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ABSTRACT play a critical role in online services (e.g., e-commerce and social

Knowledge graph (KG) has recently emerged as a powerful source
of auxiliary information in the realm of knowledge-aware recom-
mendation (KGR) systems. However, due to the lack of supervision
signals caused by the sparse nature of user-item interactions, ex-
isting supervised graph neural network (GNN) models suffer from
performance degradation. Moreover, the over-smoothing issue fur-
ther limits the number of GNN layers or hops required to prop-
agate messages—these models ignore the non-local information
concealed deep within the knowledge graph. We propose the Quad-
Tier Entity Fusion Contrastive Representation Learning (QTEF-
CRL) knowledge-aware framework to achieve learning of deep
user preferences from four perspectives: the collaborative, seman-
tic, preference, and structural view. Unlike existing methods, the
proposed tri-local and single-global quad-tier architecture exploits
the knowledge graph holistically to achieve effective self-supervised
representation learning. The newly-introduced preference view con-
structed from the collaborative knowledge graph (CKG) comprises
a preference graph and preference-guided GNN that are specifically
designed to capture non-local information explicitly. Experiments
conducted on three datasets highlight the efficacy of our proposed
model.
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1 INTRODUCTION

Recommendation systems empower users with the ability to ex-
plore and discover items aligned with their interests. These systems
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media) by generating a concise and personalized set of items that
maximizes user experience. Conventional techniques that adopt
collaborative filtering (CF) [25, 33, 35, 42, 46] exploit the similarity
of user preferences who are associated with similar items. Despite
its effectiveness, CF-based models such as neural collaborative fil-
tering (NCF) [14] and xDeepFM [19] rely heavily on historical user
interactions—they do not consider user and item features that in-
fluence the user’s choice. Notwithstanding the above, the highly
sparse user-item interaction makes it challenging for CF-based
models to perform accurate recommendations [18, 28]. To alleviate
such issues, knowledge graphs that provide semantic information
by establishing relationships between items and real-world entities
have been incorporated.

Undoubtedly, the rich auxiliary information endowed by knowl-
edge graphs has attracted increasing attention. Earlier works
that utilize knowledge graphs for recommendation focus on gen-
erating meaningful embeddings derived from knowledge graph
triplets [1, 20, 38, 49]. These embeddings are then used to comple-
ment the item representation learning. Following that, pre-defined
meta-paths [3, 26, 36, 45] have been proposed to enhance user rep-
resentations. However, defining these meta-paths require domain
expertise and resource-intensive feature engineering. Such an ap-
proach also limits the model’s robustness and generalizability to
different domains. More recent works exploit the hierarchical struc-
ture of the interaction data and the development of an end-to-end
model via graph neural networks (GNNs) [29, 31, 33, 34, 37], with its
success being dependent on the design of the aggregation function.
Such an approach is effective in capturing the high-order connectiv-
ity within the heterogeneous graph structure, where the high-order
collaborative signal is collected and propagated collectively.

While existing architectures leverage information derived from
relations within the knowledge graph as a proxy to infer user in-
terests [27, 29, 33, 34], they do not sufficiently capture deep user
preferences—existing systems generate items based on relational
preferences that may not correctly reflect user interests. Although
it is important to model user preferences explicitly to achieve a
holistic and accurate depiction of user interest, capturing entity-
level preferences is not straightforward. This is because the entity
information resides deeply within the user-item-relation-entity
heterogeneous graph. Moreover, to capture non-local deep collabo-
rative signal information, the number of neighboring hops has to be
increased significantly (e.g., user-item-entity-item-entity). Such an
increase will lead to the over-smoothing phenomenon [4, 7, 21, 41],
where node representations become highly similar to their neigh-
boring nodes—the recommender system can no longer differentiate
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Figure 1: An illustrative example illustrating the capture
of non-local knowledge graph information. (i) A two-hop
network that captures the closest neighboring entities, (ii) a
four-hop knowledge graph capturing non-local information
(i-e., deep entities), and (iii) a preference module in QTEF-
CRL that constructs a graph that bridges deep entities closer
to user nodes.

between users. As depicted in Fig. 1(i), a standard two-hop aggre-
gation will capture entities within an item’s immediate neighbor.
However, capturing non-local information as illustrated in Fig. 1(ii)
will require deeper hops. As such, a preference module must be
designed meticulously to strike a good balance between capturing
user preferences and mitigating the detrimental effects of over-
smoothing. Moreover, due to the highly-sparse labels, an effective
learning module must be incorporated to ensure that user prefer-
ences are well captured.

To this end, we propose a Quad-Tier Entity Fusion Contrastive
Representation Learning (QTEF-CRL) knowledge-aware frame-
work to achieve deep learning of user preferences. QTEF-CRL
adopts a unified quad-tier architecture that exploits the knowl-
edge graph holistically by taking various intra-graph relations into
account: 1) user-item (collaborative view), 2) item-entity (seman-
tic view), 3) user-entity (preference view), and 4) user-item-entity
collaborative knowledge graph (structural view). The first three
relations are characterized by local views while the last by a global
view. Each of the tri-local and single-global architecture reveals
unique information about the users and items that can enhance the
overall learned representations. To learn the user and item repre-
sentations effectively across the different views for the extraction
of vital and significant signals, we then incorporate the cross-view
contrastive learning paradigm. More importantly, we capture deep
user preferences at the same granularity of the entities by formulat-
ing a new augmented view. This view is termed as the Preference
View and comprises the user-entity graph constructed from the
collaborative knowledge graph (CKG), where non-local information
resides. With this new preference view, a reduced number of hops
is required to capture the entity preferences. However, due to the
noisy nature of knowledge graphs, the direct application of GNN to
capture high-order signals may adversely affect the recommender’s
performance. To alleviate this problem, QTEF-CRL reconstructs
the user-entity graph using a low-rank singular value decomposi-
tion (SVD) approximation. A preference-guided GNN then captures
the non-local information effectively. With such information, the
deeply encapsulated user preferences enable the recommendation
model to distill intricate deep collaborative signals, unlike existing
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models. Experiments conducted show that QTEF-CRL outperforms
the state-of-the-art models on three real-world datasets.
We summarise the contributions of this work as follows:

e Unified architecture: We highlight the importance of uti-
lizing the knowledge graph for the construction of different
views and propose a quad-tier architecture that incorporates
a cross-view contrastive representation learning paradigm;

¢ Novel methodologies: We develop and propose a new per-
spective of modeling deep user preferences that are encom-
passed in non-local information.

2 RELATED WORKS

2.1 Knowledge Graph Recommendation

Integrating knowledge graph schemas into recommender systems
improves the accuracy and interpretability of recommendations.
Embedding-based methods such as CKE [47] exploits the structured
knowledge of knowledge graphs to intricately weave diverse side
information—item content, users’ social connections, and knowl-
edge graph —into a collaborative filtering architecture. Path-based
approaches such as MEIRec [6] utilize manually designed meta-
path to guide representation learning and to infer the user’s inten-
tions. Predominantly, GNN-based methods such as KGCN [31] and
KGAT [33] leverage the structured information embedded in knowl-
edge graphs to establish higher-order statistical relations between
user and item. For instance, KGCN incorporates user preferences by
implementing convolutional operations to uncover intricate connec-
tions between items. In contrast, KGAT incorporates an attention
mechanism that aggregates higher-order neighborhood informa-
tion of items, thereby modeling the multiple relationships that
connect items within the knowledge graphs. In addition, KGIN [34]
infers the user’s latent intention by exploiting KG relations and
infusing it into the aggregation layer which enhances the model’s
performance and provides attention-level explainability.

The exploitation of entity-level preferences in recommendation
systems has also gained prominence since users are more likely to
choose an item because of a certain attribute entity. For instance,
EPKG [5] attempts to model the user’s entity preferences by com-
puting the number of entity connections and assigning it as weights
for user preference learning. Models such as the LKGCN [32] and
ECRN [15] employ entity-level information to improve the accu-
racy and interpretability of recommendations. In particular, LKGCN
leverages item and entity-level information directly from the tripar-
tite graph to propagate relational messages, while ECRN exploits
pre-defined meta-paths to propagate entity affiliation signals for
user representation learning, thereby refining the prediction of
user-item interactions.

2.2 Contrastive Learning for Recommender
System

Contrastive learning has recently been proposed in recommender
systems [43, 44] to learn highly robust embeddings by maximizing
the correlation between similar instances while distancing dissimi-
lar instances. SGL [40] generates contrastive views by performing
random perturbation such as node dropout, edge dropout and ran-
dom walk, before employing the InfoNCE loss [9, 23] to encourage
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feature alignment across different views. KGIC [53] implements
a two-stage contrastive strategy that improves recommendation
performance by contrasting layers of different parts within graphs
at both inter- and intra-graph levels. Moreover, MCCLK [52] in-
tegrates contrastive learning across multiple levels in knowledge-
aware recommender systems. It introduces a contrastive objective
that considers both intra- and inter-view consistency across differ-
ent data views, such as user-item interactions and KG-anchored
relationships. However, in light of these existing works, we argue
that i) less effort has been focused on modeling the deep user pref-
erences at the granularity of entities and ii) that existing models
fail to fully capitalize on the knowledge graphs for the generation
of semantically rich graph contrastive views.

3 TASK FORMULATION

In a standard recommendation setting, users’ interaction with the
items may exist in either explicit or implicit form. In this work, we
focus on the implicit interaction data (e.g., purchase, click, like). We
let U = (uq, ug, ..., up) be the set representing the users, where M
is the total number of users. Similarly, we define the set of items
as I = (i1, ig, ..., iN), with N being the number of items. We can
then obtain an interaction matrix denoted by Y € RM*N where
element Y,,; = 1 implies an observed interaction between the user
and item, while 0 signifies otherwise.

A knowledge graph stores rich auxiliary information pertaining
to real-world facts, which encompasses attributes such as entity
relationships, scientific, and extrinsic commonsense knowledge. It
provides information associated with the relationship(s) between
items and can be represented by two sets—a set containing real-
world entities & and the relations R between the entities. The
knowledge graph can then be defined as

Gr={(hrt)lhtc&reR), 1)

where h and t correspond to the entities’ head and tail, respectively,
while r represents the relationship between the two entities. An
additional item-entity alignment set can further be defined as

A={(e)licI ecé&} )

which implies that an item i is associated with an entity e from the
knowledge graph.

The CKG [33] seeks to unify the interaction data within the
knowledge graph. By modeling the user-interaction data as an
interact relation, it can be combined into the knowledge graph as
a form of a heterogeneous graph. As CKG is used specifically in
our structural view of QTEF-CRL, we denote the unified graph as

Gs = {(h,r,t)lh,teS’,reR'}, (3)
where & = & UU and R’ = R U {Interaction}. Given interaction
data Y, the knowledge graph G and the CKG G, our objective is

to learn a function to predict the probability 7,,; that a user u will
interact with an item i.

4 METHODOLOGY

In contrast to existing methods that solely focus on extracting
collaborative signals from the global CKG [33, 34], the proposed
QTEF-CRL is a unified model that exploits the knowledge graph
holistically from different aspects for the construction of local and
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global graph that is subsequently used for contrastive representa-
tion learning. More importantly, QTEF-CRL incorporates the pref-
erence view—a rarely explored yet crucial view constructed from
the CKG. This results in QTEF-CRL being a quad-tier architecture
that jointly considers and optimizes user preferences at different
granularity levels. Our tri-local and single-global tiers each pos-
sess distinct and highly meaningful properties that will enable the
model to distill different user preference levels.

As shown in Fig. 2, QTEF-CRL is partitioned into four tiers com-
prising the following components: the collaborative view, semantic
view, preference view, and structural view. Each view seeks to capture
distinct latent factors of the users and items. Firstly, the collabora-
tive view reflects the user-item interactions, where collaborative
signals can be extracted through an adequately designed encoder.
Secondly, the semantic view reveals the rich semantic information
associated with entities that enhance the items. The third preference
view, which has received lower attention in existing works, reveals
deep user preferences that are modeled through non-local KG infor-
mation. This view is critical since it captures user interests through
entity affiliations. Lastly, the global structural view comprises a het-
erogeneous CKG that enriches the user-interaction graph through
the relations and external entities. By modeling the quad views ex-
plicitly, QTEF-CRL is able to distill salient information for effective
representation learning. Thereafter, the respective generated user
and item representations are contrasted with each other, using a
cross-view contrastive learning mechanism that contrasts against
the inter and intra representations.

4.1 Tier 1: Collaborative View (Local Level)

The collaborative view focuses on extracting the collaborative sig-
nals from the interaction data. This can be achieved by adopting an
encoder that propagates information across the user’s and the item’s
neighbourhood. Following the recent success of collaborative-based
models [13, 22, 39], we employ the LightGCN as the collaborative
view encoder due to its inherently simplistic design, which has
been empirically proven to be effective. LightGCN incorporates
a straightforward mechanism for message passing and aggrega-
tion without the need for feature transformation and non-linear
activation. The propagation rule may be expressed as

(k) 1 (k=1) (k) ! (k-1)
e, = —e; e = —e, , (4)
igv:u VINGlING] ' ug,\:,i VINGIIN;|
where el(lk) and el.(k) are the kth layer representations of the users

1

VINu[INi

to prevent overscaling of the representations. Thereafter, these
representations are summed across K layers to form the overall
local collaborative representations, i.e.,

e e

and items, respectively, is the symmetric normalization

local,c local,c
zy zZ;

+ ... , ; = ei(o) +... +ei(K). (5)

4.2 Tier 2: Semantic View (Local Level)

The basis of the semantic view lies in the effectiveness of leveraging
the knowledge graph to generate useful item embeddings. Most of
the existing works [34, 52] employ e, O e, for item representation
learning, where the element-wise product aims to “memorize” the
relational signals which are propagated from the knowledge graph.
The attention mechanism has also been incorporated to emphasize
the importance of different relations and entities. However, simply
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Figure 2: Illustration of the proposed QTEF-CRL architecture comprising of a quad-tier level structure, with collaborative,

semantic, preference, and structural views.

weighing the relations between the items and entities is insufficient
since, in most cases, relationships between the entities play an
important role. For instance, a user watches a movie (item) because
two actors (entities) v1, vy are being starred. Removing either v;
or vy will reduce the interest from the user. These intra-relations
are often unaccounted for and we propose a dual-relational GNN
to weigh both the inter and intra-relationship. This is achieved
by incorporating a dual-attention mechanism that collaboratively
emphasizes different viewpoints such that

() _ 1
RERRYA

(k) _ 1

e — S a0l
INol (r,v)eNy

()

+ Z ﬁ(v,r,v')eroez(,k_l) R

(r,i)eNy

where el(,k) denotes the kth layer entity representation. The vari-
ables

exp ((ep@er)T - (e; O er))
Z(ir,r)e/\ﬁl(v) exp ((e,©er)T - (e;0ep))’

a(o,r,i) =
exp ((ev Oer) - (ey © er)) @

o,rv) =
: ) Z(v’,r)eﬁ(v) exp ((ep O )T - (e Oer))

denote the inter and intra-relations between the neighboring entity-
item and entity-entity, respectively. Here, }V(U) is the set of entities
within the neighborhood (including itself), e, © e, and e; © e, are
the relational signals stored in the entity.

1952

Inspired by [48, 52], we then construct an item-item cosine
similarity-based graph such that:

(e )Tl | : ®)

With the constructed graph, the k-nearest-neighbour sparsification
on the densely connected graph is performed to eliminate noise
that exists in the semantic graph [52]. In particular, we select the
top-k nearest neighbor such that the sparse item-item matrix is
given by

Sij:

o)

(K”)
Hef

— S“’
sij:{ v

Defining D € RN*N as the degree matrix of S; j» Symmetric nor-
malisation is subsequently performed on the adjacency matrix

Sij € top — k(S;);
otherwise,

)

S = (D)_%g (D)_% to mitigate the gradient vanishing problem
before LightGCN is being employed as the semantic encoder to
obtain the /th layer item representations

I -
el = Z Seg, v, (10)
i eN(i)
Here, el.(,l_l) is defined as the item representation at the previous

layer and S is the normalised item-item adjacency matrix. The local
level semantic item representation is obtained and summed across
all layers, i.e.,

local,s _
; =

4.3 Tier 3: Preference View (Local Level)

The third tier of QTEF-CRL models the deep user interest. The gen-
erated preference view reveals the deep local collaborative signals
that reflect user interest consistent with the granularity of entities.
One of the most crucial aspects, which are often unaccounted for

RUNRE NN}

(11)
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in existing works, is user-collaborative signals that are concealed
deep within the knowledge graph. The proposed preference view
emphasizes the importance of capturing such information that will
deeply influence user decisions and behavior consistent with their
interaction with the items. There are two key components under
the preference view in the preference module: preference graph
construction and user preference-aware representation learning.

The preference graph aims to bridge the gap between the users
and entities, allowing easier capturing of non-local information
through high-order propagation. Assigning item i as the interme-
diary node, a meta-path may be defined directly if there exists a
connection between a user u and an entity v. We can therefore con-
struct a user-entity preference matrix representing the user-entity
graph directly from CKG. In particular, we denote the user-entity
preference matrix as X, where xy = n for n number of connections
that links u to v via i given that i,o € A,u € U, and i € 7. With
this approach, entries in the user-entity matrix indicate the degree
of the user’s interest in the entities, thereby reflecting the intensity
of their deep interests.

In terms of user preference-aware learning and with the user-
entity preference graph being constructed, we employ GNN to
extract the deep collaborative signals. However, since the knowl-
edge graph is constructed externally, significant amount of noise is
present, rendering the process of recursive propagation a challenge.
While singular value decomposition (SVD) may be adopted to re-
construct the user-entity preference graph and eliminate potential
noises deemed by the algorithm, direct application of the SVD for
dimensionality reduction may still require prohibitively high com-
putational resources. Inspired by previous works [2, 24], we adopt
the randomized SVD [10] by performing an initial approximation of
the user-entity adjacency matrix X using a low-rank orthonormal
matrix before applying SVD on this reduced matrix, i.e.,

XSVD = ﬁtftVtT (12)

Here, t denotes for the low-rank approximation, U; € RMX and
V; € RS are, respectively, the left and right singular matrices
containing the eigenvectors of X. The term 3 e Rt comprises
the t highest (truncated) singular values and XSVD denotes the
approximated reconstructed matrix. Employing such a reconstruc-
tion paradigm can effectively extract and preserve the crucial deep
collaborative signals by taking into account each user-entity’s de-
gree of interest. With the user-entity preference graph XsvDp, we
propose to model the long-range connectivity by employing a
preference-guided GNN that performs aggregation P number of
times recursively via

Tl ) fGETE )

where Wy € RMxd ig 5 trainable linear transformation matrix, d

is the dimension size, and e<p )5

representation.

In contrast to conventional graph convolution aggregation par-
adigm [11, 17], the non-linear activation function is omitted after
the linear transformation process since it does not yield any bene-
fits [12, 13]. Furthermore, to optimize the computatlonal process, we
employ the low-rank approximation matrices U5V, to propagate
high-order signal collectively. Doing so does not require storing

is the pth layer user-preference
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the dense matrix Xy p, which is significantly huge due to the
fully-connected nature of SVD. It is also worth highlighting that
reconstruction of the user-entity graph is performed during the
pre-processing stage and that only the low rank matrices U;3; and
V.3, are computed and propagated prior to the model training.
This increases the model’s overall efficiency compared to storing
the dense matrix. The final local user-preference representation is
obtained via

(1)

local.
Zuoca P _ 315,0) +el

+...+e,(,P). (14)

4.4 Tier 4: Structural View (Global Level)

The fourth and final tier of QTEF-CRL comprises a global-level ar-
chitecture that generates a structural view. In this view, the model
aims to encode the semantically rich heterogeneous graph to extract
long-range connectivity relational information. Such a heteroge-
neous graph is constructed by combining the user-item interaction
graph with the knowledge graph, resulting in a unified relational
CKG. Similar to [34, 52], we adopt the path-aware GNN that seeks to
propagate the local neighborhood information while retaining the
relational information. This is achieved via the relational operator
er O ey such that the aggregation rule is given by

m__1 -y _ 1 (1=1).
[ = TNl Z , e = TN (rgéN a(i,r,v)e, © e, > (15)

ieNy

where e( ) l( ) denote, respectively, the Ith layer user and item
representatlons, while Ay, and N; denote the neighborhood of user
u and item i, respectively. With K/(v) defined after (7), the attention
mechanism

exp ((ex0er)T - (e; O er))
Z(v/,,)e,v(v) exp ((ex @ er)T - (e Oer))

a(i,r,v) = (16)
assigns individual weights to each relation and entity. As opposed
to the path-aware GNN [52], we adopted e; © e, to capture the
item-entity affiliation more effectively. Consequently, the overall
global structural user and item representations are obtained by
summing up the representation across each layer, i.e.,

zzl(’bal’s = el(lo) + el(tl) +...+ eISL), (a7)
17
z?l(’bal’s = el.(o) + el.(l) +...+ el.(L).

4.5 Local Level Contrastive Learning

Having learned the set of local user and item representations

{z,lfcal’c, lecal,c) z,llocal’p , zfocal’s} from the tri-local tiers, we con-

trast (i) the user representation across the collaborative and prefer-
ence views and (ii) the item representation across the collaborative
and semantic views to learn discriminative features across the differ-
ent tiers for each user and item. To this end, we adopt a cross view
contrastive learning mechanism [50-52] to jointly supervise the
different views. For the users and items representation learning, the
embeddings are intially passed through a multi-layer perceptron
(MLP) such that

Alocalc = Wyo (W localc

22
Alocal c ( )

Alocalp Wyo (W local,p +by
Alocals _ (

)

)
leocalc + bl) + by,

)

‘/Vlzlocals +b
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local _
Ly = —log _local,p ~local,c s(zlocalp JJocalpy s(Focalp Zocale) (18)
es(zu Zy )/T+Ze i Zp +Ze i “k
k#i k#i
positive pair
intra-view negative pairs inter-view negative pairs
s(fz\local,s fz\local,(.‘)/r
local e 7i i
L; = —log (19)
1 (=local,s =local,c ~local,s =local,s =local,s =local,c
es(zi Z; )/T+Zes(zi Zp )/r+zes(zi 2z )/t
k#i k#i
positive pair
intra-view negative pairs inter-view negative pairs
~global _
~Lglobal* = _log s(29) ,zf,_"cal)/r (20)
u - ~global —global ~global —global ~global ~Jocal
es(zi o )/T+Zes(zi Zy, )/T+Zes(zi i )/t
k#i k#i
positive pair
intra-view negative pairs inter-view negative pairs
slocal zglobal
s(z Z )/t
Llllacal* — —log e”Tu u (21)

positive pair

—local ~global zlocal Zlocal Zlocal zglobal
eS(Zuoca Za, )/T+Z es(zi"c“ el )/T+Z es(zi"m Z )T

k#i

k#i

where Wy € R4*d and by € R?*1 denote the trainable parame-

~local,c

ters, and o is the ReLU activation function. The variables Z,

~local
zuoca P therefore, correspond to the transformed user collab-

fi{ocal,c and fzxgocal,s

and
orative and preference representations, while
correspond to the transformed item collaborative and semantic
representations, respectively.

Prior to the computation of contrastive loss, we establish the
positive and negative samples as follows:

e For any given node in a particular view, the corresponding
node embedding acquired from the alternate view is consid-
ered a positive sample;

e Conversely, in the two-view scenario, the node embeddings
other than the targeted node are treated as negative samples.

By leveraging these predefined positive and negative samples, the
contrastive loss functions for the users and items are formulated
as shown in (18) and (19), respectively. The variable 7 denotes the
temperature hyperparameter that controls the smoothness of the
distribution, s(-) is the cosine similarity function to quantify the
affinity between the embeddings. With the local-level loss for the
users and items being computed, the tri-local loss is then given by

M N
. 1 1
Ltrl—local — E Llllocal + N E ‘Lfocal. (23)
u=1 i=1

4.6 Global-Level Contrastive Learning &
Prediction

The global-level contrastive learning paradigm aims to learn dis-
criminative features from the user and item representation in the
structural view propagated from G with respect to the aggregated
representations learned from the tri-local views. The local-level
aggregated embeddings are first summed up for users and items
such that

Zflocal — ZLocal,c +Ziocal,p’ Zgocal — Zﬁocal,c +Zfocal,s’ (24)
where z2¢@ and zfoc“l denote the overall aggregated users and

items local representations, respectively. Similar to (22), the global

intra-view negative pairs

1954

inter-view negative pairs

and aggregated user and item embeddings serve as inputs to the
MLP to obtain the respective E,’;lObal’s, 'z\ffml , ’zglObal’s, and 'zf““l
representations. As with the local-level contrastive learning module,
the contrastive loss for the users in both global and local levels are
given by (20) and (21), where the variables L?bbal* and Ll{"cal*
are similarly calculated by replacing the users with the items and
the “+” denote for the global loss. Finally, the globally- and locally-
computed losses are added to obtain the resultant global loss

M N
1 1
lobal _ globalx 1 1% globalx 1 I
f9lobal _ M E (-Cu + £uoca )+ N § ('El + Lioca )
u=1 i=1

(25)
After obtaining representations from the different tiers of QTEF-
CRL, the respective user representations within their locality are
summed up to encapsulate the different preferences learned. Em-
beddings are then concatenated globally as

= ZilObal’s||(ZLocal’C +Z£local,p))

Z;‘ _ Z?IObal’SH(Zfocal’c +Z§ocal,5)’ (26)
s T
y(u,i) =z, z;.

For model optimization, we adopt the multi-training paradigm
with contrastive representation learning as the pretext task and the
knowledge-aware recommendation as the downstream task. For
the KGR task, we employ the pairwise BPR loss [25] to reconstruct
the historical data, where observed items will be allocated higher
scores in contrast to unobserved items, i.e.,

Lppr = Z ~Ino(Gui = Yuj)s (27)
(u,i,j)eO

where O = {(u,1, j)|(u,i) € O, (u,j) € O~} comprises the ob-
served O" and unobserved O~ sets of interactions and ¢ is the
sigmoid function. Thereafter, combining the self-supervised and
recommendation tasks, the overall objective function is defined by

Lorer-crr = Lepr+fla L1001 (1- ) £99%al) 1 Al0]3, (28)
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Bool.< LastFM MovieLens
-Crossing -1IM
#users 17,860 1,872 6,036
User-Item X
Interaction #items 14,967 3,846 2,445
#interactions 139,746 42,346 753,772
#entities 77,903 9,366 182,011
Knowledge .
#relations 25 60 12
Graph .
#triplets 151,500 15,518 1,241,996
#a 0.2 0.2 0.2
#p 0.001 0.001 0.001
#K 2 3 2
Hyper-
P 4K 3 2 1
parameter I 1
Settings # 3 3
#L 3 2 1
#P 3 4 2

Table 1: Statistics and optimal QTEF-CRL settings for tri-local
contrastive loss a, global contrastive loss f, collaborative lay-
ers K, semantic aggregation K’, semantic layers L, structural
aggregation L', and preference layer P.

where a and f are the hyperparameters used to control the local
and global level loss, respectively, A controls the Ly regularization
term, and © is the model hyperparameter.

5 EXPERIMENT

We present empirical results to validate the efficacy of QTEF-CRL.
The experiments are designed to answer the following:

e RQ1: How well does QTEF-CRL perform compared to exist-
ing state-of-the-art KGR models?

e RQ2: How does each collaborative, semantic, preference, and
structural view in QTEF-CRL affect the overall performance?

o RQ3: How does the aggregation depth in the individual tiers
and the hyperparameters influence QTEF-CRL?

5.1 Datasets, Baselines, and Parameters

Experiments were conducted on three datasets: the Book-Crossing
dataset, the MovieLens-1M dataset, and the Last-FM dataset. Each
of these datasets possesses unique attributes, providing a diverse
range of experimental environments. The Book-Crossing dataset!
includes explicit and implicit user ratings of books. Explicit ratings
range from 1 to 10, while implicit user interactions are marked
with 0. For our experiments, we segregate this data into training
and testing sets with an 80/20 split. The MovieLens-1M benchmark
dataset? contains 1 million ratings (ranging from 1 to 5) from 6,000
users on over 2,000 movies. This dataset is segmented into three
categories—ratings, users, and movies. For consistency, we adopt
the same division as the Book-Crossing dataset by splitting the
data into an 80/20 training/testing set. The Last-FM music listening
dataset? is collected from Last.FM online music systems. The dataset
contains about 15,000 ratings from 2,000 users to 4,000 items.

We evaluate our method in click-through rate (CTR) prediction
by applying the trained model to predict each interaction in the test
http://www2.informatik.uni-freiburg.de/~cziegler/BX/

Zhttps://grouplens.org/datasets/movielens/1m/
3https://grouplens.org/datasets/hetrec-2011/
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set. AUC and F1 score are applied to evaluate the performance of
the baselines and the proposed model. To validate the effectiveness
of our proposed model, we compared it with the following baselines

o BPRMF [25], a CF-based method that uses pairwise matrix
factorization for implicit feedback.

CKE [47] collaboratively learns the embeddings of users,
items, and entities to generate recommendations.
RippleNet [29] propagates users’ direct preferences
throughout the knowledge graph to infer their potential
preferences, generating personalized item rankings.

PER [45] is designed for entity-level recommendations by
generating granular and personalized recommendations.
KGCN [31] extends the GNN model by leveraging the struc-
ture and attribute information in knowledge graphs. KGCN
captures complex connections between entities in the graph
via convolutional operations.

KGNN-LS [30] is a GNN-based model, integrating label
semantics into the recommendation process.

KGAT [33] is based on a knowledge graph with an attention
mechanism to aggregate high-order neighborhood entity
information.

KGIN [34] combines knowledge graph with user-item inter-
action information to enhance recommendation accuracy.
KGIC [53] utilizes a contrastive learning framework to im-
prove the performance of knowledge graph-based recom-
mender systems.

MCCILK [52] employs a contrastive objective function that
considers both intra- and inter-view consistency across user-
item interactions and KG-based relationships.

To ensure fairness and consistency, we set the embedding size
d = 64 and used the same seed as per baseline open-sourced imple-
mentation. We initialize the trainable parameters in our model using
the Xavier technique [8] and adopted the Adam optimizer [16]. The
batch size is consistently set to 2048. We performed grid search
to obtain the best fine-tuned settings. Specifically, we varied the
learning rate within the range of 3 x 107 to 3 x 1073 and tabulated
the hyperparameters in Table 1.

5.2 Performance Comparison (RQ1)

We compare the effectiveness of QTEF-CRL with other baselines in
Table 2. These results highlighted the following:

o The proposed QTEF-CRL model consistently outperforms all
baseline models. In particular, QTEF-CRL achieves an AUC
improvement over KGIC by 4.38% for the Book-Crossing
dataset, MCCLK by 1.96% and 0.50% for Last-FM and
MovieLens-1M datasets, respectively. This improvement is
attributed to the modeling of user preferences consistent
with the granularity of entities—the proposed preference
view allows QTEF-CRL to capture deep user interest from
the non-local knowledge graph information. On the contrary,
existing approaches do not explicitly model user preferences
deeply, while KGIN only models user preferences at the rela-
tional level. The tri-local and single-global model of QTEF-
CRL also facilitates the distillation of distinct preferences at
various granularities associated with user interest.


http://www2.informatik.uni-freiburg.de/~cziegler/BX/
https://grouplens.org/datasets/movielens/1m/
https://grouplens.org/datasets/hetrec-2011/
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Table 2: Overall performance comparison on three datasets in terms of click-through rate prediction

Book-Crossing Last-FM Movielens-1M
AUC F1 AUC F1 AUC F1

BPRMF | 0.6583 (-16.04%) 0.6117 (-12.57%) | 0.7563 (-13.96%) 0.7010 (-11.47%) | 0.8920 (-4.81%)  0.7921 (-7.59%)
CKE 0.6759 (-14.28%)  0.6235 (-11.39%) | 0.7471 (-14.88%) 0.6740 (-14.17%) | 0.9065 (-3.36%)  0.8024 (-6.56%)
RippleNet | 0.7211(-9.76%)  0.6472(-9.02%) | 0.7762(-11.97%)  0.7025(-11.32%) | 0.9190(-2.11%)  0.8422(-2.58%)
PER 0.6048 (-13.46%)  0.5726 (-16.48%) | 0.6414 (-25.45%) 0.6033(-21.24%) | 0.7124 (-22.77%)  0.6670 (-20.10%)
KGCN 0.6841 (-13.46%)  0.6313 (-10.61%) | 0.8027 (-9.32%)  0.7086 (-10.71%) | 0.9090 (-3.11%) 0.8366(-3.14%)
KGNN-LS | 0.6762 (-(14.25%) 0.6314 (-10.60%) | 0.8052 (-9.07%)  0.7224 (-9.33%) | 0.9140 (-2.61%)  0.8410(-2.70%)
KGAT 07314 (-8.73%)  0.6544 (-8.3%) | 0.8293 (-6.66%)  0.7424 (-7.33%) | 0.9140 (-2.61%)  0.8440(-2.40%)
KGIN 07273 (-9.14%)  0.6614 (-7.60%) | 0.8486 (-4.73%)  0.7602 (-5.55%) | 0.9190 (-2.11%)  0.8441(-2.39%)
KGIC 0.7749(-4.38%)  0.6812(-5.62%) | 0.8592(-3.67%)  0.7753 (-4.04%) | 0.9252(-1.49%)  0.8559(-1.21%)
MCCLK 07625 (-5.62%)  0.6777 (-5.97%) | 0.8763(-1.96%)  0.8008 (-1.49%) | 0.9351(-0.50%)  0.8631(-0.49%)

QTEF-CRL 0.8187" 0.7374" 0.8959" 0.8157" 0.9401" 0.8680"

Table 3: Variation of QTEF-CRL performance with semantic

o Models that leverage on knowledge graph achieve higher per-
formance. Both KGCN and KGNN-LS achieve higher perfor-
mance than BPRMF due to the effectiveness of knowledge

depth L

graph in capturing item-entity affiliations. In addition, KGIN, Book-Crossing Last-FM Movielens-1M
that leverages relational information to infer user intention, AUC F1 AUC F1 AUC F1
outperforms most baselines. Similarly, MCCLK, which ex- L=1 | 0.7897 0.7075 | 0.8806 0.7936 | 0.9382  0.8664
plores non-local information from the perspective of enrich- L=2 | 0.8042 0.7056 | 0.8860  0.8058 | 0.9383 0.8666
ing item representation, outperforms other baselines. L=3 | 0.8051 0.7095 | 0.8926 0.8117 | 0.9353  0.8665
o Models that adopt self-supervised learning as the pretext task L=4 | 07995 0.6954 | 08917 0.8025 | 0.9329 0.8654

achieve higher performance. We observe that MCCLK and
KGIC outperform other baselines which are trained in a
supervised manner. This stems from the inherent sparsity
issue that exists within the dataset and that incorporating

Table 4: Variation of QTEF-CRL performance with structural

aggregation layer L’

self-supervised learning tasks can alleviate such an issue. Book-Crossing Last-FM Movielens-1M
AUC F1 AUC F1 AUC F1
5.3 Ablation Tests (RQ2) L’=1] 07882 0.6968 | 0.8851 0.8079 | 0.9392 0.8683
. . . . L’=2 | 0.8043 0.7184 | 0.8916 0.8101 | 0.9383 0.8659
We.perforrn ablation studies by seg@entmg QTEF—CRI.J into five =3 | 08121 07266 | 08830 0.7952 | 09369  0.8636
variants: QTEF-CRL, QTEF-CRL without preference tier, QTEF- I'=4 | 07689 06588 | 08870 07999 | 0.9356 0.8611

CRL without semantic tier, QTEF-CRL without local tier (removing
preference and semantic local level) and, QTEF-CRL without global

Table 5: Varation of QTEF-CRL performance with preference

tier. Results plotted in Fig. 3 highlighted that: depth P

e Removing any tiers in QTEF-CRL reduces its performance
across all datasets. Each tier in QTEF-CRL serves to provide Book-Crossing LastFM Moviclens-1M
unique properties that reflect user preferences and enhance AUC Fi AUC F1 AUC F1
an item’s semantic information through the connection of il 07717 o655 | 0882 08010 | 09357 05613
the knowledge graph. P=2 | 08021 07192 | 0.8861 0.8062 | 0.9385 0.8668

o Preference View plays a key role in extracting deep user prefer- P=3 | 0.8103 0.7308 | 0.8907 07964 | 0.9382  0.8654
ences. From the three datasets being bench-marked against, P=4 | 08098 07296 | 0.8917 0.8024 | 0.9384  0.8665

we observe a significant decrease in performance when the
preference tier is removed from QTEF-CRL. The removal
of the preference tier will lead to its inability to capture
profound user preference resulting in reduced performance.

Table 6: Variation of QTEF-CRL performance with «

) e ] Book-Crossing Last-FM Movielens-1M
e Removing preference and semantic views results in worse per- AUC F1 AUC F1 AUC F1
formance than removing the global le.vel tier. We note fro.m 01 [ 08011 0716z | 08939 038064 | 09392 08671
Table 1 that Book-Crossing and Movielens-1M possess sig- 02 | 08121 07266 | 0.8947 08142 | 0.9398 0.8680
nificant number of relations and entities. Since preference 04 | 08090 07253 | 08878 0.8064 | 0.9392 08679
and semantic tiers aim to capture deep user preference and 0.6 | 0808  0.7230 | 0.8924 0.8094 | 0.9393 0.8673
item-entity affiliations, respectively, removing these tiers in 0.8 | 0.8006 0.7112 | 0.8921  0.7980 | 0.9392  0.8675
QTEF-CRLy/o pref and semantic Tesults in worse performance 1 | 0.8005 0.7106 | 0.8814  0.7969 | 0.9390  0.8641

compared to other variants.
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QTEF-CRL QTEF-CRLyithoutpref QTEF-CRLyithout semantic QTEF-CRLyithout prefand semantic QTEF-CRLyithout structurat
1.00 Book-Crossing 1.00 Last-FM 100 Movielens-1M
0.95 0.95 0.95
0.90 0.90 0.90
0.85 0.85 0.85
0.80 0.80 0.80
0.75 0.75 0.75
0.70 0.70 0.70
0.65 0.65 0.65
0.60 0.60 0.60

AUC F1 AUC

F1 AUC F1

Figure 3: Ablation studies on the proposed QTEF-CRL model with different variants.

Table 7: Variation of QTEF-CRL performance with j

Book-Crossing Last-FM Movielens-1M
AUC F1 AUC F1 AUC F1
0.1 0.8101  0.7212 | 0.8954  0.8034 | 0.9381  0.8661
0.01 0.8117  0.7261 0.8906  0.7983 | 0.9396  0.8678
0.001 0.8187 0.7374 | 0.8959 0.8157 | 0.9401 0.8680
0.0001 0.8186  0.7373 | 0.8924  0.8070 | 0.9395 0.8679
0.00001 | 0.8068  0.7223 | 0.8933  0.8002 | 0.9393  0.8673

5.4 Selection of Hyperparameters (RQ3)

We first evaluate the impact of the number of semantic layers on
QTEF-CRL by varying 1 < L < 4 as shown in Table 3. We observed
that, for all datasets, the performance reduces beyond L = 3 due
to unwanted noise being introduced during recursive propagation.
For the Book-crossing and Last-FM datasets that have more rela-
tions, applying two to three layers exhibits good performance. For
Movielens-1M that has significant number of entities triplets within
the knowledge graph, applying two layers can sufficiently capture
the item-entity affiliation.

We next assess the influence of the structural layer on our model
for1 < L’ < 4. With reference to Table 4, we note that, similar to the
number of semantic layers, the performance of QTEF-CRL reduces
with large L’ due to the noise introduced by G in CKG. Similar
trend is observed where Movielens-1M achieves good performance
with a single layer, whereas for Book-Crossing and Last-FM datasets,
two or three layers are sufficient to capture significant associations
to enhance the user and item representation learning.

We next vary the number of preference layers 1 < P < 4 as
shown in Table 5. We observe that, as opposed to the higher amount
of noise with increasing number of layers, stacking GNN layers
generally lead to over-smoothing and performance degradation.
However, a further increase with P = 4 results in a higher AUC and
F1 score. This is due to ability of randomized-SVD in reconstructing
the user-entity graph—noise is reduced and that each user is now
connected with entities of significant importance resulting in high-
order propagation being effective across all datasets.

The hyperparameter « defined in (28) governs the influence of
the tri-local contrastive loss within the overall loss. We examine the
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effect of @ on the performance of QTEF-CRL by varying 0.1 < @ < 1
as shown in Table 6. We observe that QTEF-CRL achieves the best
performance for a = 0.2 beyond which its performance starts to
reduce. This reduction in performance is due to the removal of the
global loss defined in (28). Since @ = 1 will result in L9lobal being
removed from the optimization, this highlights the importance of
structural information in the global view.

The significance of global contrastive loss is weighted by f and
variation in QTEF-CRL performance for 1 x 1071 < f < 1x 107> is
tabulated in Table 7. We note that QTEF-CRL achieves its optimal
performance when 8 = 1x10~3 and suffers from worst performance
when = 1 X 107>, These results imply that a low value of f
reduces the impact of the global loss—f must be tuned with the
recommendation loss defined in the objective function to achieve
good performance.

6 CONCLUSION

We propose the QTEF-CRL for knowledge-aware recommendation
that is trained via a pretext task for representation learning and a
downstream task for recommendation. The tri-local, single-global
architecture aims to fully utilize the knowledge graph holistically
to construct augmented views with distinct properties. Through the
proposed encoders, the model is able to distill intricate information
about user preferences in both relational and deep interests level,
allowing QTEF-CRL to outperform the state-of-the-art baselines.
We also propose a new view that is designed to extract the user’s
deep interests at the level of non-local information concealed deep
within the knowledge graph that is commonly unaccounted for by
existing works. It is also worthwhile highlighting that QTEF-CRL
involves a high number of hyperparameters, and that balancing
them can be particularly complex. Thus, the challenge of simpli-
fying such a sophisticated design while preserving its essential
properties remains an open research question.
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