
RESEARCH PAPERS

Data Science and Engineering (2026) 11:100–115
https://doi.org/10.1007/s41019-025-00319-5

1  Introduction

With the rapid development of the internet and the wide-
spread adoption of modern technologies, modern society has 
entered the era of big data, where the amount of information 
we need to process in daily life is growing exponentially. 
Since human’s capacity to process data is far lower than the 
speed of information dissemination, we are now facing a 
serious problem of information overload. Recommendation 
system [1], which can filter massive amounts of products 
and services to identify content users may be interested in, 
has become an indispensable tool for information filtering 
and a popular area of research. Traditional recommenda-
tion methods [2–4] extract user and item features based 
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Abstract
Knowledge graph-based recommendation systems have strong capabilities in deep association mining and structured rea-
soning, which effectively alleviate data sparsity and cold-start problems in recommendation. However, traditional knowl-
edge graph-based recommendation considers each graph relation in isolation, failing to capture the potential semantic 
correlations between different relation types, which leads to incomplete semantic representations. In addition, existing 
methods generally ignore negative feedback signals in users’ historical interactions, resulting in biased preference model-
ing. To overcome the above challenges, we introduce Sign-aware Recommendation based on Virtual Semantic Knowledge 
Graph(SRVSKG), which enhances recommendation performance by combining virtual semantic collaborative representa-
tions with sign-aware learning techniques. Firstly, we propose a virtual semantic subgraph collaborative representation 
module to learn user and item embeddings. In this module, we build virtual semantic subgraphs through relation clustering 
based on latent semantic similarity measurement. Then a hierarchical feature extraction mechanism based on graph atten-
tion network is applied to virtual semantic subgraphs, which captures semantic associations across relations and enriches 
item embedding. At the same time, we emphasize user preference for attributes to enrich user embedding. Secondly, we 
design a sign-aware learning module, which constructs a user-item signed graph, applies Laplacian matrix factorization 
to simultaneously model the topological features of positive and negative feedback, and introduces the transformer archi-
tecture to dynamically fuse signed information, effectively utilizing negative feedback information to eliminate bias in 
user preference modeling. Finally, we establish a multi-feature fusion mechanism that deeply combines features from the 
virtual semantic subgraph collaborative representation module and the sign-aware learning module to enable recommenda-
tion. Experiment results on three public datasets demonstrate that SRVSKG outperforms state-of-the-art recommendation 
baselines.
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Transformer
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on historical interactions and recommend items following 
the idea of collaborative filtering. However, these methods 
struggle to handle the sparsity of user-item interactions and 
the cold-start problem.

Since knowledge graphs (KG) contain rich entities and 
semantic relations, some researchers have explored incor-
porating KG as auxiliary information into recommenda-
tion systems [5–10] to enhance user and item embeddings, 
effectively alleviating data sparsity and the cold-start prob-
lem. Early researches on knowledge graph-based recom-
mendation systems use knowledge representation learning 
methods (e.g., the Trans series algorithms [11–14]) to learn 
KG embedding, and then learn item embedding based on 
them. Although these methods effectively model KG, they 
focus only on first-order relations in the graph and ignore 
high-order semantic information. Some researchers have 
proposed path-based knowledge graph recommendation 
methods [15–17], which view the KG as a heterogeneous 
information network with rich entities and relations, enrich-
ing the embeddings of users and items by capturing long-
range paths between entities. Although path-based methods 
can better capture user preference by leveraging high-order 
semantic information, they often require substantial mem-
ory and computational time when applied to large-scale 
knowledge graphs. With the development of graph neural 

networks (GNN), researchers have leveraged GNN [18–23] 
to aggregate information from neighbor nodes in knowledge 
graphs and enhance item embedding using these neigh-
bors. Stacking multiple GNN layers can capture high-order 
neighbor messages, which improves recommendation per-
formance and maintains scalability for large-scale datasets. 
Latest research on SR-HetGNN [24] also validates the effi-
cacy of GNN in message modeling. However, the knowl-
edge graph recommendation methods based on GNN still 
have the following problems:

(1) Existing methods typically use neighbor aggregation 
directly on the KG and treat each relation type in isolation. 
However, analysis on real-world datasets reveals that dif-
ferent relations may convey identical or similar semantic 
information. Isolated modeling of each relation while ignor-
ing their semantic associations can lead to biased semantic 
representations. For example, in movie recommendation, as 
shown in Fig.  1(a), for the movie Dune that the user has 
already interacted, recommendation methods that handle 
each relation in isolation are easy to recommend the movie 
Little Women based on the same relation (same actor), while 
Incendies will not be recommended because there is no 
similar association. However, in real-world scenarios, the 
director and screenwriter have similar semantics, so the user 
may show interest in Incendies. As illustrated in Fig. 1(b), 

Fig. 1  In movie recommendation scenarios, (a) regular KG recommendation and (b) recommendation considering similarity relations and negative 
feedback
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when the latent semantic similarity between director and 
screenwriter is considered, Incendies can also be correctly 
recommended. Therefore, for KG with a large number 
of entities and relations, handling each relation indepen-
dently while ignoring the potential semantic similarities 
between them is flawed.

(2) Existing knowledge graph-based recommendation 
methods primarily focus on the positive feedback in inter-
actions and their connections to entities in the KG, while 
overlooking the user preference information embedded in 
negative feedback (such as low ratings in movie data). In 
typical KG-based recommendation, as shown in Fig. 1(a), 
if a user has watched the movie Wonka, its prequel Charlie 
and the Chocolate Factory may be recommended based on 
their sequel-prequel relation. However, when negative feed-
back is considered, as illustrated in Fig. 1(b), since the user 
disliked Wonka, its prequel should not be recommended. 
Moreover, Incendies should have a higher recommendation 
score than Little Women, because the user’s low rating of 
Wonka, which is starred by Timothée Chalamet, may also 
indicate a decreased preference for the actor. This demon-
strates that focusing solely on positive interactions while 
ignoring negative feedback can adversely affect the 
accurate modeling of user preference.

To address the above two issues, we propose Sign-
aware Recommendation based on Virtual Semantic Knowl-
edge Graph (SRVSKG), which simultaneously considers 
semantically similar relations and negative feedback in 
interaction records, enabling more accurate modeling of 
user preference. Specifically, the model first learns user 
and item embeddings through a virtual semantic subgraph 
collaborative representation module. For item embedding 
learning, we construct virtual semantic subgraphs through 
relation clustering and perform subgraph hierarchical fea-
ture extraction based on graph attention networks to capture 
cross-relation semantic associations. For user embedding 
learning, we emphasize user preference toward item attri-
butes, further enhancing the accuracy of recommendation 
results. In addition, we also introduce a sign-aware learn-
ing module to leverage negative feedback (items disliked by 
users). By applying Laplacian matrix factorization, it learns 
features from both positive and negative feedback, helping 
to avoid recommending unfavorable content and enabling 
more comprehensive embeddings of user and item. Finally, 
the interaction features obtained from the virtual semantic 
subgraph collaborative representation module and the sign-
aware learning module are deeply fused to enable precise 
modeling of user preference. The main contributions of this 
paper are as follows:

	● We propose a virtual semantic subgraph collabora-
tive representation module, which constructs virtual 

semantic subgraphs and performs hierarchical feature 
extraction using graph attention networks. This effec-
tively captures latent semantic associations and gener-
ates informative item embedding. In addition, a user-
attribute preference graph is constructed to emphasize 
users’ preference for item attributes, thereby enriching 
user embedding learning.

	● We introduce a sign-aware learning module to model 
the topological features of both positive and negative 
feedback through Laplacian matrix factorization. A 
Transformer architecture is employed to dynamically 
fuse signed information, effectively leveraging negative 
feedback from historical interactions and comprehen-
sively learning user preference toward items. Finally, 
the two modules are fused to enhance the overall em-
bedding learning.

	● Extensive experiments on three public datasets prove 
the effectiveness and superiority of the proposed model.

2  Related Work

2.1  GNN-Based Knowledge Graph Recommendation 
System

Knowledge graph recommendation links historical inter-
actions with the KG by aligning items with entities in the 
graph, forming a hybrid graph. They leverage the rich nodes 
and edges in the KG to learn relevant features, and GNNs 
are effective at aggregating high-order neighborhood infor-
mation within the graph structure. Wang et al. proposed the 
KGAT [25] model, which employs graph convolutional 
networks (GCNs) to build a knowledge graph attention net-
work, explicitly modeling high-order connections in the KG 
in an end-to-end manner, and using an attention mechanism 
to distinguish the importance of neighbor nodes. Wang et al. 
introduced the KGIN [19] model, which models user intent 
based on the KG and explicitly captures fine-grained user-
item interactions within the KG, thereby enhancing both the 
interpretability and generalization ability of recommenda-
tions. Chen et al. proposed the CG-KGR [20] model, which 
introduces a co-guided mechanism and applies GCNs to 
extract more accurate personalized information from the 
KG, improving recommendation performance. Liu et al. 
presented the KANN [26] model, combining KG with atten-
tion mechanisms. It applies knowledge-aware attention to 
model movie review content and integrates KG information 
to construct user and item embeddings. Liu et al. proposed 
Mandari [27], which constructs a multi-modal temporal KG 
and employs graph attention networks to integrate heteroge-
neous subgraph embeddings with temporal preference pat-
terns. Wang et al. proposed the MKGCN [6] model, which 

1 3

102



Sign-aware Recommendation Based on Virtual Semantic Knowledge Graph

3  Problem Formulation

In a typical recommendation scenario, we define 
U = {u1, u2, ..., um} as the set of users with m denot-
ing the number of users, and I = {i1, i2, . . . , in} as the 
set of items with n denoting the number of items. The 
historical user-item interactions are represented as a set 
D = {(u, i, yui) | u ∈ U, i ∈ I}, where yui = 1 indi-
cates a positive interaction between user u and item i, 
yui = −1 indicates a negative interaction, and yui = 0 
denotes no interaction between them. Inspired by [30], for 
datasets with rating scales ranging from 1 to 5, we treat 
ratings less than 5 as negative feedback, and the rest as 
positive feedback. We define the positive interaction set 
as O+ = {(u, i) | u ∈ U, i ∈ I, yui = 1} and the negative 
interaction set as O− = {(u, i) | u ∈ U, i ∈ I, yui = −1}. 
We define the positive interaction graph as G+ = (N, O+) 
and negative interaction graph as G− = (N, O−), 
N = U ∪ I  representing all users and items.

Furthermore, we define the knowledge graph as 
G = {(h, r, t) | h, t ∈ E , r ∈ R}, where each triple (h, r, t) 
consists of a head entity h, a relation r, and a tail entity t. 
Let E  and R denote the sets of entities and relations, respec-
tively. Each item i ∈ I  can be aligned to a corresponding 
entity e ∈ E  in the knowledge graph. For instance, in the 
case of movie recommendation, the item Little Women can 
also be found as an entity with the same name in the KG.

To better learn user embedding, we construct a user-attri-
bute preference graph Gu,a = {(u, a) | u ∈ U, a ∈ Au}. 
In this graph, the entity connected to item i in the KG are 
treated as attribute a. The user-attribute preference graph 
includes all first-order entities connected in the knowledge 
graph G between user u and the i they have positively inter-
acted with. The formal definition of attribute a is as follows, 
where Iu represents the set of items with positive interac-
tions with user u:

Au = {a | ∃i ∈ Iu, (i, r, a) ∈ G}� (1)

The recommendation model in this paper can be formally 
defined as Equation 2. Given the input positive interaction 
graph G+, negative interaction graph G−, and knowledge 
graph G, it outputs the predicted recommendation score ŷui 
between the predicted user u and the item i that they have 
not interacted with before.

ŷui = f
({

u, i | G, G+, G−, Au

})
� (2)

introduces a multi-view knowledge graph structure and 
uses GCNs to fuse information from different perspectives. 
Although these methods perform well in knowledge-aware 
recommendation, they still heavily rely on the quality of the 
knowledge graph and sparse interaction data. They fail to 
effectively capture the latent semantic correlations between 
different relation types, making it difficult to distinguish 
semantically similar relations, which limits improvements 
in user preference learning.

2.2  Sign-aware Recommendation System

Unlike traditional recommendation systems that rely solely 
on positive interactions, sign-aware recommendation sys-
tems leverage both positive and negative feedback. They 
learn user preference from positive samples while using 
negative samples to enhance preference modeling from 
another perspective. Huang et al. proposed SBGNN [28], 
which employs GNNs to learn signed bipartite graphs and 
designs a message aggregation function tailored for sign-
aware learning to improve the modeling of both positive and 
negative interactions. PANE-GNN [29] divides the original 
interactions into two subgraphs based on positive and nega-
tive feedback, learning the features of both user interests 
and disinterests separately and then combining them to 
enhance recommendation performance. Huang et al. intro-
duced SiGRec [30], which designs a novel sign-aware loss 
function capable of adaptively learning from various types 
of negative feedback. Li et al. proposed SLGNN [31], which 
constructs a GNN based on a signed Laplacian matrix to 
effectively model graph structures with both positive and 
negative edges, fully utilizing signed relational information. 
Chen et al. proposed the DCDL [32] framework, which 
establishes a dual-view collaboration structure with dif-
fusion learning to explicitly address negative and positive 
feedback loops. This balanced feedback system dynami-
cally adjusts the information flow between views while 
maintaining their complementary strengths. These meth-
ods combine sign-aware learning with recommendation to 
better mine user preference signals from historical interac-
tions. However, most of them have limited integration with 
knowledge graphs, overlooking the rich prior knowledge 
contained within KG.

Our work integrates sign-aware learning with KG for 
recommendation, fully leveraging negative feedback while 
utilizing the rich semantic information in KG. This approach 
not only helps avoid recommending items that user dislikes 
but also enables comprehensive modeling of user prefer-
ences through additional contextual information.
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4.1  Virtual Semantic Subgraph Collaborative 
Representation

The virtual semantic subgraph collaborative representation 
module is designed to learn more comprehensive user and 
item embeddings. First, we perform virtual semantic relation 
dividing (4.1.1) to obtain the structure of the virtual seman-
tic subgraphs. Then, we generate item embedding (4.1.2) 
through graph attention hierarchical feature extraction on 
GCN to mine the potential semantic association. In the user 
embedding generation progress (4.1.3), we construct a user-
attribute preference graph to enhance user embedding by 
emphasizing user preference for attributes, thereby achiev-
ing more comprehensive user feature learning.

4.1.1  Virtual Semantic Relation Dividing

In this section, we aim to acquire virtual relations for KG 
relations and obtain virtual semantic subgraphs. We first 
divide the various relations in the KG into s virtual semantic 
relations based on their semantic similarity. The KG is then 
reorganized according to these new semantic relations to 

4  Methods

This section provides a detailed explanation of the SRVSKG 
model architecture, as illustrated in Fig. 2. The model con-
sists of four main modules: (1) A virtual semantic subgraph 
collaborative representation module that combines seman-
tic subgraph message aggregation and user-attribute prefer-
ence enhancement. This module aims to mine rich semantic 
information from the KG and enhance user preference mod-
eling; (2) A sign-aware learning module that learns features 
from both the positive and negative interaction graphs. This 
module fully leverages negative feedback to more compre-
hensively learn user preference for items; (3) A prediction 
module that fuses features from the above two modules and 
performs Bayesian Personalized Ranking (BPR) on user and 
item embeddings; (4) An optimization module that adopts 
multi-task joint training to enhance overall performance.

Fig. 2  Illustration of the proposed SRVSKG model: the virtual seman-
tic subgraph collaborative representation module learns item embed-
ding through graph attention hierarchical feature extraction on vir-
tual subgraphs G

′
, which is divided from the knowledge graph G, 

and learns user embedding from the user-attribute preference graph 

Gu,a and user-item interaction graph; the sign-aware learning module 
extracts signed features via Laplacian matrix factorization on the user-
item signed graph (G+ and G−) and further learns signed embed-
ding through a Transformer. Finally, the embeddings are fused for 
recommendation
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model parameters θ during training, so that after multiple 
iterations, V will be more adaptable to real semantic infor-
mation and accurately classify similar semantic relations.

4.1.2  Item Embedding Generation

To fully leverage the KG for generating item embedding, 
we design a message aggregation mechanism on virtual 
semantic subgraphs, which updates node features by captur-
ing high-order structural information within the subgraph 
space. We first focus on a single iteration of message aggre-
gation in one layer.

For an entity h in a virtual semantic subgraph G
′

s, we 
learn the structural information of all its neighbor nodes. 
Intuitively, neighbors that are more similar to h carry 
more important information, so we use the similarity score 
between the entity h and a neighbor node t as the weight for 
message propagation.

π(h, t) = e0
h · tanh(e0

t )� (9)

e0
h represents the feature embedding of entity h in the 

first iteration of single-layer message aggregation, typically 
initialized with its ID. The tanh function is the activation 
function. Then, we use the softmax function to normalize 
the coefficients of neighbor nodes in the subgraph con-
nected to h.

π(h, t) = exp(π(h, t))∑
(h,t′ )∈Ns(h) exp(π(h, t′)) � (10)

The neighbor node information e0
Ns(h) during the propaga-

tion is represented as follows:

e0
Ns(h) =

∑
t∈Ns(h)π(h, t)e0

t � (11)

Ns(h) represents the set of neighbor nodes of entity h 
within the subgraph G

′

s. e0
t  represents the embedding of 

neighbor node t in the first iteration, which is typically ini-
tialized as the node’s ID.

Then, we aggregate the obtained neighbor information 
with the node’s feature embedding to obtain the updated 
node embedding e1

h after one iteration:

e1
h = agg(e0

h, e0
Ns(h)) = e0

h + e0
Ns(h)� (12)

To further optimize the node embedding learning and make 
the structural information in the virtual semantic space more 
explicit, we repeat the above weighted propagation opera-
tion for multiple iterations:

eq
h = agg(eq−1

h , eq−1
Ns(h)) = eq−1

h + eq−1
Ns(h)� (13)

generate virtual semantic subgraphs, allowing item embed-
ding to be learned on the same semantic subgraph.

We adopt a cluster-based approach to perform the divi-
sion of virtual semantic relation. Additionally, we design 
an unsupervised learning method to fully capture the latent 
semantics of original relations within the neural network. 
Firstly, initialize the virtual semantic relation matrix V.

V = (v1, v2, . . . , vs), V ∈ Rs×d� (3)

where vs represents the s-th virtual semantic relation and 
is a d-dimensional vector. The parameter s is a predefined 
hyperparameter indicating the number of virtual semantic 
relations, and its optimal value may vary across different 
KGs. We randomly initialize the V using a normal distribu-
tion and assign equal initial weights to each virtual relation. 
During the training process, we automatically optimize and 
adjust them through gradient descent.

For each original relation r, we need to determine which 
virtual semantic relation it should be assigned to. Therefore, 
we compute the cosine similarity g(r, v) between the origi-
nal relation r and each virtual semantic relation v:

g(r, v) = r · v

∥r ∥∥ v∥ � (4)

where r ∈ Rd is also a d-dimensional vector. The similar-
ity scores between the original relation r and each virtual 
semantic relation are represented as a similarity vector 
Sr. The virtual semantic relation with the highest score is 
selected as the mapped relation r

′
 of the original relation r.

Sr = (g(r, v1), g(r, v2), . . . , g(r, vs))� (5)

r
′

= argmaxS=1,2,...,s(g(r, v1), g(r, v2), . . . , g(r, vS))� (6)

Using r
′
 replace r, we obtain a new virtual semantic knowl-

edge graph G
′
:

G
′

=
{

(h, r
′
, t | h, t ∈ E , r

′
∈ V )

}
� (7)

G
′

→ G
′

1, G
′

2, . . . , G
′

s� (8)

In the virtual semantic knowledge graph G
′
, s virtual seman-

tic subgraphs can be obtained based on the dividing of vir-
tual semantic relations. For instance, as illustrated in the 
virtual relation dividing part of Fig. 2, for a given relation r 
(where s = 3), Sr is concretely represented as Sr,1, Sr,2 and 
Sr,3. The original relation r will be replaced by the virtual 
relation v with the highest score, while simultaneously gen-
erating 3 virtual semantic subgraphs G

′

1, G
′

2 and G
′

3. The 
virtual semantic relation matrix V is jointly updated with the 
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that item i is aligned with entity h in the KG, which means 
e

(l)
i = e

(l)
h .

To enhance the learning of user preference over item 
attributes, inspired by Satori[33], an intention-aware model, 
we introduce a user-attribute preference graph. This graph 
includes all first-order entities (attributes) connected to the 
items that user u has positively interacted with.

We use user-attribute preference information to empha-
size the degree of preference for different attributes. For 
example, if user u watched the movie Titanic starred by 
Leonardo and Kate, and also watched the movie The Great 
Gatsby starred by Leonardo and Kerry, it can be considered 
that user u has more preference for the attribute "Leonardo" 
more than the attribute "Kate". In order to explore users’ 
preference in attributes, we also perform message aggrega-
tion operations on the user-attribute preference graph Gu,a 
to obtain attribute level user embedding e(0)

u,a:

e(0)
u,a = fagg

({
(e0

u, e0
a) | a ∈ Au

})
� (18)

The essence of attribute a is an entity, therefore the embed-
ding of attribute a is the same as that of entity h, which 
means e(l)

a = e
(l)
h .

The embeddings obtained from historical interac-
tion records and from the user-attribute preference graph 
reflect different aspects of the user preference. Therefore, 
we aggregate the two to obtain the final user embedding(as 
shown in the part of integrating user-attribute preference in 
the Fig. 2):

e(1)
u = e

(0)
u,i + e(0)

u,a� (19)

The user embedding generated by the l-th layer of the GNN 
is:

e(l)
u = fagg

({
(e(l−1)

u , e
(l−1)
i ) | (u, i) ∈ O+

})

+ fagg

({
(e(l−1)

u , e(l−1)
a ) | a ∈ Au

}) � (20)

It can be observed that in the process of generating item and 
user embeddings, the item i, entity h, and attribute a share 
the same feature embedding. This indicates that information 
can be propagated in parallel across the three graphs during 
training. We simultaneously train e(l)

i  and e(l)
u , and by stack-

ing multiple GNN layers, high-order structural information 
from the KG can be propagated into the user embedding, 
thereby improving recommendation performance.

where q denotes the current iteration number. Representing 
the above operation as a function fagg(·), the semantic sub-
graph message aggregation can be expressed by the follow-
ing formula:

eh,s = fagg ({(eh, et) | t ∈ Ns(h)})� (14)

We perform multiple iterations of message aggregation 
within the s semantic subgraphs to obtain first-order neigh-
bor feature embedding across multiple semantic levels, 
denoted as e

(0)
h,s. These s feature embeddings encode the 

item from s different perspectives. To fuse the information 
from multiple semantic levels, we apply an attention mecha-
nism to generate the final first-order item embedding e(1)

i .

e
(1)
i = e

(1)
h = w1e

(0)
h,1 + w2e

(0)
h,2 + · · · + wse

(0)
h,s� (15)

where ws denotes the attention weight for the neighbor 
information in the virtual semantic subgraph G

′

s, repre-
senting the importance of that semantic information. ws is 
a learnable parameter that is continuously updated during 
training.

GNN can mine high-order information in the propagation 
between layers. In order to utilize the multi hop neighbor 
information in KG, we stack multiple layers of GNN, and 
the item embedding generated by the l-th layer of GNN are 
represented as:

e
(l)
i = e

(l)
h =

∑
wsfagg

({
(e(l−1)

h , e
(l−1)
t | t ∈ Ns(h))

})
� (16)

For example, as shown in Fig. 2, we iteratively learn three 
l-th layer neighbor information e(l)

h,1, e(l)
h,2 and e(l)

h,3 from the 
three virtual semantic subgraphs, then fuse them as the item 
embedding e(l)

i  via our attention mechanism.

4.1.3  User Embedding Generation Enhanced by User-
attribute Preference

In the process of virtual semantic subgraph collaborative 
representation, we use positive interaction information 
O+ = {(u, i) | u ∈ U, i ∈ I, yui = 1} to learn user embed-
ding. For user u, collaborative information is used to learn 
the impact of the items that u has previously interacted with, 
and message aggregation is also performed to obtain the 
collaborative user embedding e(0)

u,i:

e
(0)
u,i = fagg

({
(e0

u, e0
i ) | (u, i) ∈ O+})

� (17)

where e0
u is initialized as the user ID embedding, and e0

i  
is initialized as the item ID embedding. It is worth noting 
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and it represents the global structure of the graph. There-
fore, we use H̃  to encode the sign-aware feature S(l) of the 
graph:

S(l) = γH̃T H̃ � (23)

γ is a learnable positive parameter that is continuously 
updated during the training process.

4.2.2  Transformer with Sign-aware Features

After obtaining the sign-aware features, multiple itera-
tive learning steps are required to derive the user and item 
embeddings. The Transformer architecture [37, 38], com-
posed of self-attention modules and feed-forward neural 
networks, demonstrates strong modeling capabilities in 
capturing complex user–item interactions. By taking user 
and item features as input, the Transformer can compute 
the similarity between users and items while aggregating 
information from other entities. Therefore, we adopt a mul-
tilayer Transformer architecture to dynamically fuse the 
sign-aware features.

In this section, we design a multilayer Transformer with 
sign-aware features to perform sign-aware learning. In the 
l-th Transformer layer, the input and update of the module 
are defined as follows:

Query(l) = Key(l) = V alue(l) = e(l−1)
s , e(l−1)

s ∈ R(m+n)×d� (24)

e(l)
s = softmax

(
Query(l)(Key(l))T

√
d

+ S(l)
)

V alue(l)� (25)

where Query(l),  Key(l) and V alue(l) correspond to the 
query, key, and value in the Transformer, respectively. 
e

(l−1)
s  denotes the user–item embedding obtained at the l-th 

Transformer layer, and e(0)
s  represents the initial user–item 

embedding, which are formed by concatenating the initial 
user and item embedding. d is the dimensionality of the 
feature embedding. Compared with traditional Transform-
ers, we omit the projection matrices for Query(l), Key(l) 
and V alue(l), which significantly reduces the training 
complexity.

e(l)
s = e(l)

u,s ∥ e
(l)
i,s.� (26)

4.3  Multi-feature Fusion Recommendation

The virtual semantic subgraph collaborative representation 
module generates user embedding e

(l)
u  and item embed-

ding e(l)
i , while the sign-aware learning module produces 

4.2  Sign-aware Learning

This section introduces the sign-aware learning module, 
which fully encodes signed feature through Laplacian 
matrix decomposition (4.2.1), and dynamically fuses posi-
tive and negative interaction features using a Transformer 
architecture (4.2.2), resulting in more comprehensive user 
and item embeddings.

4.2.1  Signed Feature Encoding

Spectral feature [34, 35] is an important concept in graph 
theory, typically referring to the Laplacian matrix of a graph 
or its eigenvalues and related properties, which can capture 
the global structural information of the graph. When applied 
in common GNN or Transformers [36], they can enhance 
the modeling capability for graph data. Inspired by related 
studies, we unify the spectral features of the positive graph 
G+ and the negative graphs G− as sign-aware features to 
enhance the learning of positive and negative feedback 
information. Specifically, we first combine the Laplacian 
matrices of G+ and G− into a sign-aware Laplacian matrix 
L:

L = L+ − αL−

1 − α
� (21)

where L+ and L− denote the Laplacian matrices of the pos-
itive and negative interaction graphs. α is a hyperparameter 
that controls the influence of the negative interaction graph. 
This hyperparameter is crucial for encoding sign-aware fea-
tures. When α > 0, the model tends to recommend items 
that are farther away from the negative feedback data; when 
α < 0, the model may partially include negatively inter-
acted items in the recommendation. We set the range of α to 
(−1, 1) to learn negative feedback information more objec-
tively, and an appropriate alpha value can greatly improve 
recommendation accuracy.

According to graph theory, the eigenvalues and eigen-
vectors of L can be represented as:

L = HT ΛH � (22)

where H denotes the eigenvector of the Laplacian matrix, 
and Λ denotes its corresponding eigenvalue. When the 
eigenvalue is large, the corresponding eigenvector captures 
high-frequency and local information in the graph. Con-
versely, when the eigenvalue is small, the corresponding 
eigenvector focuses on global structure. The eigenvector 
associated with the smallest eigenvalue Λ̃ is denoted as H̃  
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5  Experiments

Extensive experiments were conducted in this section 
to validate the effectiveness of the proposed model. The 
experimental results aim to answer the following research 
questions:

(1) How does the proposed SRVSKG perform on rec-
ommendation tasks compared to state-of-the-art baseline 
models? (2) How do the different modules of SRVSKG 
contribute to the overall model performance? (3) How do 
different hyperparameter settings affect the performance 
of the model? (4) From an intuitive perspective, how 
does SRVSKG explore user preference and uncover latent 
semantics?

5.1  Experimental Settings

5.1.1  Datasets

We conduct experiments on three real-world datasets: Mov-
ieLens-1M1, Amazon-Book2 and Yelp3. These datasets, col-
lected from the domains of movies, books and restaurants 
respectively, contain both positive and negative feedback, 
and vary in scale. The statistics of the datasets are shown 
in Table 1.

MovieLens-1M is a movie recommendation dataset that 
contains approximately one million explicit ratings from 
6,040 users. Each user rates movies with an integer score 
ranging from 1 to 5.

The Amazon-book dataset is derived from the widely-
used product recommendation dataset Amazon-Review, 
focusing specifically on book ratings. Following previous 
studies [25], we apply a 10-core filtering on the Amazon-
book dataset, retaining users and items with at least ten 
interaction records to ensure data quality.

The Yelp dataset is officially released by the review web-
site Yelp, which includes users’ real ratings of restaurants 
and other businesses, with a rating range of integers from 1 
to 5. Following the previous research [25] and actual data 
situation, we perform 20-core processing on the Yelp data-
set, retaining users and projects with at least twenty interac-
tion records to ensure the quality of the data.

1  ​h​t​t​p​​s​:​/​​/​g​r​o​​u​p​​l​e​n​​s​.​o​r​​g​/​d​​a​t​a​​s​e​t​s​/​m​o​v​i​e​l​e​n​s​/​1​m​/.
2  ​h​t​t​p​​:​/​/​​j​m​c​a​​u​l​​e​y​.​​u​c​s​d​​.​e​d​​u​/​d​​a​t​a​/​a​m​a​z​o​n.
3  ​h​t​t​p​s​:​​​/​​/​b​u​s​i​n​​e​s​​s​​.​y​e​​l​​p​.​​c​​o​​m​/​d​​a​​t​a​​/​r​e​s​​o​u​​r​​c​e​s​/​o​​p​e​n​-​d​a​t​a​s​e​t​/.

sign-aware user embedding e
(l)
u,s and sign-aware item 

embedding e(l)
i,s.

We design a multi-feature fusion mechanism that sums 
up the two embeddings and calculates the predicted recom-
mendation scores ŷui for user u and item i using the widely 
used inner product method:

ŷui = (e(l)
u + e(l)

u,s)T (e(l)
i + e

(l)
i,s).� (27)

4.4  Optimization

To enable the joint optimization of the virtual seman-
tic subgraph collaborative representation module and the 
sign-aware learning module, we define two sets of training 
samples:

D+ =
{

(u, i, j) | (u, i) ∈ G+, yuj = 0
}

� (28)

D− =
{

(u, i, j) | (u, i) ∈ G−, yuj = 0
}

� (29)

We adopt BPR loss to optimize our model, with the goal of 
making the predicted scores of items that users have inter-
acted with higher than those that they have not interacted 
with. The losses generated by the virtual semantic subgraph 
collaborative representation module and sign-aware learn-
ing module are as follows:

LV SKG = −
∑

(u,i,j)∈D+ ln σ(ŷui − ŷuj)� (30)

LSign = −
∑

(u,i,j)∈D+ ln σ(ŷui − ŷuj)
+

∑
(u,i,j)∈D− ln σ(ŷui − ŷuj)� (31)

The objective function for joint training of two modules is 
as follows:

L = LV SKG + LSign + λ ∥θ∥2
2� (32)

where θ is the set of model parameters, and λ is the hyperpa-
rameter controlling the regularization term. During training, 

we alternately optimize LV SKG and LSign, and adopt the 
Adam optimizer to minimize the overall loss.

Table 1  Statistics of datasets
Dataset User-Item Interaction Knowledge Graph

User Item Interaction Pos:Neg Entity Relation Triplet
MovieLens-1M 6,040 3,952 1,000,209 1:3.42 6,729 7 20,195
Amazon-book 70,679 24,915 846,434 1:1.04 88,572 39 2,557,746
Yelp 44,911 62,987 2,079,250 1:1.62 65,825 43 1,847,489
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a nonlinear fashion, enhancing its expressive power and 
enabling it to capture more complex feature relations.

KGAT [25]: A representative GNN-based recommenda-
tion model that integrates knowledge graphs with user–item 
interaction data. It explicitly models high-order connections 
in the KG in an end-to-end manner and employs an atten-
tion mechanism to distinguish the importance of neighbors, 
improving recommendation performance.

KGIN [19]: A GNN-based model that introduces user-
level entity graphs and models user–item relations from the 
perspective of fine-grained intent and long-range semantics 
through GNN.

CG-KGR [20]: A knowledge graph-enhanced recommen-
dation model that constructs a coupled graph of user–item 
interactions and the KG, and applies GNN for information 
fusion.

VRKG [18]: A GNN-based recommendation model that 
learns user and item embeddings over the KG and designs a 
Local Weighted Smoothing (LWS) mechanism to improve 
recommendation accuracy.

KGTN [41]: A recent GNN-based KG recommendation 
model that uses Graph Transformer for global intent model-
ing and performs contrastive learning under different intent-
aware views.

SLGNN [31]: A sign-aware GNN recommendation 
model that introduces a Laplacian-based GNN framework 
to capture the structural information of signed graphs.

SIGformer [36]: A state-of-the-art sign-aware recom-
mendation model that utilizes a Transformer architecture 
to perform sign-aware graph learning and recommendation.

5.1.4  Parameter Setting

For our model, we set the embedding dimension to 64 and 
define positive feedback as ratings of 5. The Adam optimizer 
is used to optimize the model parameters, with a batch size 
of 1024. We set the number of message aggregation itera-
tions q to 3, the number of GNN layers to 2, and the number 
of sign-aware Transformer layers to 3. The hyperparameter 
α, which controls the influence of the negative interaction 
graph, is set to −0.2. we set the regularization hyperparam-
eter λ = 10−5, and the learning rate lr = 10−4.

For baseline models, we follow SiReN [42] in treating 
positive feedback as positive interactions for sign-agnos-
tic models. The implementations of FM and NFM follow 
the settings in KGAT [25], and other hyperparameters are 
consistent with the default configurations in their original 
papers.

All models are trained for 1000 epochs, with evaluation 
performed every 10 epochs, and an early stopping strategy 
is applied to avoid overfitting.

To convert explicit feedback into implicit feedback, we 
follow the recent work [30], treating high ratings (score = 
5) as positive feedback, and all other interactions as nega-
tive feedback. For MovieLens-1M, we use Microsoft Satori 
[17] to align item IDs with head entities in the knowledge 
graph triplets. For Amazon-book, we map items to Freebase 
[14] entities using title matching to construct the knowledge 
graph for each dataset. For Yelp, we extract knowledge from 
the official local business information network (including 
restaurants’ types, cities, stars, etc.) as KG data.

For each dataset, we randomly select 80% of the interac-
tions as the training set and use the remaining 20% as the 
test set.

5.1.2  Evaluation Metrics

During the evaluation, we adopt a combination of Top-K 
recommendation and Click-Through Rate (CTR) predic-
tion. For each user in the test set, we treat items that have 
not been interacted with during training process as candi-
date test items and use the trained model to predict scores 
for all these items. For example, for a user um, its candi-

date test item set is I
′ = {i | i ∈ I, yumi = 0}. In the Top-K 

recommendation setting, we generate a list of K recom-
mended items for each user and use widely adopted evalu-
ation metrics including Recall and NDCG. Recall reflects 
the retrieval ability of the recommendation system, while 
NDCG is an important metric for evaluating the ranking 
quality of the recommended results. We set the recommen-
dation list length to 20. In the CTR prediction setting, we 
use the widely adopted metric AUC (Area Under the ROC 
Curve) to measure the model’s ability to distinguish between 
positive and negative samples. Higher values of Recall and 
NDCG, as well as an AUC closer to 1, indicate better model 
performance.

5.1.3  Baselines

To demonstrate the effectiveness of the proposed SRVSKG, 
we compare it with three categories of recommenda-
tion models, including factorization-based models (FM, 
NFM), GNN and knowledge graph-based models (KGAT, 
KGIN, CG-KGR, VRKG, KGTN), and sign-aware models 
(SLGNN, SIGformer):

FM [39]: A classic feature interaction model that effi-
ciently captures second-order interactions among sparse 
features. In the recommendation scenario, we use the IDs of 
users, items, and knowledge entities as input features.

NFM [40]: An extension of FM that leverages a neu-
ral network to model second-order feature interactions in 

1 3

109



S. Ju et al.

graph, fully utilizing the rich information in the negative 
graph while balancing positive and negative feedback.

(3) SRVSKG performs slightly lower than SIGformer 
and CG-KGR on AUC, as it focuses more on generating 
high-quality recommendation lists rather than optimizing 
global ranking. This explains the modest AUC gains on 
MovieLens-1M. Under sparse interactions, the global rank-
ing performance gains from virtual semantic relation divid-
ing are less pronounced. This is an important direction for 
future improvements. It is also worth noting that although 
SRVSKG lags slightly behind CG-KGR in AUC on Ama-
zon-book, CG-KGR shows instability, as it only outper-
forms factorization-based models on MovieLens-1M.

5.3  Ablation Study

To investigate the impact of different components of 
SRVSKG on the overall model performance, we design 
three ablation variants: w/o VSKG, w/o SIG, and w/o 
SIGA. Specifically, w/o VSKG removes the virtual 
semantic subgraph collaborative representation module 
(VSKG), retaining only the sign-aware learning module 
(SIG) to learn from both positive and negative interac-
tions. w/o SIG excludes the SIG module and makes rec-
ommendations solely based on the VSKG module. w/o 
SIGA is designed to examine the effectiveness of the 
user-attribute enhancement. It removes the SIG module 
and replaces the user-attribute preference embedding in 
the VSKG module with a standard user representation. 
The performance of these variants on the three datasets is 
shown in Table 3.

Impact of the virtual semantic subgraph collabora-
tive representation module. When the virtual seman-
tic subgraph collaborative representation module is 
removed, we consistently observe performance degrada-
tion, which confirms the contribution of this module to 
overall performance. This also highlights the necessity of 
incorporating the knowledge graph into recommendation 
systems.

5.2  Performance Comparison

Table  2 shows the performance comparison between our 
proposed SRVSKG and all baseline models in terms of 
Recall@20, NDCG@20, and AUC. The optimal results are 
highlighted in bold, while the suboptimal results are under-
lined. We analyze and discuss the results as follows:

(1) GNN-based and knowledge graph-enhanced mod-
els outperform factorization-based models, indicating that 
the strong representation capabilities of GNNs and the rich 
semantic information brought by knowledge graphs sig-
nificantly enhance recommendation performance. Among 
sign-aware models, SIGformer, which adopts a Transformer 
architecture, outperforms SLGNN, which uses GCN, show-
ing the better adaptability of Transformer to sign-aware 
structures. SIGformer achieves the second-best perfor-
mance on MovieLens-1M and Yelp, and outperforms others 
in two metrics on Amazon-book, demonstrating the effec-
tiveness of sign-aware learning in improving recommenda-
tion accuracy.

(2) SRVSKG outperforms all baseline models on Mov-
ieLens-1M and Yelp, and ranks second only to the best 
baseline on Amazon-book, illustrating that incorporating 
virtual semantic subgraphs and sign-aware learning into 
KG-based recommendation improves personalization. Spe-
cifically, on MovieLens-1M, our model achieves significant 
improvements, with Recall@20 and NDCG@20 increased 
by 23.29% and 25.86%, and AUC improved by 1.11%. On 
Amazon-book, SRVSKG achieves the best performance on 
Recall@20 and NDCG@20 with improvements of 6.82% 
and 0.65%, respectively. On the Yelp dataset, three metrics 
achieve improvements of 7%, 3.76%, and 0.4% respec-
tively. These gains can be attributed to two key aspects: (a.) 
Dividing the knowledge graph into virtual semantic relation 
subgraphs enables the identification of semantically simi-
lar relations and reduces noise caused by redundant rela-
tions. Additionally, modeling user preference for attributes 
enhances user representation learning. (b.) The Transformer-
based module captures global structure in the sign-aware 

Table 2  Performance comparison. R@20 and N@20 denote Recall@20 and NDCG@20, respectively
Model MovieLens-1M Amazon-book Yelp

R@20 N@20 AUC R@20 N@20 AUC R@20 N@20 AUC
FM 20.98 16.30 0.9182 8.40 4.04 0.8056 5.18 3.07 0.9004
NFM 15.66 11.36 0.8973 7.62 3.72 0.8510 4.95 2.86 0.8917
KGAT 27.37 21.12 0.9450 12.81 6.20 0.8607 6.61 3.85 0.9466
KGIN 28.20 21.40 0.9446 14.49 7.31 0.8651 8.78 5.23 0.9486
CG-KGR 21.09 14.58 0.9275 20.36 13.91 0.9312 8.80 5.57 0.9468
VRKG 30.36 23.86 0.9518 11.62 7.38 0.8888 7.72 4.52 0.9464
KGTN 26.08 24.01 0.9372 8.97 6.04 0.8731 5.15 2.74 0.9012
SLGNN 7.19 5.97 0.7589 6.82 3.05 0.7184 3.05 2.36 0.7168
SIGformer 30.44 24.05 0.9519 22.73 12.57 0.9343 9.03 5.58 0.9502
SRVSKG 37.53 30.27 0.9625 24.28 14.00 0.9303 9.66 5.79 0.9540
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message aggregation can effectively exploit the rich 
semantic information contained in the knowledge 
graph.

2.	 The optimal number of virtual semantic relations for 
the MovieLens-1M dataset is smaller than that for the 
Amazon-book and Yelp, indicating that datasets with 
a greater variety of relation types require more virtual 
semantic relations to uncover latent semantic infor-
mation. Overall, the impact of the number of virtual 
semantic relations on performance follows a trend of 
initial increase and subsequent decrease. This sug-
gests that clustering relations helps capture seman-
tic correlations. As the number of relations increases 
further, highly correlated relations may be sepa-
rated into different clusters, which hinders semantic 
mining.

5.4.2  The impact of α

According to Equation  21, the hyperparameter α con-
trols the relative contribution of the positive and negative 
graphs in the signed feature. To analyze the impact of α 
on model performance and explore its optimal value, we 
conduct experiments in the range [−0.8, 0.8] with a step 
size of 0.2. Figure 4 shows the Recall scores of the model 
under different α values. On the three datasets, the model 
exhibits a trend of initially increasing then decreasing. 
The optimal value of α is always relatively small, which 
indicates that an appropriate value of α can effectively 
leverage the information brought by negative feedback 
and thus improve the model’s performance. After a per-
formance decline on the MovieLens-1M dataset, it will 
rise again and tend to stabilize. The nodes with perfor-
mance decline on the Amazon-book dataset and the Yelp 
dataset are later than MovieLens-1M, indicating that the 
convergence speed of performance will be slower for 
larger datasets.

5.5  Case Study

This section provides an intuitive illustration of our pro-
posed method from the perspective of actual users and 
items. Taking user u56, the positive feedback item i23, 
and the negative feedback item i540 in the MovieLens-1M 

Impact of the sign-aware learning module. As shown 
in Table 3, removing the sign-aware learning module leads 
to a significant performance drop, indicating the impor-
tance of the information embedded in negative interac-
tion data. Moreover, the performance degradation on the 
Amazon-book and Yelp dataset is more pronounced than 
on MovieLens-1M, suggesting that negative feedback 
becomes increasingly crucial in sparser datasets.

Impact of user-attribute preference enhancement. 
By comparing the performance of the w/o SIGA and w/o 
SIG variants, it is evident that emphasizing user-attribute 
preference in the virtual semantic subgraph collabora-
tive representation module helps improve model perfor-
mance. Learning users’ preference for different attributes 
facilitates the generation of more effective user embed-
ding and enhances the accuracy of recommendation.

5.4  Parameters Study

5.4.1  The Impact of the Number of Virtual Semantic 
Relations s

In this section, we investigate the impact of the number 
of virtual semantic relations on model performance. Due 
to the much smaller size of the MovieLens-1M data-
set compared to the other two datasets, we conducted 
experiments within the range of virtual semantic relation 
number s = {1, 2, 3, 4} for MovieLens-1M and within 
the range s = {1, 2, 3, 4, 5, 6, 7} for the other two datas-
ets. For each virtual semantic relation, a corresponding 
subgraph is constructed. When s = 1, it indicates that 
no virtual semantic relation division is applied. Figure 3 
illustrates the model performance on the three datasets. 
When s = 3, SRVSKG achieves the best performance 
on the MovieLens-1M dataset, while the optimal perfor-
mance on the Amazon-book and Yelp is achieved when 
s = 4. The following conclusions can be drawn from the 
observation:

1.	 When the number of virtual semantic relations is 
greater than 1, the model consistently outperforms 
the version without semantic relation dividing. This 
demonstrates that constructing virtual semantic rela-
tion subgraphs and performing semantic subgraph 

Table 3  Ablation results. R@20 and N@20 denote Recall@20 and NDCG@20, respectively
Model MovieLens-1M Amazon-book Yelp

R@20 N@20 AUC R@20 N@20 AUC R@20 N@20 AUC
w/o VSKG 36.65 29.49 0.9622 23.84 13.80 0.9261 9.27 5.43 0.9525
w/o SIG 30.85 24.20 0.9510 15.85 8.19 0.8903 6.12 3.58 0.9466
w/o SIGA 30.47 23.90 0.9501 15.34 8.08 0.8837 6.06 3.56 0.9464
SRVSKG 37.53 30.27 0.9625 24.28 14.00 0.9303 9.66 5.79 0.9540
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From the analysis of Fig. 5(b), we observe that the rela-
tions writer and director are clustered into virtual relation 
v1, language is mapped to v2, and star and country are 
grouped into v3. This shows that the model successfully 
learns the underlying semantic similarity among different 
relations, which is consistent with our earlier analysis.

6  Conclusion

The proposed SRVSKG model integrates a virtual seman-
tic subgraph collaborative representation module and a 
sign-aware learning module. The virtual semantic sub-
graph collaborative representation module enables more 
comprehensive item and user embeddings. In the item 
embedding learning process, it first constructs virtual 
semantic relation subgraphs over the knowledge graph 
(KG), and then applies hierarchical feature extraction via 
a graph attention network to capture multi-level seman-
tic signals. In the user embedding learning process, the 
model emphasizes user-attribute preference, enhancing 

dataset as an example, the visualization results are shown 
in Fig. 5.

Figure 5(a) shows the user’s preference for both posi-
tive and negative items, where the values between the 
user and items represent the predicted scores generated 
by the model - the higher the score, the more the user 
tends to prefer the item. Figure 5(b) presents a heatmap 
of virtual semantic relation dividing, where original rela-
tions are mapped to the virtual relation with the highest 
similarity score.

The data in Fig.  5 generally align with our expecta-
tions. As shown in Fig. 5(a), the positive item i23 receives 
the highest predicted score, indicating a strong prefer-
ence from user u56, while i540 has the lowest score, as 
it corresponds to a negative feedback item that the user 
dislikes. Item i540 is linked to i161 through the director 
entity e4373, and it is evident that i161 also receives a 
low score. This demonstrates that learning from negative 
feedback items enables the model to obtain a more com-
prehensive understanding of user preference and avoid 
recommending related undesired items.

Fig. 3  The influence of hyperparameter s
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accuracy of user preference modeling. Experiments on 
two public datasets validate the effectiveness of the pro-
posed model and its individual components. In future 
work, we plan to further investigate how rich entity rela-
tions in the knowledge graph can enhance recommenda-
tion performance, simultaneously exploring the use of 

the learning of personalized interests. Additionally, 
SRVSKG introduces a sign-aware learning module to 
leverage negative interaction information. By perform-
ing Laplacian matrix decomposition, it captures the 
topological features of both positive and negative inter-
action graphs. A Transformer architecture is employed 
to dynamically fuse symbolic features, improving the 

Fig. 4  The influence of hyperpa-
rameter α
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