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Abstract

Recently, knowledge graphs have been utilised in recommendation
systems to improve accuracy by integrating item-side auxiliary
information. However, structural user-side knowledge is difficult
to construct and integrate due to inherent scarcity and improper
granularity. This paper introduces a graph contrastive learning
with Semantic transitions-Enhanced DIffusion architecture based
on Large Language Models (LLMs) for user-side knowledge-aware
Recommendation (SEDIRec). Specifically, our SEDIRec first lever-
ages LLMs to infer user interests from historical behaviors, integrat-
ing this user-side information with item-side and collaborative data
to construct main views. Then, two contrastive views are generated
using diffusion models with semantic transitions: one at the user-
side level and the other at the item-side level. For both contrastive
views, we integrate user-side or item-side information with col-
laborative data to generate a user-item graph. Subsequently, each
user-item graph is transformed into collaborative data spaces via dif-
fusion models for generating contrastive views. This procedure not
only enhances the alignment between user/item-side information
and the semantic spaces of collaborative data but also effectively
eliminates noise. Extensive experiments on three datasets reveal the
superiority of SEDIRec, especially for users with sparse interactions.
Our code is available!.
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1 Introduction

In recent years, the rapid development of web-based applications
has led to the generation of a vast and growing volume of informa-
tion [9, 21]. The overwhelming online information can easily lead to
information overload, thereby complicating users’ efforts to locate
and retrieve the target information. Recommender systems function
as vital tools within web applications, enabling users to effectively
traverse the extensive and intricate domain of online information. It
has been effectively integrated into diverse web applications, such
as e-commerce platforms [9, 30], content-sharing systems [28, 31],
and applications designed for recipe recommendations [16].

Over the past few years, knowledge graphs (KG) [15] have been
integrated as supplementary components within recommendation
systems on the item side, leading to notable improvements in the
effectiveness of recommendation models. For example, DiffKG [9]
aligns knowledge-aware item semantics with collaborative rela-
tions through a diffusion model to enhance recommendation per-
formance, while HKGR [11] proposes a hypercomplex KG-aware
model that captures interactions within both the user-item graph
and item-side KG in hypercomplex space to improve recommenda-
tion accuracy. However, most existing approaches merely leverage
KG to provide auxiliary information on the item side, while limited
efforts have been devoted to exploring the construction and integra-
tion of auxiliary information on the user side into recommendation
models. The underlying reasons can be summarised as follows: (1).
Inherent scarcity: Unlike item-side features, which vary signif-
icantly across different items—for example, “news A” may have
attributes such as “has category” and “content”, while “movie A”
includes attributes like “genre” and “comedy”—user-side features
tend to be more uniform. User meta-features typically include basic
demographic information such as “gender”, “age”, and “nationality”.
This inherent scarcity presents substantial challenges in effectively
structuring and integrating user-side features within graph-based
recommendation models. (2). Improper granularity: User meta-
features, including attributes like “gender”, “age”, and “nationality”,
are often too generic to capture fine-grained user characteristics,
potentially causing over-smoothing effects in graph-based recom-
mendation systems. Hence, although user preferences are crucial
for recommendations, they often remain abstract and are seldom
accompanied by explicit feedback, which complicates their effective
extraction and application.

Fortunately, the rapid progress of large language models (LLMs)
has exhibited exceptional capabilities in understanding and sim-
ulating human behavior [3]. Leveraging LLMs to interpret users’
historical behavior enables the extraction of comprehensive and
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meaningful user interest knowledge, thereby contributing to the ad-
vancement of knowledge-enhanced recommendation systems. For
example, KERL [16] integrates food KG with LLMs to deliver person-
alised food recommendation services, while PicCDR [24] employs
LLMs to strengthen both domain-invariant and domain-specific
features, facilitating effective cross-domain recommendation tasks.
However, most existing research leveraging LLMs primarily fo-
cuses on either incorporating recommendation tasks with dialogue
systems or utilising natural language features generated by LLMs
as enriched semantic information for collaborative data or item-
side representations, while neglecting the construction of user-side
knowledge. From the preceding discussion, it can be concluded
that effectively prompting LLMs to generate and construct structural
knowledge on the user side, and integrating this with knowledge-based
recommendation models, remains an open challenge.

Furthermore, knowledge-based recommendation models mainly
adopt Graph Neural Networks (GNNs) [22] to capture high-order
relationships on the user-item graph and have exhibited excellent
performance. However, most existing knowledge-based recommen-
dation models rely heavily on obtaining sufficient high-quality
labeled data for supervised training. In practical recommendation
scenarios, network-labelled data typically faces the issue of sparsity,
which hampers the effectiveness of generating precise embeddings
capable of reflecting intricate user preferences. To mitigate the
problem of data sparsity, some studies have applied contrastive
learning (CL) [35] by graph augmentation techniques to generate
self-supervised training signals, which can generate self-supervised
signals from unlabelled data and demonstrate outstanding effective-
ness in recommendation tasks. For example, CoGCL[36] improves
graph-based contrastive learning by generating contrastive views
that incorporate enhanced collaborative signals through discrete
codes. Subsequently, contrastive learning with diffusion augmenta-
tion has achieved notable success in generating robust contrastive
views. This approach is based on the assumption that the original
user-item graph is governed by an unknown probability distribu-
tion, and it seeks to approximate this distribution using a neural
network in order to reconstruct the graph and enable adaptive
data augmentation. For example, InDiRec [17] introduces an intent-
aware diffusion mechanism integrated with contrastive learning to
enhance sequential recommendation performance.

Unfortunately, content (e.g., user-side knowledge) generated by
LLMs may include unintended noise due to the hallucination issue
[5], which is irrelevant to user interests. After graph convolution op-
erations on user-item graphs, the representations of both users and
items are implicitly influenced by this noisy information. As a result,
augmented contrastive views by diffusion models may be contami-
nated with unintended noise, leading to inaccurate self-supervised
signals and undermining recommendation performance. Moreover,
user-side knowledge generated by LLMs offers rich and meaningful
semantic information, thereby enhancing the understanding of user
preferences. However, user-side knowledge predominantly exists
in natural language form, and the effective transfer of information
from the user-side knowledge domain to the recommendation do-
main remains underexplored. More recently, CIKGRec [5] designs
a cross-domain contrastive learning module devised to maximise
the mutual information between the auxiliary information domain
and the recommendation domain. However, most existing methods
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rely on manually designed modules for simple alignment and ex-
hibit limited effectiveness in facilitating semantic transitions within
contrastive views. From the above discussion, it is obvious that con-
structing a diffusion model that can generate contrastive views with
semantic transitions while effectively reducing noise generated by
LLMs remains another significant challenge.

In light of the two challenges identified above, our work proposes
a graph contrastive learning with Semantic transitions-Enhanced
DIffusion architecture based on Large Language Models (LLMs)
for user-side knowledge-aware Recommendation (SEDIRec), as dis-
played in Figure 1. Specifically, SEDIRec first utilises LLMs to infer
user interests from historical behaviors and formalises user inter-
ests into a structured knowledge format, integrating this user-side
information with item-side and collaborative data to construct main
views. Thus, both user-side and item-side knowledge are incorpo-
rated as supplementary components into collaborative relations,
thus enriching collaborative data and improving knowledge-aware
recommendation performance.

To address the noise issue, we then design a knowledge-aware
graph diffusion model with semantic transitions to construct two
contrastive views: one at the user-side level and the other at the
item-side level. In particular, we combine user-side or item-side
features with collaborative information to create a user-item in-
teraction graph for both contrastive views. Subsequently, each
user-item graph is transformed into the corresponding collabo-
rative data space through diffusion models to generate contrastive
views, thereby enhancing the alignment between user/item-side
information and collaborative data spaces. More specifically, our ap-
proach coordinates the forward and backward diffusion processes,
wherein each user-item graph functions independently as the diffu-
sion source, while collaborative data supplies denoising training
signals, thereby facilitating the construction of contrastive views.
In this way, each user-item graph is mapped into the corresponding
collaborative data space through diffusion models. This facilitates
the precise modeling of semantic transitions from collaborative
data to each user-item graph (i.e., from recommendation domains
to the user/item-side knowledge domains), thereby enabling the
accurate extraction of task-relevant information for the generation
of contrastive views. Furthermore, during the transformation of
the user-item graph into collaborative data spaces, the proposed
method effectively mitigates noise in user/item-side features. Fi-
nally, we contrast the augmented view representations with the
main-view representations to update model parameters and im-
prove recommendation performance.

In summary, this paper makes the following contributions:

(1). We develop an LLMs-based user-side knowledge construc-
tion method that improves knowledge-based recommendation mod-
els by integrating user-side interest knowledge. (2). We design
a knowledge-aware graph diffusion model with semantic transi-
tions to construct two contrastive views, effectively addressing
the challenges of noise and semantic transitions that arise when
integrating LLMs-generated user-side information into the recom-
mendation domain. (3). Comprehensive experiments conducted on
three datasets reveal the effectiveness of our SEDIRec compared to
various state-of-the-art approaches. Notably, on the Book-Crossing
dataset, SEDIRec showed a significant improvement, with 9.78%
higher Recall@50 and 15.64% higher NDCG@50.
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2 Related Work

KG-based recommendations. In recent years, KGs have been in-
creasingly incorporated into recommendation systems as auxiliary
elements, enhancing the performance and accuracy of recommen-
dation models. KGAT [25] proposes a knowledge graph attention
network that explicitly captures high-order connectivities within
KG to enhance recommendation performance, while KGIN [26]
proposes a KG-based intent network that models each intent as an
attention-based combination of KG relations, promoting indepen-
dence among intents to enhance model performance. More recently,
HKGR [11] proposes a hypercomplex KG-aware model that cap-
tures interactions in both the user-item graph and item-side KG to
enhance recommendation accuracy. Most existing KG-based recom-
mendation models require abundant labelled data for supervised
training. However, labelled data in real-world scenarios often suffer
from sparsity. To mitigate this issue, some researchers apply con-
trastive learning to generate self-supervised signals for KG-based
recommendation. KGCL [33] proposes a contrastive learning frame-
work for KG-enhanced recommender systems to reduce informa-
tion noise, while MCCLK [37] introduces a multi-level cross-view
contrastive learning mechanism designed to enhance knowledge-
aware recommendations. KGRec [32] later proposes an attention-
based mechanism to score knowledge triplets via contrastive self-
supervision to improve recommendation performance. Recently,
Diffusion models have shown significant success in generating
effective contrastive views for recommendation systems. DiffKG
[9] leverages a diffusion model to align knowledge-aware item
semantics with collaborative relations, thereby improving recom-
mendation performance, while DiffMM [8] integrates cross-modal
contrastive learning with a modality-aware graph diffusion model
to improve knowledge-aware recommendation performance. How-
ever, most existing approaches only use KG to provide auxiliary
item-side information, with little attention given to integrating
auxiliary user-side features into recommendation models.

LLMs-based recommendations. In recent years, the rapid ad-
vancement of LLMs has drawn significant attention due to their
promising applications in recommendation tasks. Specifically, LLMs
serve two main functions in recommendation tasks [5]: acting as
recommenders or enhancers. As recommenders, LLMs incorporate
recommendation tasks into conversational settings by tokenizing
item and user identifiers. For example, LLM4POI [12] utilises pre-
trained LLMs for next point-of-interest recommendations, while
IFairLRS [7] investigates the item-side fairness properties of LLMs-
based recommendation systems. More recently, KERL [16] com-
bines a food KG with LLMs to provide customized food recommen-
dation services, while RTA [3] aims to enhance the efficiency of
conversational recommendation systems by compressing multi-
token item titles into single-token representations within LLMs.
However, these models struggle to capture the collaborative signals
[10], which limits their advantages compared to traditional collab-
orative filtering methods. Some studies have explored improving
conventional recommendation algorithms by integrating features
derived from LLMs. For example, SeRALM [19] combines LLMs
with traditional ID-based sequential recommender approaches to
enhance sequential recommendation performance, while LLMRec
[27] improves recommendation systems through the application of
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three straightforward but effective LLMs-based graph augmenta-
tion techniques. PicCDR [24] later utilises LLMs to strengthen both
domain-invariant and domain-specific features, thereby supporting
more effective cross-domain recommendation tasks. However, most
existing approaches fail to incorporate auxiliary user-side features
into the recommendation framework by LLMs, resulting in limited
recommendation performance.

3 Problem Definition

A user-item graph is formally defined as G = (U,V,Y), where
U = {uy,...,uj...,ur} with cardinality |U| = I represents the
set of users, and V = {vy,...,0j,...,05} with cardinality |V| = J
denotes the set of items. Y = [y; j]1x; € {0, 1} represents a user
u; has interacted with an item v;. If y;; = 1, it indicates there
exists an interaction between user u; and item v;, and y;; = 0
otherwise. To enhance graph G with user/item-side information,
we first leverage LLMs to infer user interests to build a user—entity
graph G, = {(u, 740,0)}. 0 € O represents various types of entities
within users, and O denotes the set of all entities. If r,, = 1, it
describes there exists an interaction between user u and entity
o0, and ry,, = 0 otherwise. Then, we adopt the existing item-side
information to construct an item-entity graph G,s = {(v, rys, $) }-
s € Srepresents various types of entities within items, and S denotes
the set of all entities. If r,; = 1, it describes there exists an interaction
between item v and entity s, and 7,5 = 0 otherwise.

As discussed in Section 1, a key challenge lies in prompting LLMs
to effectively generate and construct structured user-side knowl-
edge, as well as in designing a diffusion model capable of generating
contrastive views with semantic transitions while simultaneously
mitigating the noise introduced by LLMs. To tackle this challenge,
we formulate the recommendation task as follows:

Given a graph G = (U, V,Y), we first employ LLMs to infer user
interests from historical behaviors and formalise user interests into
a structured knowledge format G,,, integrating this user-side in-
formation with item-side information G, and collaborative data G
to construct the main views G;. To address the noise issue, we then
design a knowledge-aware graph diffusion model with semantic
transitions to construct contrastive views at both the user-side level
G, and the item-side level G.,. The recommendation task aims to
predict unobserved interactions between users and items, denoted
as y;;, using the corresponding encoded representations, which are
obtained by the input of {Gy, G¢1, G¢2 } based on a knowledge-aware
contrastive learning paradigm.

4 Methodology

In this section, we present our proposed SEDIRec model, which
is depicted in Figure 1. Overall, the SEDIRec model comprises
two components: an LLMs-based user-side KG construction and a
knowledge-aware graph diffusion model with semantic transitions
for recommendations.

4.1 LLMs-based User-side KG construction

In this section, we provide a detailed description of LLM-based user-
side knowledge generation and how to transform such knowledge
from natural language into structured user-side information.
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Suppose you are an interest inferrer. Your function is to infer the user's interests from the given list. You will be provided with a list
of books an anonymous user has liked, and your task is to infer the user's interests based on the list and your extensive knowledge. List
no more than five the top interests of this anonymous user by analyzing recurring themes, genres, and emotional tones across the
items. No further explanation is needed. Please use a comma to split the interests. Exclude generic terms like "fiction" unless
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Figure 1: Overall architecture of SEDIRec. The upper half displays LLMs-based user interest C, inference, the lower left half
displays LLM-based user-side KG construction, and the lower right half introduces a knowledge-aware graph diffusion model

with semantic transitions for recommendations.

User Interest Inference: As discussed in Section 1, accurately
capturing and representing user preferences plays a critical role
in enhancing the performance of recommendation systems. How-
ever, the acquisition and representation of user-side knowledge
presents significant challenges due to inherent scarcity and im-
proper granularity. Motivated by the strong capability of LLMs
in comprehending user behavior [27], it becomes feasible to ex-
plicitly model user interests. Therefore, we utilise LLMs to infer
and generate user interests by carefully devising prompts based on
user behaviors extracted from the dataset, enabling the discovery
of interests not initially contained within the dataset. Using the
extensive knowledge and reasoning capabilities of LLMs, the model
is capable of extracting abstract, high-level user interests through
the analysis of item relationships derived from user interactions,
instead of depending on conventional user-side metadata features.
A concrete example is illustrated in Figure 1, and the LLMs-based
user interest inference is formally defined in Formula 1:

C= {Cl’ Cz, .

~5C\I|}; Cy = LLMs(Py, G) (1)

where P, denotes the textual prompt associated with the user u,
and C denotes the textual information generated to represent user
interests. Thus, all textual information C related to user interests is
derived by employing LLMs.

User Interest Knowledge Structuration: Structuring user inter-
est knowledge aims to capture user-side multi-hop information and
to ensure vector space consistency. Specifically, representing user
interests in a structured format enables the model to effectively not
only capture complex, higher-order relationships among users with
aligned preferences, but also achieve a more coherent alignment
between semantic signals and collaborative signals. Technically, we
first employ classic sentence embedding techniques, specifically
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fastText [1], to encode semantic information into dense vector rep-
resentations. Then, the text clustering method HDBSCAN [14] is
utilized to merge similar interests. In particular, we initially define
a minimum sample threshold a for clustering and a threshold b for
the number of adjacent points around a point. Only when this value
is exceeded is the point considered qualified to be a core point for
clustering. Subsequently, we use the Euclidean distance to calculate
the pairwise distances between the samples for clustering. This ap-
proach ensures a balance between cluster density and size, thereby
preventing erroneous clustering and mitigating semantic incon-
sistencies that may arise when the same interests are expressed
differently due to the stochastic nature of LLM outputs. Finally, we
establish connections between the merged interests and users to
construct a user interest knowledge graph G,,,, which is formally
defined in Formula 2:

Guo = {(u: Tuo» 0)}’ (2)

where F(-) represents the word encoding and clustering method. If
Fuo = 1, it indicates that there is an interaction between user u and
entity o, and ry, = 0 otherwise.

To enhance users’ semantic information, we integrate KG Gy,
into users U within the user-item graph G. Specifically, we use
a relational knowledge embedding layer [4] to aggregate various
types of entity o within the KG into user representations U, thus
enriching the semantic information associated with users. We also
use the relation-sensitive knowledge embedding layer to incorpo-
rate KG G, into the item representations V within the user-item
graph G, so that we can improve the semantic information associ-
ated with the items. Both user-side and item-side knowledge are
integrated as supplementary elements into collaborative relations,
thereby enriching collaborative data and serving as the main view

O ={01,09,...,06} = F(C,a,b)
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G;. Subsequently, we utilise a GNNs-based encoder [22] to process
the main view G; and obtain the main view embeddings e € E,.

4.2 Knowledge-aware Graph Diffusion Model

As discussed in Section 1, achieving a robust contrastive view with
semantic transitions while effectively reducing noise generated
by LLMs remains a significant challenge. Motivated by the effec-
tiveness of diffusion models [8] in preserving essential data pat-
terns within their generated outputs, our SEDIRec model designs a
knowledge-aware graph diffusion model with semantic transitions
to construct two contrastive views: one at the user-side level and
the other at the item-side level. Particularly, the user-side KG G,
and the item-side KG G, are separately integrated with the collab-
orative graph G to construct a user-side level user-item graph G,
and an item-side level user-item graph G.,. Our knowledge-aware
semantic transition strategy aims to maximise the mutual informa-
tion between the user/item-side level user-item graph G.1/G.; and
the user-item graph G through diffusion models, this facilitates the
transfer of information from the user/item-side knowledge domains
to the recommendation domains while effectively reducing noise.

Diffusion Process: We execute the reverse process to reconstruct
the user-item graph G, /G, thus identifying task-relevant infor-
mation for contrastive view generation. We corrupt the represen-
tations, denoted as xy € Xy = E¢1/Ec2, within the original graph
Ge1/Ge; by introducing noise during the diffusion phase, as de-
scribed in Formula 3. Here, xo = ec1/ec2 € Ec1/Ec; is acquired via
the GNNs-based encoding process on user-item graph Geq/Ge2.

¢

g(xilx0) = NGeos Varxo, (1= a)D), @ = [(1=B) )
t'=1

where t € {1,...,T} indicates the diffusion step, N denotes the

Gaussian distribution, I is the identity matrix, and f; € (0, 1) deter-

mines the scale of Gaussian noise introduced at each step ¢. Even-

tually, the state x7 converges to a standard Gaussian distribution

as T — oo.

Reverse Process: In the reverse process, our aim is to iteratively
recover the representations x, from the pure Gaussian noise xr.
The diffusion model is designed to learn the denoising process,
allowing it to recover x;_; from x; through neural networks, as
illustrated in Formula 4:

Po(xr-1lxr) = N(xr—1;ug (x4, £), 2o (X, 1)), (4)
where ug(x;,t) and Xg(x;, t) represent the mean and covariance of
the Gaussian distribution, which can be derived using neural net-
works with parameters 6. By reparameterising the mean uy [9], as
shown in Formula 5, the model is able to learn the noise introduced
in the time step t:

ug(xp,t) = €o(xt.1))

1 B
N (s Ny (5)
where €g(x;,t) is implemented using a Multi-Layer Perceptron
(MLP) [20], which computes the predicted value x; from the input
x; and the corresponding time step t. To recover embeddings %y, we
use the embedding %, € E of the collaborative graph G and the em-
bedding xy € E.;/E; as the evidence lower bound (ELBO) [9] with
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sample time step t from {1,2,...,T} to update the model parame-
ters, as presented in Formula 6. In this case, E is derived similarly
using the GNNs-based encoding procedure on the collaborative
graph G.

Letvo = Erevi,1) (Eq(xo) [0 (32, t) = xol[3]+ ©
Eq(so) [ll€o (x2,1) = %ol [5])
Equation 6 includes two components: a reconstruction loss term
defined as ||eg(x;, 1) — x0||§ and a semantic transition loss term
defined as ||eg (xs, t) — Xo| |§. Thus, our model enables %, to approxi-
mate both xj and X, which helps to update the model parameters.
In this manner, user/item-side knowledge embeddings x, are trans-
formed into collaborative data spaces X, via diffusion models. This
transformation allows for accurate modeling of semantic transitions
between recommendation domains and user/item-side knowledge
domains, which in turn supports the effective extraction of task-
relevant information for generating contrastive views. Additionally,
when transforming user/item-side knowledge embeddings x, into
collaborative data representations X, the noise present in the user
/ item knowledge is efficiently removed. After acquiring the re-
constructed Xy, we use it to generate the reconstructed contrastive
view Geg / Ges along with the associated embeddings é.; € E.; and
écZ € Ec2~

4.3 Model Optimisation

We employ the InfoNCE loss [23] to contrast augmented-view em-
beddings with main-view embeddings for training the model param-
eters. The contrastive loss for users U is formulated as Formula 7:

Li;’)= Z Z—log

me{1,2} ueU

exp ((s(e™, &m)/7)
Soev exp ((s(e®,el)/7)’

where 7 and s(-) represent the temperature parameter and the

@)

cosine similarity, respectively. The pairs (e, éﬁ,‘;) ) represent the
same nodes in the main view and two contrastive views G,; and Ge;
as positive pairs, while (e, ég,v,g ) (v € U) denote any two distinct
nodes in the main view and two contrastive views as negative pairs.
This approach enables the model parameters to be optimised by
enhancing the similarity between positive pairs while declining
the similarity between negative pairs, thus effectively addressing
the challenge of data sparsity. The contrastive loss Lilu) for item
V is defined in an analogous way. The main objective function is
optimised together with the contrastive loss to train the model
parameters, as described in Formula 8.

L=L+0:(LG + L) + 0, - [lOL, ®)

The contribution of the model parameters © is controlled by 6,

while 60, is used to adjust the influence of contrast loss. We denote

the main objective function as L,, which is formulated in Formula

9. The value y,,; represents the predicted score for the positive item

o corresponding to user u, while y,, ; signifies the predicted score
for the negative item v associated with user u.

L Z —L0g(Yui = Yuj)

(u,i,j)eO

©)
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Complexity Analysis: Let d represent the feature dimension, L
the number of GNN layers, |Y| the number of edges in user-item
graphs, I and J the number of nodes in sets U and V, B the batch
size, T the number of diffusion steps, k the number of interests, and
|o| the average number of words per interest. The computational
complexity of the GNN-based encoding process with L layers is
O(Lx|Y|xd). The diffusion model used to generate the contrastive
views G Jc2 has a complexity of approximately O(|Y| X d* x T).
The contrastive learning framework requires O(BX L X (I +]) X d),
while the user KG construction requires O(k X |o| + |o0]?).

5 Evaluation

5.1 Experimental Settings

Datasets: We conduct our experiments on three widely used real-
world recommendation datasets from online applications—namely,
DBbook2014, Book-Crossing, and MovieLens-1M—all of which in-
clude item-side auxiliary knowledge. In particular, DBbook2014
and Book-Crossing dataset are used for book recommendation
and contain both explicit ratings and implicit feedback from users
on books, while MovieLens-1M dataset is used for movie recom-
mendations and includes information such as movie titles, release
years, genres, and user attributes. Following previous studies [5, 6],
we filter out users with fewer than 10 interactions in MovieLens-
1M and fewer than 5 in DBbook2014 and Book-Crossing. Dataset
statistics are presented in Table 1.

Baselines: To evaluate the effectiveness of our SEDIRec model, we
select various baseline methods, including GNNs-based recommen-
dation methods and GNNs-based knowledge-aware recommenda-
tion models. GNNs-based recommendation methods: Light-
GCN [2] designs a simplified GNNs to improve conciseness and
suitability for recommendations. SGL [29] explores self-supervised
learning to enhance the robustness of GNNs for recommendations.
SimGCL [34] presents a simple CL-based GNNs model for recom-
mendations. GNNs-based knowledge-aware recommendation
models: KGAT [25] presents a knowledge graph attention net-
work within item-side KG for recommendations. KGIN [26] intro-
duces a KG-based intent network to enhance model performance.
KGCL [33] presents a CL framework for KG-enhanced recommen-
dation. MCCLK [37] proposes a multi-level cross-view CL approach
to improve knowledge-aware recommendations. KGRec [32] pro-
poses a CL-based method to score knowledge triples for recommen-
dations. DiffKG [9] employs a diffusion model to align knowledge-
aware item semantics with collaborative relations for recommen-
dations. Diff MM (8] utilise a CL-based graph diffusion model for
knowledge-aware recommendations. CIKGRec [5] designs an LLM-
based user-side knowledge recommendation.

Parameter Settings: We set the learning rate searched from 0.001
to 0.005, the number of layers L in GNNss is selected from the set
{2,4,6,8,10}, the minimum sample threshold to a = 5, and the
number of adjacent points to b = 2. The L, regularisation decay
term 0, is selected from the set {1e!,1e72,1e73,1e7%,1e7%}; the
parameter 0, is searched from {0.01,0.02,0.03, 0.04}; the number of
steps is fixed at ¢t = 200; and the temperature 7 is searched across
{0.1,0.2,0.3}. The baseline parameters are carefully adjusted to
ensure fair comparative analysis and “DeepSeek-V 3.1” is adopt
as LLMs. The NDCG@N and Recall@N metrics [5], with default
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Table 1: Statistics of Three Datasets

Dataset MovieLens-1IM  DBbook2014 Book-Crossing
User 6,040 5,576 6,616
Item 3,260 2,680 8,853
Interactions 998,539 65,961 110,662
Relations 20 13 4
Entities 14,377 8,762 1,404

Triplets 415,104 134,223 1,137

values of N = 50/100, are used to evaluate our proposed model
(abbreviated as ND@N and R@N). We report average performance
based on 10 experimental runs. The experiments are conducted on
an Ubuntu 20.04 system equipped with an NVIDIA Corporation
Device A100 GPU, and Python 3.8.

5.2 Recommendation Performance

Table 2 shows that our model SEDIRec outperforms other baselines
on three real-world recommendation datasets. LightGCN utilises
a GNNs-based framework to generate node embeddings, whereas
CL-based methods, such as SGL and SimGCL, effectively improve
the recommendation performance of GNNs. However, these ap-
proaches ignored the integration of user- and item-side information
in enhancing knowledge-aware recommendations, leading to sub-
optimal performance. Some models, including MCCLK and KGRec,
incorporate item-side information into recommendation systems,
thereby enhancing recommendation performance. We find that
these baseline methods are highly dependent on the presence of
item-side knowledge. Specifically, these approaches achieve good
performance on datasets that contain rich item-side knowledge,
such as DBbook2014 and MovieLens-1M, but show degraded per-
formance on datasets with limited item-side information, like Book-
Crossing. Notably, SEDIRec showed significant improvement on
the Book-Crossing dataset, with 9.78% higher Recall@50 and 15.64%
higher NDCG@50. DiffKG constructs an extra knowledge graph
to enhance items’ semantic information using diffusion models,
demonstrating satisfactory performance in sparse item-side infor-
mation on Book-Crossing. However, this model focuses exclusively
on item-side information and overlooks user-side features. CIK-
GRec designs an LLM-based user-side knowledge recommendation
framework with simplified alignment modules, which exhibits lim-
ited effectiveness in addressing semantic transitions and mitigating
LLM-generated noise. Our SEDIRec model outperforms all baseline
models and offers the following key advantages, i.e., SEDIRec is
able to tackle noise and semantic transition issues in integrating
LLMs-generated user data into recommendations, thanks to the
proposed LLM-based method to build user-side knowledge and
design a knowledge-aware graph diffusion model with semantic
transitions to generate contrastive views.

5.3 Ablation Study

This section conducts an ablation study assessing each module’s
contribution, along with ten experiments reporting the average
Recall@50 and NDCG@50 scores on three datasets. Table 3 clearly
shows a significant performance drop across all three datasets when
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Table 2: Recommendation Performance on three datasets

Datasets DBbook2014 Book-Crossing MovieLens-1M
R@50 R@100 ND@50 ND@100 | R@50 R@100 ND@50 ND@100 | R@50 R@50 ND@50 ND@100
SGL 0.4258 0.5249 0.2350 0.2567 0.1613 0.2154 0.0860 0.0982 0.4094  0.5505 0.4004 0.4433
LightGCN 0.4214  0.5358 0.2230 0.2481 0.1607 0.2246 0.0765 0.0911 0.4086  0.5574 0.3977 0.4432
SimGCL 0.4280 0.5369 0.2376 0.2610 0.1653 0.2211 0.0860 0.0988 0.4131 0.5560 0.4048 0.4482
KGIN 0.4147 0.5337 0.2200 0.2462 0.1468 0.2075 0.0681 0.0819 0.4095 0.5581 0.4004 0.4453
KGAT 0.4174  0.5309 0.2110 0.2360 0.1569 0.2133 0.0865 0.1004 0.4059  0.5527 0.3928 0.4378
MCCLK 0.4376 0.5491 0.2054 0.2273 0.1476 0.2039 0.0656 0.0774 0.4176  0.5655 0.3876 0.4339
KGCL 0.4308 0.5271 0.2453 0.2666 0.1562 0.2049 0.0859 0.0971 0.4083  0.5496 0.3996 0.4430
KGRec 0.4415 0.5497 0.2373 0.2611 0.1473 0.2075 0.0699 0.0836 0.4136  0.5633 0.4072 0.4524
DiffKG 0.3554 0.4384 0.1987 0.2168 0.1104 0.1475 0.0624 0.0717 0.3442  0.4756 0.3386 0.3789
Diff MM 0.4194  0.5396 0.2130 0.2384 0.1493 0.2187 0.0670 0.0827 0.2985  0.4336 0.3002 0.3408
CIKGRec 0.4642 0.5756 0.2494 0.2739 0.1791 0.2455 0.0889 0.1041 0.4250 0.5718 0.4162 0.4609
SEDIRec | 0.4723 0.5837 0.2569 0.2813 0.1966 0.2601 0.1028 0.1176 0.4384 0.5821 0.4329 0.4756
%Improve 1.74% 1.41% 3.01% 2.70% 9.78% 5.75% 15.64% 12.97% 3.15% 1.80% 4.01% 3.19%
Table 3: Ablation Study on Key Components ___DBBooka0i4 01000 ke Crossing 02500 s el ens-1M
02500 == viffum = viffun = vifn
Dataset | DBbook2014 | Book-Crossing | MovieLens-1M 02000 = e 0os00| = e 02000, = e
Variants | R@50 ND@50 | R@50 ND@50 | R@50 ND@50 g Sooco) 8 asmeo
w/o UIK | 0.4196 0.2149 |0.1742 0.0963 |[0.3929 0.3587 3 3 3
w/o CL |0.4705 0.2536 |0.1920 0.0994 |0.4239 0.4141 = 1000 ool = ol
w/o DM | 0.4678 0.2562 |0.1952 0.1025 |0.1503 0.1416 00500 00200 0.0500)
w/o ST |0.4646 0.2518 |0.1965 0.1028 |0.4221 0.4182 ooooo LN LA LR (AT oo LI LR LR LN o ERLN TR TR T
Ours |0.4723 0.2569 |0.1966 0.1028 |0.4384 0.4329

user interest knowledge (UIK) is excluded. This highlights the criti-
cal role of LLMs-generated structured knowledge on the user side.
Similarly, removing contrastive learning (CL) and substituting the
diffusion model (DM) with a denoising autoencoder [13] results in
reduced performance. Experimental results show that contrastive
learning effectively addresses data sparsity, while diffusion mod-
els enhance model performance by enabling precise extraction of
task-relevant information to generate contrastive views. Further-
more, eliminating the semantic transition loss term (ST) from L.,
also leads to a decrease in most metric performance. Experimental
results demonstrate that this module enables accurate modeling
of semantic transitions between recommendation domains and
user/item-side knowledge domains, while significantly reducing
noise from integrating LLM-generated user information into rec-
ommendations.

5.4 Sparsity Analysis

We evaluate the effectiveness of SEDIRec in addressing user-side
data sparsity, a challenge stemming from the difficulty of learning
optimal representations for inactive users with limited interactions.
Following prior research [25], we classify users into four groups
based on their historical interactions in the training set and report
the average NDCG@50 results for each group using our model.
Figure 2 shows the results, with the horizontal axis indicating user
interaction ranging from sparse to dense. Our model outperforms
the baseline methods for user groups with sparse interactions across
all three datasets, demonstrating its effectiveness in addressing
interaction sparsity. This is mainly due to our LLM-based approach
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Figure 2: User-side Data Sparsity Analysis

Table 4: Robustness Analysis on DBbook2014 dataset

Noise Ratios 10% 30% 50%
R@50 ND@50| R@50 ND@50| R@50 ND@50
DiffKG 0.3040 0.1676 |0.2063 0.1089 | 0.1030 0.0533
Diff MM 0.3873 0.1957 | 0.3066 0.1523 | 0.2126 0.0937
CIKGRec |0.4159 0.2165 | 0.3429 0.1736 | 0.2715 0.1294
Ours 0.4364 0.2353 [0.3673 0.1905 |0.2900 0.1417

to construct user-side knowledge by incorporating user information
and facilitating collaborative information mining, which effectively
improves performance for users with sparse interactions.

5.5 Robustness Analysis

We design a knowledge-aware graph diffusion model with semantic
transitions to reduce noise. To validate its effectiveness, we estimate
the percentage of performance degradation under varying noise
ratios. Specifically, 10%, 30%, and 50% of the edges in the user-
item graph G are randomly replaced by noise signals. We evaluate
SEDIRec, DiffKG, DiffMM, and CIKGRec on the DBbook2014 dataset
using Recall@50 and NDCG@50. The results in Table 4 show that
our model SEDIRec has a significantly smaller performance drop
than the baseline models. These results demonstrate the strong
denoising effectiveness of SEDIRec in overcoming noise challenges
during the integration of LLMs-generated user-side information
into recommendation systems.
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5.6 Hyperparameter Analysis

We analyse key hyperparameters, with results shown in Figure 3.
We evaluate how changes in the number of diffusion steps ¢, tem-
perature 7, parameter 6;, and GNNs layers L affect the recommenda-
tion performance. We conducted 10 experiments to report average
Recall@50 and NDCG@50 across three datasets and summarize
the following observations: (1) As shown in the analysis of ¢, we
achieve satisfactory results when ¢ = 200. Beyond this point, per-
formance increases or remains stable. Considering the trade-off
between computational cost and performance, we set t = 200. (2)
For 7, the model achieves peak performance when it is within the
range {0.1, 0.2, 0.3}. As 7 increases beyond this range, performance
decreases. (3) Satisfactory performance is achieved at different L
in different datasets, while a large L may cause overfitting and
degrade performance. (4) For 0y, which control the loss weights, ex-
perimental results show that satisfactory performance is achieved
when 6; =0.01/0.35 across datasets. As 0; increases, performance
decreases. This may occur because larger values cause excessive
focus on contrastive learning, distracting from the main task and
degrading performance.

5.7 Scalability Analysis

LLMs-based and diffusion-based models often encounter undesir-
able time consumption. Furthermore, graph contrastive learning
models typically involve high computational costs because they
require constructing additional views. The Book-Crossing dataset
includes more users than other datasets, making it suitable for
scalability analysis. We evaluate the scalability of our model on
the Book-Crossing dataset by setting the number of users to 500,
1000, 2000, 4000, and all nodes. Experiments show that SEDIRec
converges in an average of 19, 30, 69, 133, and 171 minutes under
different user settings. Thus, we conclude that the SEDIRec model
linearly increases computational cost as the number of users grows,
making it suitable for large-scale networks.

5.8 Case Study

To intuitively evaluate user-side knowledge effectiveness, we select
user #u1968 from the Book-Crossing dataset, who has the sparsest
user-item interactions and item-side knowledge among the three
datasets.As shown in Figure 4, the left panel presents the LLMs-
based interest knowledge generation process for user #u1968 and
the top-K recommendation list, where higher-ranked items are
more likely to be interacted with by the user. The right panel shows
how user similarity is captured based on the shared interest #c9831
between user #u1968 and user #u6140 using our recommendation
model. Item #v2534, a positively reviewed Christian apocalyptic
ficition, appears in the test set for user #u1968 and the training set
for user #u6140. Thus, our LLM-based user-side knowledge method
effectively captures and summarises user #u1968’s interests, as
shown by the alignment between item #v2534 and interest #c9831.
Furthermore, our recommendation model accurately predicts user
#u1968’s potential interaction with item #v2534, as shown by its
prominent placement in the user’s top-K recommendation list. This
indicates that the model effectively leverages user-side knowledge
to capture higher-order user-item similarity relationships.
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Figure 3: Hyperparameter analysis
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Figure 4: Case Study on Book-Crossing dataset

6 Conclusion

In this paper, we addressed the lack of structured user-side knowl-
edge, a challenge often overlooked by previous knowledge-based
recommender systems. We first proposed an LLM-based user-side
knowledge construction method, comprising user interest infer-
ence and user interest knowledge structuration, to construct a user
interest knowledge graph. We then designed a knowledge-aware
graph diffusion model with semantic transitions to address the
challenges of noise and semantic inconsistency when integrating
LLMs-generated user-side information into recommendation sys-
tems. Comprehensive experiments on three datasets show SEDIRec
outperforms baselines, especially in mitigating user data sparsity.
Our future work will explore user-side interest correlations from
LLMs and apply causal inference models [18] to remove irrelevant
signals, aiming to further improve recommendation performance.
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