’ historical clicked items along the links (relations) in the
knowledge graph, so as to enrich users’ interests and to improve
recommendation performance.

However, in these existing approaches, the relationships between
incorporated entities and items/users are not well explored. As a
consequence, the recommendation results may suffer a lot from
some unrelated entities.
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3 PRELIMINARIES

In this section, we will first clarify some terminologies used in this
paper, and then explicitly formulate our problem.

3.1 Implicit Feedback

Compared to explicit feedback, the recommendation task consid-
ered in this paper is for more abundant implicit feedback which
indirectly reflects opinion through observed user behavior [5]. In
a typical recommender system, user set and item set are denoted
by U = {u1,uy,--- 9”|'u\} and V = {v1,09,--- ,’U|(V|} respec-
tively. The user-item interaction (i.e., users’ click history) matrix is
denoted as Y = {yyo|u € U,v € V}, where

p— 1’
Yuov = 0.

denotes whether user u has clicked item v. Note that a value 1 in
Y represents that interaction between the user and corresponding
item has been observed. Although such interactions do not assure
that users actually like the items, they are source of information
on what the users might like. Likewise, a value 0 in Y does not
mean that the user is not interested in the item [21]. In this paper,
the observed interactions (i.e., 1s in Y) are regarded as positive in-
stances to model users’ potential interests, whereas the unobserved
interactions (i.e., Os in Y) are regarded as negative ones.

if u has clicked v;
¢))

otherwise,

3.2 Knowledge Graph

Apart from the user-item interaction matrix Y, a knowledge graph
G, which consists of massive entity-relation-entity triples (h, r, t),
is also a good source to provide extra information about users’
interests. Let entity set and relation set are denoted by ¢ and R,
respectively. For each triple (h,r,t), h € &, t € £ and r € R denote
the head entity, tail entity, and relation between these two entities,
respectively.

In this paper, to make the problem clearly, we assume that every
item v € V in interaction matrix Y can be linked to a corresponding
entity hy, € & in knowledge graph G by the technique of entity
linking [10].

3.3 Problem Formulation

In this paper, our goal is to learn a CTR prediction model to predict
the probability 7, that user u will click item v for each input
user-item pair (4, v). To achieve the goal, we use a latent vector
u as the representation for the input user u, and a latent vector v
as the representation for the input item v. Then, since the user’s
click history yy is binary, we formulate the CTR prediction as
binary classification and utilize a sigmoid function o(-) as activation
function as follows:

@)

Juv = O'(llTV).

4 THE PROPOSED METHOD

In this section, we give an overview of the proposed AKUPM fol-
lowed by detailed descriptions of main components.

We introduce the architecture of AKUPM as illustrated in Figure
2 from the bottom up. For the input user, to incorporate rich en-
tities from a knowledge graph potentially exhibiting his interests,
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Figure 2: Illustration of AKUPM.

a specially designed entity propagation (Section 4.1) is used to in-
corporate sets of entities based on the user’s click history. Next, to
depict the intra-entity-interactions among these incorporated enti-
ties, we propose to embed the entities into relation spaces (Section
4.2). To model the inter-entity-interactions (Section 4.3), we propose
to first apply a self-attention network to obtain a representation
for each set of entities. And then, we propose to apply an attention
network to represent the user with respect to the input item by
aggregating entity representations with proper weights. Finally,
CTR prediction is made based on the latent representations of the
input user and input item.

4.1 Entity Propagation

A knowledge graph carries various entities and complicated con-
nections among entities that provide a latent perspective to explore
user interests. However, for a certain user, not all entities share
same importance to recognize user’s interests and there are many
entities unrelated to this user (called noises). To filter out noises, we
propose to incorporate entities propagated from the user’s click his-
tory along relations in knowledge graph, so that each incorporated
entity is relevant to the user.

More specifically, for a given user u, we denote his click history as
Su ={vu,1,- - vy, ‘5|}, where vy, , is the identification
of m™ item clicked by user . The origin of entity propagation is
defined as

s Ou,ms "

hO

L P Y 8 (3)

where hO

in L can be iteratively propagated along relations to reach more
connected entities and we define the k' set of entities as follows:

,, denotes the entity linked to item vy, m. Then, entities

e Lk}
JH,

b= (IR R k) e g k!

4
with k =1,2,--- @
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Figure 3: Illustration of entity propagation. All the grey cir-
cles denote the incorporated entities. And entities falling
into different blues belong to different corresponding entity
set.

where H is the maximal number of propagations. Such propagation
process is illustrated in Fig. 3. After H times propagation, we have
H + 1 sets of entities L’L‘,(k =0,1,....H).

4.2 Entity Representation

It is necessary to obtain a suitable representation for each entity,
before exploring the interactions between entities contained in
LK(k = 0,1, ..., H). To depict the intra-entity-interaction discussed
in Section 1, we propose to apply TransR [12] and obtain proper
representations for entities as follows. For each triple (h,r,t) € G,
entity embeddings and relation embedding are set as d-dimensional
vectors, h,t e R? and r € R4 respectively. Note that, although we
assume the entity embeddings and relation embeddings are both d-
dimensional in this paper, the dimensions of these two embeddings
are not necessarily identical. For this relation r, we set a projection
matrix R € R%*4_ which projects entities from entity spaces to the
corresponding relation space as:

h, =Rh,

t, = Rt. (5)

€ LY, since this entity is directly clicked by
user u and no relatlon is involved in, this entity can be represented
as:

For mt? entity hO

0 0

Cum= Vu,m? (6)
where hY, is the embedding vector of k%, . For m'h entity
u,m u,m
k € LK(k =1,2..., H), this entity is represented as:
k ¢k
eu m = Ry mbu m 7)

where tﬁ, m is the embedding vector of tu, m»>and Rﬁ, m 1s projection
matrix associated with the relation connected to t,]j, m-

In addition, the input item v’s representation v is also adopted
without projecting into relation space:

v=h,,

®)
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where h;, is the embedding vector of entity h;, linked to v.

4.3 Attention-based User Representation

For the H + 1 sets of entities L]li (k=0,1,...,H), a common way to
generate user’s representation u is to take the average of the repre-
sentations in these sets of entities, i.e.,u = ﬁ ZIkJ:O ﬁ >m eﬁ,m.

However, this method ignores the inter-entity-interactions discussed
in Section 1. To this end, we first propose to learn a latent represen-
tation aﬁ for each Lﬁ by applying a self-attention network, which
captures the interactions among entities. Then, with regard to input
item v, we propose to adopt an attention network [19, 22] to model
the different impacts of a’lj (k =0,1,..., H) on u, which characterizes
user’s diverse interests on different input items.

In general, attention mechanism can be described as mapping
a query and a set of key-value pairs to an output. The output is
computed as a weighted sum of the values, where the weight as-
signed to each value is computed by a compatibility function of the
query with the corresponding key. Furthermore in self-attention,
the query, key and value are all the same [14]. In our context, we
adopt a scaled dot-product attention and the whole calculation
process for aﬁ is illustrated in Fig. 4. Specifically, for each L’,j, the
query Qﬁ, key K’lj, and value Vﬁ are all concatenated from eﬁ’ m as
follows:

k k k k k
Vu=0,=K;, = [eu,l’eu,Z"" ©)

k
5 eu,N]’

where N is number of entities to be concatenated. If )Ll,j‘ >N,N
entities are randomly picked out to perform concatenation. Other-

wise, N —

Uk | null entities (i.e., zero vectors) are appended to Lﬁ
to form QX, KX and VK. Then, the compatibility between QX and
Kﬁ is calculated as follows:

_oT

ck = ok Kk, (10)

where Cﬁ € RN*N and the entry cs’ ij € C],j at row i, column j

~ .y Ah o ok k th
describes the compatibility between i™ entity e, ; € Q;, and j

entity e’:[ ;€ Kﬁ Finally, a softmax function is applied to derive
k.

a;:

k _ vk Ci
a;, = Vysoftmax (—2),
u u B \/E
where Vd is applied to scale the compatibility matrix to avoid the dot
product in Eq. 10 getting too large. The softmax function essentially
calculates weight for each column e’lj’m e Vk(m = 1,...,N), and

(11)

the weight of e5’ m s described as

exp(ﬂ{Xu, m)
eryzl eXP(ﬁlTXu, n) |

where Xy, 1, € RNV*! s the m™® column of Cﬁ and B € RNVXN g
the softmax function’s parameter. Note that a masking operation
(i.e., the diagonal entries of Cﬁ are set as zero) is applied before the
softmax function, which avoids high compatibility scores between
identical vectors of Q],j and K’,j After performing weighted sum
according to Eq. 11, we obtain the latent representations aﬁ €
R4, (k =0,..., H). Next, we will present how to obtain u from as.

softmaxg (Xu,m) = (12)
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Figure 4: Illustration of Self-Attention network.

Similar to that aX is described as a weighted sum of es’ m- the

user’s final representation u is described as a weighted sum of al]j.
In this context, the query Q,,, key K, and value V,, are described

as:
Q, =V,
K,=V, = [ag,alll,--
where v is the representation of input item v according to Eq. 8.
And u is calculated by

. ,aiI], (13)

T
u=Vy, softmaxﬂz(QZ/I;u ).
Similar to Eq. 12, the softmaxg,(-) in Eq. 14 is a softmax function
whose paremeter is f5. Note that, we do not perform masking
operation here, since Q,, is not identical to K.

Finally, based on the user’s representation u and item’s repre-
sentation v, the predicted CTR is calculated by

(14)

(15)

Juov = U(uTV),

where o(-) is the sigmoid function.

5 LEARNING ALGORITHM

In this section, we present the details of how we can learn the
optimal parameters of AKUPM given user-item interaction matrix
Y and knowledge graph G.

Suppose that © denotes all parameters in AKUPM, including
embeddings of all entities h, t, embeddings of all relations r, all
relation projection matrices R, self-attention network’s parameter
B1 and attention network’s parameter 2. We intend to maximize
the following posterior probability of model parameters © after
observing the G and Y:

© = argmax p(0|G, Y),
" (16)

which is equivalent to maximizing

_pO.6Y)

=p(@)p(G|1O)p(Y]®, G)

=p(@)p(G10)p(Y|0)

=p(h, t,r, R)p(G|h, t,r,R)=
p(B1. B2)p(Y|B1, B2)

op(Glh, t,xr, R)p(Y|B1, B2).

p(G|") is the likelihood of the observed G given corresponding
parameters and p(Y|-) is the likelihood of the observed Y given
corresponding parameters. p(G, Y), p(h, t,r,R) and p(B1, B2) are
priori probabilities which can be ignored in maximizing problem. To

(17)
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maximize Eq. 17, we provide the details to estimate the likelihood of
observed knowledge graph and implicit feedback in the following
sections.

5.1 Likelihood of Observed Knowledge Graph
and Implicit Feedback

For each observed triple (h,r,t) € G, we follow the existing work
[8] and define the score function as

fr(h,t) = |Rh +r—Rt||?. (18)

For this triple, by randomly replacing tail entity we can get a new
triple which is not included in the knowledge graph, i.e., (h,r,t’) ¢
G. By doing do, we construct a new quadruple set G’ in which
every quadruple (h,r,t,t’) € G’ satisfying both (h,r,t) € G and
(h,r,t’) ¢ G. We follow the previous work [21], and define the
likelihood of observing the quadruple (h, r,t,t") as follows:

p((hr.t.t)hx . R) = o(fr(h,t) = fr(h.t)), (19)

where o(-) is the sigmoid function. As a result, the likelihood of
observed knowledge graph can be described as

pGhretR =[] ol frht).

20
(h,r,t,t')eqG’ (20)

For each entry y,, € Y, the likelihood can be defined as the
product of Bernoulli distributions:

p(YIBB2) = | |

Yuo €Y

~AYuov

Juo” * (1= ﬁuv)l_y“”,

(21)

where 7,1 is predicted CTR for the input pair (u, v) according to
Eq. 15.

5.2 Loss Function
Taking Eq. 20 and Eq. 21 into Eq. 16 gives:

[T ottt -fnt)s
(h,r,t,t")eG’

[

Yuv €Y

© = argmax
(S]
(22)

~Yuov

Juy * (1= guv)liy'“’-

After taking the negative logarithm of Eq. 22 and adding regular-
ization terms, we have the following loss function for AKUPM:

L(h7 tr, Rr,ﬁlsﬂz) =

-2

Yuo €Y

2

(h,r,t,t")eG’

(yu'u log o + (1 = yuo) log(1 — qu))

g ot k1)~ 1) )

Ag
+3{%ﬁ+mﬁ+mﬁﬂmwﬂ

A A
+ 1B + L 1Bl

To minimize the objective in Eq. 23, we employ a batch gradient
descent algorithm through the entire observed training set Y and
G’ and update each parameter using the corresponding gradient of
the loss function.
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Table 1: Detailed statistics of the two datasets (# means ’the
number of ).

MovieLens-1M | Book-Crossing

# users 6,036 17,860

# items 2,445 14,967

# positive feedback 376,386 69,873
# negative feedback 376,886 69,873
# entities 182,011 77,903

# relation types 12 25

# facts 1,241,995 198,771

6 EXPERIMENTS

In this section, we demonstrate the performance of AKUPM on two
popular real-world public datasets® compared to some state-of-the-
art baselines. We first introduce the experiment setup, including
datasets, compared baselines and evaluation schema. Then, we
compare the performance of AKUPM with baselines and analyze the
results in detail. Finally, to demonstrate the necessity of depicting
intra-entity-interaction and inter-entity-interaction, we compare the
performance of AKUPM with several variants.

6.1 Experiment Setup

6.1.1 Datasets. To verify AKUPM’s effectiveness in different appli-
cation scenarios, two datasets from different domains (movie and
book) are utilized in our experiments.

e MovieLens-1M* is a widely used benchmark dataset in
movie recommendations, which contains 1,000,209 explicit
ratings from 6,040 users on 3,900 movies. Each rating is an
integer between 1 and 5.

Book-Crossing® is a widely used benchmark dataset in
book recommendations, which consists of 1,149,780 explicit
ratings from 278,858 users on 271,379 books. Each rating is
an integer between 0 and 10.

Since AKUPM is designed to make recommendations based on
implicit feedback, in order to be consistent with the implicit feed-
back setting, we transform these two explicit feedback datasets into
implicit feedback datasets by setting threshold on ratings (4 for
MovieLens-1M and 1 for Book-Crossing)® similar to [23]. For each
user, when we transform all his/her ratings which are no less than
threshold into positive (i.e., 1) implicit feedback, we also sample
same amount of his/her unrated movies as negative (i.e., 0) implicit
feedback. Besides, users containing no positive implicit feedback
are removed from the datasets, since there is no positive implicit
feedback that can be used to verify the recommendation results.
The knowledge graphs used in this paper are released by [17],
which are constructed to match the items in MovieLens-1M and
Book-Crossing, respectively. In summary, the knowledge graph for
MovieLens-1M contains 182,011 entities, 12 relations and 1,241,995

3Experiment code is provided at https://github.com/gegetang/akupm
“https://grouplens.org/datasets/movielens/1m/
Shttp://www2.informatik.uni-freiburg.de/ cziegler/BX/

®The threshold of Book-Crossing is set much lower than that of MovieLens-1M because
the sparsity of Book-Crossing is more than 99.99%.
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facts; and the knowledge graph for Book-Crossing contains 77,903
entities, 25 relations and 198,771 facts.

For clarity, detailed statistics of the two processed datasets are
presented in Table 1.

6.1.2  Baselines. We choose the following 5 state-of-the-art models
as the baselines to compare with AKUPM:

e CKE [21] combines a CF module with knowledge embed-
ding, text embedding, and image embedding of items in a
unified Bayesian framework. Here, each item is only rep-
resented as the embedding learned by TransR, since the
textual description and the visual image is not available in
our datasets.

e DKN [16] generates a knowledge-aware embedding vector
for each input news by fusing its word-level embeddings
and entity-level embeddings. Then, an attention module is
utilized to dynamically model the user’s diverse interests for
news recommendations. Here, the title of movie or book is
used to generate word-level embeddings, and entity-level
embeddings are learned by TransD [6] which was reported
to have the best performance in [16].

o RippleNet [17] represents a user as plenty of entities related
to the user’s historically clicking items. Then, the user’s
representation is combined with item’s representation to
predict the CTR of this user-item pair. Note that, in this
method, the entity embedding is learned by TransE [2].

e LibFM [11] is a state-of-the-art feature-based factorization
model and is widely used in CTR predictions. Here, we con-
catenate user ID, item ID and the item embeddings learned
by TransR as features to feed into LibFM.

e DeepWide [3] is a general deep neural network for recom-
mender system in which a wide linear model component is
combined with a deep non-linear neural network component
to achieve both memorization and generalization. Similar
to LibFM, we concatenate user ID, item ID and the item
embeddings learned by TransR as the input for DeepWide.

Note that the hyper-parameters of baselines are set as best ones
reported in original papers.

6.1.3 Evaluation Schema. For each dataset, similar to [21], 80% of
items associated with each user are randomly selected for training;
10% of items are for evaluation; and all the remaining constitutes the
validation set which is used to find the optimal hyper-parameters
for our proposed AKUPM.

We evaluate our method in two application scenarios: CTR pre-
diction and top-K recommendation. For each evaluation scenario,
all models are repeatedly trained 5 times and we report the aver-
aged evaluation metrics of each model. More specifically, for CTR
prediction, we adopt ACC (Accuracy) and AUC (Area Under Curve)
to evaluate the performance. For top-K recommendation, we adopt
Precision@K, Recall@K and F1@K to evaluate the performance.

6.2 Performance Comparisons with Baselines

In this section, we present the results of performance comparisons
among AKUPM and baselines. The detailed hyper-parameter set-
tings are shown in Table 2.
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Table 2: Detailed hyper-parameter settings of AKUPM. d de-
notes the dimension of entity embeddings; H is the maximal
number of propagations; N is number of entities picked out
to perform concatenation; g, A 8 and A p, are all regulariza-
tion coefficients.

d |H|N Ag ’1[31 /1/;2
MovieLens-1M | 16 | 2 | 32 1072 1074 107
Book-Crossing | 4 32 [2x1072 [ 1073 [ 1073
-0— AKUPM O CKE ——DKN
RippleNet =3¢ LibFM =#&—DeeepWide

Precision@K of Movie Precision@K of Book
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Figure 5: Comparison of different models in top-K recom-
mendation scenarios on MovieLens-1M (the left column)
and Book-Crossing (the right column).

The results of all methods in CTR prediction and top-K recom-
mendation are presented in Table 3 and Figure 5, respectively. It
can be observed that:

(1) AKUPM performs best among all methods in both two sce-
narios on the two datasets. Specifically, as shown in Table
3, AKUPM outperforms the best of baselines by 6.868% and
10.169% on the MovieLens-1M dataset in terms of AUC and
ACC, respectively; AKUPM outperforms the best of base-
lines by 7.116% and 11.310% on the Book-Crossing dataset in
terms of AUC and ACC, respectively. AKUPM also achieves
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Table 3: Comparison of different models in CTR prediction scenario (impr. means ’improvements’).

MovieLens-1M Book-Crossing

Model AKUPM impr. AKUPM impr. AKUPM impr. AKUPM impr.

AUCT on AUC AceT on ACC AUCT on AUC Acct on ACC
AKUPM 0.918 - 0.845 - 0.843 - 0.807 -

RippleNet | 0.843 8.897% 0.767 10.169% 0.771 9.339% 0.725 11.310%
CKE 0.791 16.056% 0.729 15.912% 0.638 32.13% 0.592 36.318%
DKN 0.679 35.198% 0.607 39.209% 0.621 35.749% 0.591 36.548%
LibFM 0.805 14.037% 0.736 14.809% 0.782 7.801% 0.723 11.618%
DeepWide 0.859 6.868% 0.762 10.892% 0.787 7.116% 0.717 12.552%

significant improvements in terms of Precision@XK, Recall@K

o ~0-AKUPM  =0~AKUPM-intra == AKUPM-inter
and FI@K as shown in Figure 5.

(2) All models’ performance on the Book-Crossing dataset are 0.3 Preclslon@K of Movie 0.1 ecision@K of Book
poorer than that on the MovieLens-1M dataset. The main
reason is that the average positive feedback per user of 0.25 o9
Book-Crossing dataset (3.91) is much smaller than that of § 0.2 §0- 06
MovieLens-1M dataset (62.44). As a result, there is not enough E 0. 15 g 0.04
information on the Book-Crossing dataset for models to learn 0.1
users’ interests. 0.05 0.02
(3) DKN performs worst compared with others. The reason may 0 0
be that the title of a movie or a book is much shorter than 1 2 5 1020 50100 1 2 5 102050100
news, making the word-level embeddings and entity-level Reca"@é(of Movie Reca"@lfof Book
embeddings containing insufficient information to make rec- 0.8 0.7
ommendations. 0.7 0.6
(4) CKE performs poorly in our experiments. The reason may = 0-6 = 05
o . . . 5 0.5 =
be two-fold: the textual description and visual image is not 2 o4 g 0.4
available in our datasets; compared to AKUPM and RippleNet 0.3 0.3
which incorporate many entities potentially related to the 0.2 0.2
input item, CKE only use the one entity directly related to 0.1 0.1
the input item for recommendation. 0 0
(5) Both LibFM and DeepWide achieve satisfactory performance, 1 2 5 102050100 1 2 5102050100
which are widely used in recommender systems. This implies 024 F1@K of Movie o1 F1@K of Book
that the additional usage of entity embedding can boost the ) )
recommendation performance. 0.2 0.08
(6) RippleNet nearly achieves best performance among all base- _0.16 £ 0.06
lines. AKUPM and RippleNet are similar in incorporating = 012 '
entities to represent the user’s hierarchical preferences. How- 0.08 0.04
ever, RippleNet does not explore the relationships between 0.02
the user and the incorporating entities, so that the results 0-04
may suffer a lot from unrelated entities. 0 0
1 2 5 1020 50100 1 2 5 102050100

6.3 Performance Comparisons with Variants

Figure 6: Comparison among AKUPM and its variants in top-
K recommendation scenarios on MovieLens-1M (the left col-
umn)and Book-Crossing (the right column).

Table 4: Comparison among AKUPM and its two variants in
CTR prediction scenario.

MovieLens-1M | Book-Crossing
AUCT | ACCT | AUCT | ACCT
AKUPM 0.918 | 0.845 | 0.843 | 0.807

Model

AKUPM-intra | 0909 | 0837 | 0827 | 0.788 e AKUPM-intra. This model is one variant of AKUPM with-

AKUPM-inter | 0.862 | 0799 | 0.803 | 0.771 out depicting intra-entity-interaction, termed as AKUPM-

intra. In particular, the representation of entity t,]f’ m € LKk =

In this section, to demonstrate the necessity of capturing intra- 1,2...,H) is simply in the form of t’,j’ m» discarding projec-

entity-interaction and inter-entity-interaction, we compare the per- tion from the entity spaces to corresponding relation spaces
formance of AKUPM with the following two variants: abstracted in Eq. 7.
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o AKUPM-inter. In this model, user embeddings are gen-
= ﬁ ek erk ek .. ie, AKUMP
without considering inter-entity-interaction.
The results of AKUPM-intra, AKUPM-inter and AKUPM in CTR
prediction and top-K scenarios are presented in Table 4 and Figure
6, respectively. It can be observed that:

(1) AKUPM performs better than AKUPM-inter, because the
self-attention network not only allows to capture the inter-
entity-interactions among entities, but also allows to inspect
how much each entity contributes to the user embedding.
AKUPM performs better than AKUPM-intra. Because with-
out projecting entity into relation spaces, AKUPM-intra is
unable to obtain appropriate entity embedding when this
entity is involved in different relations.

erated according to af

@

The results demonstrate that it is necessary to capture intra-
entity-interaction and inter-entity-interaction when incorporating
entities from knowledge graph to make recommendations.

7 CONCLUSIONS AND FUTURE WORK

In this paper, we propose a novel model termed as AKUPM, which
aims at addressing the sparse problem in recommender systems by
incorporating entities from a knowledge graph to infer users’ poten-
tial interests. Following this idea, AKUPM first iteratively extends a
user’s historical interacted entities along relations in the knowledge
graph to introduce much external knowledge. Next, AKUPM fig-
ures out the most related part of the incorporated entities based on
depicting intra-entity-interaction and inter-entity-interaction among
entities, so as to make better CTR prediction for a given user-item
pair. Moreover, we conduct extensive experiments on two real-
world public datasets and the results show that AKUPM achieves
substantial gains in terms of common evaluation metrics (e.g., AUC,
ACC and Recall@top-K) over several state-of-the-art baselines.

In the future, we plan to further evaluate the effectiveness of our
model on more real-world datasets. Moreover, since the number of
entities related to a user is variable, we plan to learn a better latent
representation by introducing recurrent neural network which has
ability to handle the variable-length input, rather than randomly
pick out a certain number of entities in this paper.
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