01010 .
SO information

01010

Article

Semantic Federated Clustering for Cross-Domain
Recommendation with Interaction Graphs

Deling Huang *©, Li Luo !

W) Check for updates

Academic Editor: Jérome Gensel

Received: 20 September 2026
Revised: 11 October 2026

Accepted: 16 October 2026
Published: 18 October 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Chang Su ?

School of Computer Science and Technology, Chongqing University of Posts and Telecommunications,
Chonggqing 400065, China; s241231040@stu.cqupt.edu.cn

Admissions Office, Chongqing University of Posts and Telecommunications, Chongqing 400065, China;
suchang@cqupt.edu.cn

*  Correspondence: huangdl@cqupt.edu.cn

Abstract

In federated cross-domain recommendation, the existing research has widely focused
on scenarios where at least some users or items overlap. How to enable cross-domain
recommendation over non-overlapping users and items has emerged as a challenging
research direction. However, current privacy-preserving cross-domain recommendation
methods struggle to achieve effective semantic alignment across domains in such sce-
narios, hindering their ability to capture latent correlations between interaction graphs.
Moreover, when refining noisy node representations and interaction sequences, these
methods often overlook temporal noise implicitly embedded in semantic information,
as well as the potential of jointly leveraging textual and temporal features for collabora-
tive denoising. To address these challenges, this paper proposes a Semantic Federated
Clustering-driven Cross-Domain Recommendation model (SFC-CDR). Specifically, we
first design a clustering-anchored contrastive learning framework that performs clustering
using weighted multi-layer node semantic representations. The weighted aggregated cen-
troids serve as semantic anchors to dynamically update the pool of positive and negative
samples in contrastive learning, thereby achieving geometric alignment in the shallow
feature space and capturing fine-grained semantic correlations in the implicit concept
space. Furthermore, we design a Joint Temporal-Frequency Filtering (JTFF) module. In
the frequency domain, features are processed via an MoE adapter and FFT-based filtering,
while in the temporal domain, a temporal convolutional network (TCN) is employed to
model temporal patterns in user—item interaction sequences. The resulting temporal and
frequency-domain representations are integrated through Temporal-Frequency Refinement
Gating (TFRG), enabling complementary refinement of node semantic representations and
user behavior sequences. Extensive experiments conducted on four real-world datasets
demonstrate that SFC-CDR outperforms state-of-the-art baselines.

Keywords: cross-domain recommendation; interaction graph; semantic alignment; contrastive
learning

1. Introduction

The core objective of Cross-Domain Recommendation (CDR) is to address data sparsity
and cold-start problems in multi-source heterogeneous data environments. Traditional CDR
models [1-4] often rely on partially overlapping users or items to establish connections between
source and target domains, thereby transferring preference-related knowledge to alleviate data
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sparsity in the target domain. From a graph perspective, user-item interactions can be naturally
represented as an interaction graph, where users and items serve as nodes and observed
interactions form edges. However, in many real-world scenarios, the correspondences between
cross-domain users or items are usually unknown. Identifying such correspondences not only
poses considerable technical challenges but also raises privacy concerns, limiting the practical
applicability of existing CDR models. Therefore, developing CDR techniques that do not rely
on overlapping users or items has become an important research direction. Early studies mainly
focused on leveraging partially overlapping users or items to construct models, which were
then generalized to non-overlapping users and items [5-8]. Although these CDR methods
can be applied to non-overlapping users and items, their training processes still depend on
cross-domain overlaps. To overcome this limitation, recent studies have explored training
methods that eliminate such dependencies [9,10]. In such settings, the interaction graphs of
different domains are naturally constructed from non-overlapping users and items, making
it difficult to establish explicit structural correspondence across domains. Therefore, the key
challenge lies in learning transferable representations from graph-structured interactions and
establishing effective cross-domain associations without relying on overlapping users or items.

Although these CDR methods are effective, they still face the following limitations
in non-overlapping scenarios: (1) Bias in cross-domain graph semantic alignment. Since
users and items are non-overlapping, most approaches adopt unsupervised strategies
to align semantic representations across domains. While such methods can reduce the
distribution discrepancy between semantic spaces, they often overlook the deep semantic
associations among graph nodes, leading to alignment bias across domains. For example,
in the movie domain, a user who prefers fantasy films may be incorrectly assigned to a
semantically mismatched cluster in the book domain due to the alignment bias introduced
by unsupervised methods, as illustrated in Figure 1. Such deviation makes it difficult to
identify transferable semantic correlations between nodes across interaction graphs from
different domains. (2) Multi-granularity denoising of graph node preferences. Eliminating
irrelevant or harmful associations in node feature representations and interaction relations
can effectively improve representation quality. However, existing methods primarily focus
on noise in feature representations and interaction relations separately, while ignoring
implicit temporal noise embedded in semantic information. Furthermore, they fail to jointly
consider textual node attributes and temporal interaction signals for hybrid denoising. As a
result, node representations and interaction sequences may remain vulnerable to temporal
disturbances or incomplete noise removal, ultimately degrading cross-domain knowledge
transfer and recommendation performance.

| enjoy fantasy movies that revolve around
themes of adventure and friendship, such as
Harry Potter.
\/
b,
user K-means++
{unsupervised alignment)
actual -~ deviated
Some fantasy novels that revolve Some coming-of-age
around magic and friendship, such novels that focus on
as The Chronicles of Narnia. school competition.

Figure 1. Examples of semantic alignment deviation in cross-domain scenarios involving non-
overlapping users and items. Solid/dashed arrows indicate users’ deviated/actual alignment.
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To address these challenges, we propose a Semantic Federated Clustering-driven Cross-
Domain Recommendation model (SFC-CDR). First, we introduce a Gated Fusion Network
(GEN), which leverages a gating mechanism to integrate semantic encoding features, ID
embedding features, and nonlinear projection. By generating dynamic layer weights, GFN
enables adaptive fusion of heterogeneous node information and constructs unified node se-
mantic representations for subsequent cross-domain semantic alignment. To mitigate semantic
alignment bias across interaction graphs from different domains, we design a Clustering-
Anchored Contrastive Learning (CACL) module. Through a clustering-guided contrastive
learning mechanism, CACL dynamically constructs cross-domain positive and negative sam-
ple pairs based on semantic anchor clusters and optimizes node semantic representations
according to their semantic relevance. The semantic anchor clusters provide coarse-grained
correspondence across domains, while contrastive learning further enables fine-grained se-
mantic alignment. This process exploits deep semantic associations and facilitates transferable
semantic knowledge across interaction graphs from different domains. To achieve joint de-
noising and refinement of node semantic representations and temporal interaction signals,
we propose a Joint Temporal-Frequency Filtering (JTFF) framework. In the frequency do-
main, the cluster-enhanced node semantic representations are fed into a MoE adapter [11]
to generate a cluster-aware embedding table, followed by an FFT-based filtering layer to
suppress high-frequency noise. In the temporal domain, an ID embedding table is constructed
via a standard lookup operation, and temporal patterns in user-item interaction sequences
are captured using a Temporal Convolutional Network (TCN). The resulting temporal fea-
tures are then coupled with the frequency-filtered node semantic representations through
a Temporal-Frequency Refinement Gating (TFRG) mechanism, enabling complementary
feature refinement and dynamic feature calibration. Through this joint process, heterogeneous
noise is suppressed, yielding refined node representations for recommendation.

In summary, our proposed model makes the following contributions:

*  We formulate non-overlapping cross-domain recommendation from an interaction-
graph perspective, where each domain is modeled as a text-attributed user—item
interaction graph. We then employ a Gated Fusion Network (GFN) to integrate
semantic encoding features, ID embedding features, and nonlinear projection with
dynamically generated layer weights, thereby constructing adaptive node semantic
representations.

*  We propose Clustering-Anchored Contrastive Learning (CACL), which employs se-
mantic anchor clusters to establish coarse-grained correspondence and dynamically
constructs positive and negative sample pairs for fine-grained semantic alignment
across interaction graphs from different domains, without relying on explicit user or
item correspondence.

¢ We design Joint Temporal-Frequency Filtering (JTFF), which jointly processes
frequency-domain node semantic representations and temporal interaction signals. By
combining FFT-based semantic filtering with TCN-based temporal modeling through
TFRG, JTFF enables complementary feature refinement and suppresses heterogeneous
noise in the representations used for recommendation.

*  We conduct extensive experiments on four real-world datasets from the Amazon
and OnlineRetail domains, and the results demonstrate the effectiveness of SFC-CDR
compared with recent state-of-the-art methods.

2. Related Work
2.1. Cross-Domain Recommendation

Cross-domain recommendation (CDR) systems [12-15] are primarily designed to
address data sparsity and cold-start problems in the target domain by enabling knowledge
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sharing and collaborative optimization across different recommendation domains. From
an interaction perspective, user—item interactions can be naturally represented as graph-
structured data, where users and items constitute nodes and observed interactions form
edges. Based on the availability of cross-domain entity correspondence, existing CDR
methods can be broadly categorized into approaches based on partially overlapping users
or items and approaches targeting non-overlapping users and items.

A. Partially overlapping users or items

Partially overlapping users or items refer to scenarios where different domains share
a subset of common user or item entities, while the overlap is not complete. Such shared
entities can serve as bridges for cross-domain knowledge transfer through federated learn-
ing [16-19], representation learning [20-23], and meta-learning [24-26]. For example,
Yan et al. [27] enhanced privacy protection by adding Laplacian noise to gradients through
local differential privacy (LDP) before uploading them while introducing a server-side
embedding transformation mechanism. This approach leverages bridging-user embed-
dings to learn a cross-domain transformation model that addresses the cold-start problem.
Wang et al. [28] enhanced the semantic understanding of user behaviors by incorporat-
ing encyclopedia-based knowledge graphs (KGs) and storing external KG information in
a knowledge-enhanced memory network (KV-MN). Zhu et al. [29] introduced a multi-
granularity transfer bridging mechanism to capture user preference features, injecting
target-domain signals into the transfer process via target bridges, and further designed a
target-aware contrastive learning layer to optimize user representation learning. However,
matching information between partially overlapping users or items remains a key challenge
in CDR. When the source and target domains belong to different platforms, identifying
and exploiting shared entities may also introduce privacy risks, limiting the applicability
of such approaches in practical cross-domain recommendation scenarios.

B. Non-overlapping users and items

Non-overlapping users and items indicate that no explicit entity correspondence exists
between the source and target domains. Under this setting, CDR methods can generally
be categorized into rating-pattern-based and content-based approaches. Rating-pattern-
based approaches [30-33] primarily aim to uncover and transfer users’ relatively stable
rating behaviors or preference tendencies across domains. For instance, Zhang et al. [34]
leverage auxiliary semantic signals to capture users’ fine-grained rating patterns, using a
self-attention mechanism to mitigate noise and subsequently infer target-domain preferences
through a group-level preference fusion and reasoning framework. Similarly, Maneechote
et al. [35] evaluate cross-domain similarities by comparing users” historical rating patterns
across domains, enabling the dynamic adjustment of knowledge transfer strength.

Content-based approaches [36—40] focus on the intrinsic attributes and characteristics
of items, seeking to establish cross-domain bridges by exploiting content-level similarities
or correlations between items across domains. For example, Huai et al. [41] construct a
heterogeneous information network to model semantic associations among users, items,
and tags, while employing meta-paths to capture semantic information from different
domains. They further adopt a hierarchical aggregation mechanism to filter irrelevant tags,
thereby enhancing recommendation performance. Wang et al. [42], on the other hand,
leverage large language models to generate domain-invariant and domain-specific textual
representations, and align these representations between semantic and ID spaces through a
contrastive learning strategy.

Although these methods can alleviate the lack of explicit entity correspondence, they
may still suffer from transfer bias when knowledge is migrated between domains without
overlapping users or items. In particular, the interaction structures of different domains
can be naturally represented as interaction graphs, where directly establishing node-level

https://doi.org/10.3390/info17101036


https://doi.org/10.3390/info17101036

Information 2026, 17, 1036

50f24

correspondence across domains is infeasible. Therefore, effective cross-domain transfer
requires learning transferable semantic representations without relying on explicit shared
entities. In this work, we address this challenge by dynamically generating weights from ID
embedding features to construct layer-wise weighted semantic representations, followed
by weighted clustering and dynamic contrastive learning to alleviate semantic transfer bias
across interaction graphs from different domains.

2.2. Graph-Based Recommendation

Graph-based recommendation [43—46] has been widely studied to model relationships
among users, items, and auxiliary entities. In particular, user-item interactions can be naturally
represented as a bipartite graph, while heterogeneous information networks and knowledge
graphs can further incorporate semantic and relational information. For example, Yu et al. [47]
construct a cross-domain item-relation graph and learn item representations by means of
graph neural networks. They further employ a bridge-transfer module to map source-domain
user representations into the target-domain feature space, facilitating cross-domain knowledge
transfer. Huang et al. [48] incorporate knowledge graphs as auxiliary information and adopt
a pretraining—prompt-fine-tuning paradigm for graph prompt tuning. They design soft graph
prompts and personalized graph prompts to efficiently exploit source-domain knowledge
and boost cross-domain recommendation performance.

However, the existing graph-based recommendation methods typically leverage inter-
action structures to learn informative node representations, while cross-domain knowledge
transfer remains challenging when the users and items are completely non-overlapping.
In this setting, interaction data from different domains can be represented as interaction
graphs constructed from non-overlapping users and items, where the absence of shared
entities makes it difficult to establish transferable semantic relationships across domains.
To address this challenge, our work adopts an interaction-graph perspective and focuses
on semantic alignment and transfer through node representations.

2.3. Semantic Alignment

In cross-domain recommendation systems, semantic alignment [49-51] aims to reduce
semantic discrepancies between heterogeneous domains and establish a shared representa-
tion space for effective knowledge transfer. In the context of graph-structured recommen-
dation, semantic alignment can be viewed as establishing meaningful correspondences
between node representations across interaction graphs from different domains, particu-
larly when explicit user or item correspondence is unavailable. Among existing semantic
alignment techniques, contrastive learning-based methods [52-54] construct cross-domain
positive and negative sample pairs and employ contrastive objectives to learn a unified
embedding space. Ni et al. [55] regarded cross-domain information as positive samples
and marginally perturbed cross-domain information as negative samples, and employed
a binary discriminator to maximize the mutual information between single-domain and
cross-domain representations, thereby capturing users’ correlated preferences across do-
mains. Chang et al. [56] proposed a disentangled paradigm that separates inter-domain
and intra-domain contrastive learning, and further introduced a stop-gradient operation to
constrain excessive gradient propagation from the source domain to the target domain.

However, when users and items are non-overlapping, constructing reliable cross-domain
positive and negative pairs remains challenging because explicit entity correspondence is
unavailable. Existing contrastive learning-based methods may therefore rely heavily on
distribution-level or manually constructed semantic associations, potentially introducing align-
ment bias and overlooking fine-grained semantic relationships among graph nodes. To address
this limitation, our approach integrates weighted clustering with dynamic contrastive learning.
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Specifically, clustering centers serve as semantic anchors to dynamically construct cross-domain
homogeneous and heterogeneous pairs, thereby facilitating fine-grained semantic alignment
between node representations across interaction graphs from different domains.

3. Methodology

In this section, we first clarify the symbol definitions in the text, and then outline the
overall framework of the model.

3.1. Symbol Definition

In the setting, where users and items are non-overlapping across domain A and
domain B, each domain can be represented as a text-attributed user-item interaction graph.
For domain A, the graph is denoted as GA = (VA, & A), where V4 = U4 U A denotes the
node set consisting of user nodes and item nodes, and £ A denotes the observed user-item
interaction edges. Similarly, domain B is represented as G? = (VB, £B), where VB = UB U B.
Since users and items are non-overlapping across the two domains, the two interaction
graphs have disjoint node sets, i.e., VAN VE = @.

The user sets of the two domains are represented as usd = {u{‘, ué“, e, uZA, el u;:‘l}
and UB = {uf, ug, ., uf, ..., ub}, where u{‘ and u? denote the i-th users in domain A and
domain B, respectively, and m and n represent the total numbers of users in the two domains.
The item sets are represented as A = {al,az,...,a]-, ...,aryand B = {bl,bz,...,bj,...,bl},
where 4; and b; denote the j-th items in domain A and domain B, respectively, and k and !
represent the total numbers of items in the two domains. Each item is associated with an
independent item ID and its corresponding textual description. From the graph perspective,
users and items correspond to user nodes and item nodes, respectively, while each observed
user-item interaction corresponds to an interaction edge. Taking domain A as an example,
the textual description of item aj is represented as W].A = {wy,wy,..., wy,..., W}, where
w, denotes the r-th word in the item description and ¢ denotes the number of words in the
description. The textual description can be regarded as the textual attribute information of item
node aj. The interaction sequence of user ulA € U4 is denoted as XiA ={ay,a,..., ag, .- -, ax},
where x represents the length of the interaction sequence XZA. From the graph perspective, XlA
records the temporally ordered item interactions associated with user node ulA and reflects
the temporal information of the corresponding interaction edges.

The multi-layer semantic encoding of item text extracted by the pretrained language
model (PLM) is denoted as S#, which can be viewed as the initial semantic representation
of item nodes from the graph perspective. The layer-weighted semantic encoding obtained
by weighting is denoted as SZ, representing the weighted semantic representations of item
nodes. The cluster encoding obtained through cross-domain semantic clustering alignment
is denoted as SéA, which can be viewed as the cluster-enhanced semantic representation
of item nodes. We use text information and the user’s interaction sequence to predict the
probability of the user’s next possible interaction item, which is denoted as P(a,;1 | X2).
Table 1 summarizes the symbols used in this paper and their explanations.

Table 1. Symbol definition.

Symbol Definition and Notation

ua user set of domain A

uB user set of domain B

ulA user i from domain A, uiA e us
B
1

Us user i from domain B, ulB c Uk

https://doi.org/10.3390/info17101036


https://doi.org/10.3390/info17101036

Information 2026, 17, 1036

7 of 24

Table 1. Cont.

Symbol Definition and Notation

A item set of domain A

B item set of domain B

wA the description content of item a; of domain A
XZA interaction sequence of user ulA

s4 multi-layer semantic encoding of domain A

sa layer-weighted semantic encoding of domain A
siA Cross-domain semantic embeddings of A

EA ID embedding table of domain A

EB ID embedding table of domain B

T4 Cross-domain clustered embeddings of A

3.2. Overview of SFC-CDR

The proposed SFC-CDR consists of three modules: semantic extraction, cross-domain
clustering-anchored contrastive learning, and temporal-frequency filtering, as illustrated in
Figure 2. Each domain is modeled as a text-attributed user—item interaction graph, where
users and items are graph nodes, user—item interactions form graph edges, and item texts
provide semantic attributes for item nodes. The semantic extraction module employs a pre-
trained language model (PLM) to obtain multi-layer semantic representations of item nodes
in the source and target domains. These multi-layer representations are then used as the
semantic representation basis in the Gated Fusion Network (GFN), where ID embedding
features and nonlinear projection are introduced to generate dynamic layer weights. These
weights are then applied to the corresponding semantic layers to obtain layer-weighted
node semantic representations. The resulting representations from the source and target
domains are uploaded to the server for subsequent cross-domain semantic alignment.

@) Cross-domain clustering anchored contrastive learning Server
Semantic item encoding
from domain A Semantic anchor clusters Clustered er_loodlng to
Y S ——— domain A
w i < N TN SN TN TN .
x /O \N/ON/ A YA set
i ! JiH i i ST P
Semantic item encoding -' boEEy ;:‘Se‘Mng;{ paper § el > i
A 7 / AN AYY. sé

from domain B Y NS\ ‘\\

Clustered encoding to
domain B

Clustered Encoding

=
| |

Layer-weight Semantic
Encoding

Domain B

download

Client
() Semantic extraction
Item text from
domain A

Domain A

@ Temporal-frequency filtering

Item id from domain A

PLM 0@ O]

l L=n-a1 Pl ID Embedding
54 Multi-layer Semantic Encoding  L=n 1
1

: : )

'
l 1
'
1

lwelght f
1

=
4 Layerweight Semantic Encoding L=n (A
S L | LAy
=a

Sequence target
embedding y 4

Figure 2. The overall architecture of SFC-CDR consists of three modules: (1) Semantic extraction
mainly extracts semantic codes from project description texts. (2) The key of cross-domain clus-
tering anchor contrastive learning lies in dynamically clustering semantics from different domains
and optimizing clustering results through the Semantic Contrastive Learning Mechanism (SCLM).
(8) Temporal-frequency filtering is designed to suppress implicit temporal noise in text information
and ID embeddings.
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In the cross-domain clustering-anchored contrastive learning module, the uploaded
layer-weighted node semantic representations are dynamically clustered to construct se-
mantic anchor clusters. These clusters provide coarse-grained semantic correspondence
across interaction graphs from different domains without requiring explicit shared-node
correspondence. The semantic anchors are subsequently used to dynamically construct
positive and negative sample pairs through the Semantic Contrastive Learning Mechanism
(SCLM), enabling fine-grained alignment based on the semantic relationships between
node representations. After contrastive alignment, the resulting cluster-enhanced node
semantic representations are returned to the clients for subsequent feature refinement and
interaction-aware representation learning.

After receiving the cluster-enhanced representations, each client performs temporal—
frequency filtering through two complementary branches: frequency-domain filtering and
temporal-domain modeling. In the frequency domain, the cluster-enhanced representations
are fed into the MoE adapter to generate a cluster-aware embedding table, followed by
an FFT-based filtering layer to suppress high-frequency noise. In the temporal domain,
an ID embedding table is obtained through a standard lookup operation based on item
IDs, and the temporal patterns of user—item interaction sequences are modeled using a
Temporal Convolutional Network (TCN). The Temporal-Frequency Refinement Gating
(TFRG) module then couples the frequency-filtered node semantic representations with the
temporally modeled interaction features, enabling noise suppression and complementary
feature refinement for the final node representations used in recommendation.

Graph properties and their utilization. The constructed interaction graphs are user—
item interaction graphs with text-attributed item nodes and ordered user interaction se-
quences. Unlike conventional graph learning methods that rely on homophily assumptions
and neighborhood aggregation, SFC-CDR does not explicitly assume that adjacent nodes
are homophilic. Instead, it exploits semantic relationships among item nodes by grouping
semantically related items into semantic anchor clusters, which provide coarse-grained
semantic correspondence across interaction graphs from different domains. This graph
property is directly utilized by the proposed modules: GFN combines PLM-based semantic
features with ID embeddings to obtain node semantic representations; SCLM uses semantic
anchor clusters to construct semantically related positive pairs and unrelated or semanti-
cally confusing negative pairs, thereby enhancing cross-domain semantic alignment and
node-level semantic discrimination. The resulting cluster-enhanced semantic represen-
tations are further refined by JTFF together with temporal interaction signals to capture
temporal interaction patterns.

3.3. Semantic Extraction

In this section, we mainly construct a hierarchical semantic representation optimiza-
tion framework through multi-layer PLM and GFN, aiming to adaptively integrate multi-
granularity semantic features of text and provide enhanced semantic representations
with both global consistency and local discriminability for downstream tasks. From the
interaction-graph perspective, the extracted semantic features are regarded as node se-
mantic representations associated with the corresponding item nodes, providing semantic
information for subsequent cross-domain semantic alignment. To protect privacy, we only
upload the layer-weighted semantic encoding to the server.

To extract deep semantic information from project texts, we adopt a multi-layer PLM to
effectively preserve and enhance the core semantic information of the input text. Specifically,
taking domain A as an example, we split the project text of domain A into individual words

WZ.A = {wq, wy,...,w.} (Where the number of words is c), then add the token [CLS] at the
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beginning, and input it into the BERT [57] of the multi-layer PLM, thereby obtaining
multi-layer semantic features for the corresponding item node in the interaction graph,

sMT — BERTL([CLST; wy;. . s w) 1)

where “;” denotes the concatenation operation, S =/ ¢ RD represents the output feature
of the i- th sample at the j-th layer in BERT, and D is the vector dimension. Here, S.A =

be viewed as the layer-specific semantic feature of the corresponding item node. We select
the last a layers as its initial multi-layer semantic encoding, denoted as:

S;.A'L _ {S;‘A,LfnfaJrl, o, SIA,Lfn} (2)
where 1 is the total number of layers of BERT, a is a hyperparameter, and the relevant
evaluation is carried out in Section 4.4.

To enable the distinguishability of important information between similar semantic
encodings and more accurate clustering across domains, we obtain adaptive filtering
and weighted fusion of multi-layer semantic encodings through GFN. GEN is essentially
an adaptive feature filter bank that dynamically adjusts the contribution of each layer
of semantics through end-to-end learning. For each item node, the original multi-layer
semantic encoding produced by the PLM is first projected into a unified d-dimensional
hidden space through a linear transformation:

A, L=
M

1

= W.s{" + b 3)

where SA’L:j € RP denotes the original semantic encoding of the i-th item node extracted
from the j-th PLM layer, W;s € R¥*P js the projection matrix, and b; € R is the bias
vector. Thus, MA =/ € RY. For each item node, the multi-layer semantic encoding and ID
embedding are then used to generate weights via the sigmoid function:

— Sigmoid (Wg MM @ 6] +b ) )

where W, € R¥2 is the weight matrix of GFN, and 2d corresponds to the dimension
of the concatenated d-dimensional semantic encoding and d-dimensional ID embedding.
be € R? represents the bias vector of GEN. Accordingly, the resulting gate vector wi; € RY.
Then, the obtained weights are used to perform a weighted combination of the semantic
encodings of each layer:
n
A A,L=j
Sw,i = Z ZUZ',]' . Mi ] (5)
j=n—a+1

sﬁi € R¥ representing the layer semantic code of the i-th item node. Finally, the layer-
weighted semantic coding representation is obtained as:

A A A A A
Sw = {Sw,lfsw,Zr cees Sy 'Sw,k} (6)

The resulting layer-weighted node semantic representations S are uploaded to the
server to support the subsequent cross-domain clustering-anchored contrastive learning
process.

3.4. Cross-Domain Clustering Anchor Contrastive Learning

In this part, the alignment training for non-overlapping users and items is mainly
solved. In order to align and cluster domain A and domain B under the setting of non-
overlapping users and items, through the centralized collaborative optimization of the
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server, the leap from the feature association at the data layer to the concept mapping
at the cognitive layer of the heterogeneous domain project semantics is realized. From
the interaction-graph perspective, this process aims to establish semantic correspondence
between item nodes across interaction graphs from different domains without requiring
explicit node-level correspondence.

The K-means++ algorithm improves clustering stability through probabilistic initial
center selection, but in high-dimensional sparse data, there still exists a deviation between
the clustering structure and the real semantic topology. Therefore, we adopt an optimized
k-means++ algorithm [10]. Specifically, we acquire the layer-weighted semantic encodings
S4 and SB of domains A and B from the client, which represent the semantic features of
item nodes in the corresponding interaction graphs, and the server randomly selects cluster
centers C = {cy,¢y, ..., ¢} from the encodings with a predefined number of cluster centers
(where k is the number of clusters). The clustering is determined by the distance from each
point to the cluster center; the shorter the distance, the higher the contribution degree of
the point to the cluster center, which is expressed as follows:

l; = arg minszw,,' — c](.t) H2 (7)

(

where c") denotes the centroid of the j-th cluster at the -th iteration, || - ||?

represents the
squared Euclidean distance, and s, ; denotes the layer-weighted semantic representation
derived from either domain A or domain B. The update of the next cluster center is carried

out in a weighted aggregation manner:

)
(H+1) _ Zi:ﬂﬁ”: Wi " Swi
Y = (8)
J v w)
e = i
¢ 1
v = ©)
Jses ="+
where c]([H) denotes the centroid vector of the j-th cluster at the (¢ 4 1)-th iteration, € is a

small constant to prevent the denominator from being zero, w; is the weight of the cluster
code sy, ;, and the closer the distance, the greater the weight. Finally, the semantic anchor
clusters § = {ry,ra,...,7y} are obtained through clustering and serve as coarse-grained
semantic anchors for the item nodes across the two interaction graphs.

Semantic anchor clusters achieve initial alignment across non-overlapping users and
items but do not explicitly model the deep semantic correspondence between domain-
specific semantic encodings, resulting in limited alignment accuracy across semantic spaces
and insufficient association strength between similar concepts. Therefore, we design a
Semantic Contrastive Learning Mechanism (SCLM). For each semantic anchor cluster ;, the
item-node representations belonging to the same cluster are separately aggregated within
domains A and B to obtain domain-specific semantic anchor encodings r;q and r]B. The two
encodings corresponding to the same semantic anchor cluster are treated as a semantically
corresponding positive pair, while encodings from different semantic anchor clusters form
negative pairs. Two strategies are adopted to construct negative samples: first, randomly
selecting cross-domain samples from different clusters; second, screening semantically
confusing sample pairs according to the inter-domain semantic-distance ranking, thereby
forcing the model to distinguish closely related but heterogeneous concepts. Using the
weighted aggregated cluster centers as semantic anchors, the positive and negative sample
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pools are dynamically updated during contrastive learning. The contrastive objective is
defined as:

[R| exp (sim(rf,rf)/’r)

=1 exp (sirn(r]‘-“,rf)/’r) + Y exp (sim(r]‘-“,q)/”r)

gEN;

(10)

where R denotes the set of semantic anchor clusters, \V; denotes the dynamically con-
structed negative sample pool for the j-th anchor, sim(+, -) denotes cosine similarity, and T
is the temperature coefficient. The objective pulls together the domain-specific encodings
of the same semantic anchor cluster while pushing apart encodings belonging to different
or semantically confusing clusters, thereby achieving fine-grained semantic alignment
between the item nodes of the two interaction graphs. The obtained cluster codes are
assigned back to domain A and domain B, denoted as S/ and S'?, respectively. Then, S/
and S’P are sent back to the client.

3.5. Temporal-Frequency Filtering

The cluster coding received from the server side is an aggregated result of multi-
domain features, which may carry noise and pseudo-semantics. From the interaction-
graph perspective, the cluster coding provides refined semantic representations for the
corresponding item nodes after cross-domain semantic alignment. Direct training would
reduce the task relevance of sequence embeddings. Additionally, there exists implicit
temporal noise in semantic information, causing sequence embeddings to be susceptible to
sudden noise interference or incomplete noise filtering, which exerts a significant impact
on the results. Therefore, we adopt Joint Temporal-Frequency Filtering (JTFF).

In the frequency domain, the cluster encoding is passed through the MoE adapter. The
MOoE adapter includes multiple expert modules and a routing mechanism (GR). Each expert
module is essentially a parameter whitening transformation module (PW). The cluster
encoding is passed through the expert modules:

s~’lA = (Dropout(sz) — bPW> - WPW (11)

where sgA is the i-th cluster code, WI'W € R4*4 ig the weight matrix of PW, and W c R4
is the bias term of PW. Using this method, semantic dimension features can be captured.
These features correspond to the semantic representations of the aligned item nodes in the
interaction graph. The routing mechanism can dynamically determine the contribution of
each expert module according to the original semantics of the cluster code:

¢ = Softmax (sz - WMOE (S) (12)

where WMOE ¢ R7xG is the weight matrix that each expert of GR can learn, G is the number
of experts, and J is the Gaussian random noise for balancing expert load. The cluster
embedding is obtained through the combination of the expert module and the routing
mechanism:

1A & ~A
A=Y &k-six (13)
k=1

where s/ fk is the output of the k-th PW layer, th € RY is the i-th cluster embedding. We
apply the MoE adapter to each cluster encoding to get each cluster embedding, which can

be expressed as:
T4 = (#4808, A, EA) (14)
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To achieve spectrum-level refined regulation of the project’s text interaction features,
we adopt a learnable frequency domain filter layer based on FFT. Its core lies in using a
differentiable frequency domain weight matrix to selectively enhance or suppress different
frequency components of the features, thereby realizing adaptive refined processing for
noise components in the spectrum space. First, we map the cluster embedding table from
temporal interaction features to the frequency domain:

Yi/A _ ]:(T/A) c (Cxxd (15)

where x denotes the number of cluster embeddings in the cluster embedding table, d de-
notes the embedding dimension, F(-) is the FFT that converts the cluster embedding to the
frequency domain space, and C is the complex number field. Then, the feature Y/ of each
dimension is processed by a learnable filtering parameter W, to achieve adaptive filtering:

YA =W, 0Y/A (16)

where © is element-wise multiplication. Finally, convert the filtered frequency domain
feature Y/4 back to the original domain feature T;4:

T4 « F L (Y1) e R (17)

where F~1(-) is the inverse FFT, which functions to convert the filtered frequency-domain
signal back to the original domain. The filtered cluster embeddings are:

A ={TA, TA,...,TIA,..., TIM (18)

In the temporal domain, we perform a lookup operation through a learnable embed-
ding matrix to obtain ID embeddings EA = {e{‘, eg‘, s, elA, s, ef} from the item texts in
domain A and then capture the temporal dependencies of user interactions using TCN
with its causal convolution characteristics:

L=j K—1, L=j  L=j-1  ,[—j
h = ReLU (Y mg Wy - vt ) (19)
where 1F=0 = ¢!, where hiL:j € R represents the temporal feature extracted at temporal

position i in the j-th convolutional layer. K is the convolution kernel size, WkL = ¢ Rixd i
the weight matrix of the k-th convolution kernel in the j-th layer, and b%=/ € R? is the bias
term of the TCN.

Then, the text features processed in the frequency domain and the user behavior
features modeled in the temporal domain are fused through the Temporal-Frequency
Refinement Gating (TFRG):

i = Sigmoid (W, - ™ + Wy - T{A + by (20)

i

where W, € R is the linear transformation weight matrix for the temporal feature hiL:j ,
and W; € R9*4 is the linear transformation weight matrix for the text feature Ti’ A beg € R4
is the bias term of TFRG. The ID feature after TFRG is:

o =gion @D
The filtered ID embedding is:

BA = (A e, eh, .80 (22)
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Finally, we add the i-th cluster embedding T/# after temporal-frequency filtering to
the ID embedding ¢/ to obtain the fused embedding vector v/ of multiple source features:

=t + 1A (23)
All sets of fused embedded vectors are:
VA = [, o, oA, oA (24)

Then, v/4 is passed through a commonly used transformer structure to dynamically
capture key dependencies within the sequence, providing high-quality user interest repre-
sentations for the final recommendation prediction:

V/A,l — LayerNOI‘m (MHAtt(V’A))/ l e {1,2, ooy L} (25)

where MHALt is the multi-head attention mechanism, V'4/ is the sequence embedding
of the I-th Transformer layer, and there are a total of L layers. We select V/4'L as the final
sequence embedding, that is V/4/ = VAL,

3.6. Model Optimization

We use the user’s interaction sequence in domain A, together with item representa-
tions, to predict the probability of the user’s next interaction. The item representations
are obtained by fusing the deep semantic encodings of item description texts with ID
embeddings. The prediction probabilities are as follows:

Pay, | X4) = Softmax(V’A'i : EAT) (26)

where E4 is the ID embedding in domain A. To optimize the matching degree between the
predicted probability of the model for the next interaction and the true label, we construct
it using cross-entropy loss:

1
L& = Y logP(aiq | X{) (27)
‘XA| XAex,

where X4 represents the training set in domain A.

Considering that semantic embeddings and ID embeddings respectively capture the
differentiated feature dimensions of items in the model, to enhance the diversity and
specificity of the feature space, a forced orthogonality loss is introduced to constrain the
two modalities:

A AT LA AT LA
‘Corthogonal = tll € H2 ot t; €x 5 (28)
where || - ||2 denotes the Euclidean norm of the vector. The total loss is the superposition of
the cross-entropy loss and the orthogonality loss:
A A A
L% = £CE + Eorthogonal (29)

4. Experiment

In this chapter, to verify the effectiveness of the proposed SFC-CDR model, we conduct
a large number of experiments on two pairs of domains in the Amazon public dataset
and answer the following key research questions through a multi-dimensional evalua-
tion framework.
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¢ RQI: Does our method have a significant performance improvement compared with
the current state-of-the-art methods?

*  RQ2: What are the impacts of different components such as clustering encoding,
temporal-domain filtering, frequency-domain filtering, and hybrid filtering on our
model?

* RQ3: How does the performance of SFC-CDR change with the transformation of
hyperparameters?

¢ RQ4: What impact will using different coarse-grained alignment methods have on
SFC-CDR?

¢ RQ5: How semantically consistent are the cross-domain items assigned to the same
semantic cluster?

4.1. Experimental Setup
4.1.1. Dataset

To verify the cross-domain recommendation performance of the SFC-CDR model, we
selected two groups of domain data pairs from different data sources for evaluation, which
were constructed into the “OnlineRetail-Pantry” and “Office-Arts” datasets, respectively.
From the interaction-graph perspective, each domain is represented as an interaction
graph, where users and items correspond to nodes and user-item interactions form the
edges. The data for the “Office”, “Arts”, and “Pantry” domains are all derived from the
Amazon (https:/ /nijianmo.github.io/amazon/index.html, accessed on 20 September 2026)
e-commerce platform, whose dataset contains real user reviews and meta-information
about products and is a commonly used benchmark dataset in recommendation system
research. The “OnlineRetail” domain data comes from a UK (https:/ /www.kaggle.com/
carriel /ecommerce-data, accessed on 20 September 2026) online retail enterprise, covering
user purchase records and item attribute descriptions. In terms of domain division, the
Office and Arts data from the Amazon platform are divided into one group of cross-
domain experimental objects, and the OnlineRetail and Pantry data (belonging to different
platforms) are divided into another group of comparative experimental objects. Under
the non-overlapping setting, each domain is represented as an interaction graph, with
users and items not shared across domains. Considering the temporal characteristics of
the sequential recommendation task, all user interaction records are sorted in ascending
order of timestamps. Under the non-overlapping setting, unique IDs are reassigned to
users within each domain (starting from 0). Regarding the processing of item text features:
for the Amazon dataset, the title, category, and brand fields of products are concatenated
as descriptive text (following the standard preprocessing method in similar studies); for
the OnlineRetail dataset, the original item description text is used directly. These item
descriptions serve as textual attributes associated with the corresponding item nodes in the
interaction graphs. To alleviate the problem of data sparsity, we filter out the user and the
item with fewer than five interactions. The statistical information of the finally processed
datasets is shown in Table 2.

Table 2. The statistics of our datasets, where “Avg.n” denotes the average length of the user interaction

sequence.
Datasets #Users #Items #Inters Avg.n
OnlineRetail 16,521 3470 503,386 30.47
Pantry 13,102 4899 113,861 8.69
Office 87,347 25,987 597,491 6.84
Arts 45,487 21,020 349,664 7.69
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4.1.2. Evaluation Index

In our experiments, we adopt the leave-one-out strategy to evaluate the next-item pre-
diction performance on sequential interaction data. From the interaction-graph perspective,
each user’s interaction sequence corresponds to an ordered sequence of user-item edges in
the domain-specific interaction graph. For each user in the target domain, the interaction
sequence is partitioned such that the last interaction is used for testing, the second-to-last
interaction for validation, and all remaining interactions for training. Model training is
conducted based on both target items and historical interactions beyond the target items.
During validation and testing, the final performance is computed by averaging over all
users’ interaction sequences with respect to the candidate items. The evaluation metrics
include Recall@N and NDCG@N, where N is set to 10 and 50 in our experiments.

4.1.3. Baseline

To verify the effectiveness of the SFC-CDR model, we compare SFC-CDR with five
other cross-domain recommendation methods.

¢ CCDR [58]: The proposed method employs intra-domain contrastive learning with
subgraph augmentation to learn robust representations, while inter-domain tasks are
designed from the perspectives of users, categories, and neighbors, and optimized
jointly through a multi-task learning framework.

*  RecGURU [59]: This method includes a general user representation unit (GURU) and
a cross-domain sequence recommendation (CDSRes) unit. GURU generates user em-
beddings using a self-attention autoencoder and integrates them into a unified general
user representation (GUR) through adversarial training. The CDSRec unit combines
GUR with an attention mechanism to improve recommendation performance.

e PFCR [40]: This method adopts the federated learning architecture, solves the privacy
problem through user interaction with the local client and gradient encryption, con-
structs a unified feature space by using item description texts, builds an inter-domain
bridge by relying on natural language commonalities, and designs two prompt fine-
tuning strategies to adapt to the target domain.

e FedDCSR [16]: This method uses inter-domain—-intra-domain sequence representation
decoupling (SRD) to decompose user sequence features into domain-shared and
exclusive features, and designs an intra-domain contrastive information maximization
(CIM) strategy to learn richer exclusive features through data augmentation.

e FFMSR [10]: This method obtains semantic encoding through a pre-trained model,
server clustering promotes inter-domain semantic transfer, fuses ID and text modali-
ties, and processes noise with a fast Fourier transform (FFT) filtering layer and a gating
mechanism.

4.1.4. Parameter Setting

The implementation of the SFC-CDR model is based on Python 3.8.13 and the Pytorch
1.11.0 framework, and all experimental processes are completed in the hardware environ-
ment of NVIDIA RTX 3090 GPU. In terms of model structure parameters, the semantic
extraction module uses a pre-trained language model (PLM) to generate original semantic
vectors with a dimension of 768, and performs feature fusion by intercepting the output
of its last 2 layers, while configuring the overall hidden layer dimension of the model
to 256; these semantic representations are associated with the corresponding item nodes
in the domain-specific interaction graphs. In the cross-domain semantic fusion module,
considering the difference in data scale between the Office-Arts and OnlineRetail-Pantry
datasets, the number of server-side clustering centroids is set to 120 to adapt to the data
distribution characteristics of different domains; The semantic filtering module sets a 2-
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layer filtering network for the sequence encoder, and only a 1-layer structure is used for
clustering embedding filtering to balance the feature refinement effect and computational
complexity. In terms of training strategy, the model optimization adopts the Adam algo-
rithm (initial learning rate of 0.0005), and the batch sample size is uniformly set to 512;
the joint pre-training stage iterates for 5 epochs, and an early stopping mechanism (with a
patience value of 15) is introduced during the local client fine-tuning process after federated
training, and finally the model with the optimal Recall@10 metric on the validation set is
selected for evaluation in the testing stage.

To ensure a fair comparison, all methods are evaluated using the same dataset prepro-
cessing, domain-pair construction, data splitting, and leave-one-out sequential evaluation
protocol. The same evaluation metrics, including Recall@10/50 and NDCG@10/50, are
applied to all methods. For each baseline, we follow the parameter settings and implemen-
tation details reported in the original paper or publicly available implementation, while
keeping the common experimental conditions consistent across methods. The reported
results are obtained under these consistent experimental settings, ensuring a fair and
comparable evaluation of all methods.

4.2. Experimental Results (RQ1)

Experimental results compared with other baseline models are shown in Table 3. Our
proposed model achieves the best performance on two metrics (Recall@N and NDCG@N),
which verifies the usefulness of our method in achieving fine-grained semantic alignment
across interaction graphs from different domains and filtering implicit temporal noise in
graph node semantic representations. Specifically, we can draw the following observations:

Table 3. Comparison results on OnlineRetail-Pantry and Office-Arts. The optimal result is marked in
bold, and the suboptimal result is underlined.

Dataset Metric CCDR RecGURU PFCR FedDCSR FFMSR Sl:(()::lCrgR Improv
Recall@10 0.1345 0.1465 0.1558 0.1407 0.1653 0.1721 +4.11%

OR NDCGe@10 0.0655 0.0533 0.0737 0.0688 0.0761 0.0777 +2.10%
Recall@50 0.3586 0.3884 0.398 0.3367 0.413 0.428 +3.63%
NDCG@50 0.1106 0.1187 0.1265 0.1114 0.1302 0.1339 +2.84%
Recall@10 0.0405 0.0467 0.0615 0.0292 0.0698 0.073 +4.58%

Pantr NDCG@10 0.0201 0.0206 0.0291 0.0141 0.0325 0.0339 +4.31%
MY Recall@s0 0.126 0.1272 0.159 0.0875 0.1816 0.1871 +3.03%
NDCG@50 0.0384 0.0381 0.0501 0.0265 0.0566 0.0587 +3.71%
Recall@10 0.0546 0.1142 0.1203 0.1022 0.131 0.1337 +2.06%

Office NDCG@10 0.0289 0.0766 0.078 0.0787 0.0889 0.0912 +2.59%
Recall@50 0.1092 0.1755 0.1936 0.1525 0.2071 0.2129 +2.80%
NDCG@50 0.0399 0.0899 0.094 0.0896 0.1056 0.1096 +3.79%
Recall@10 0.0669 0.1086 0.1151 0.0852 0.1259 0.1315 +4.45%

Art NDCG@10 0.0345 0.0649 0.0676 0.0591 0.0712 0.0742 +4.21%
S Recall@50 0.1477 0.1977 0.2198 0.1505 0.2375 0.2474 +4.17%
NDCG@50 0.0521 0.0846 0.0902 0.0733 0.0953 0.0995 +4.41%

The optimal and suboptimal results are marked in bold and underlined, respectively. Significant improvements
over the best baseline results are shown in bold (-test, p < 0.05).

¢ Our model SFC-CDR outperforms other baselines. It achieves a 5.04% improvement
over the best baseline FFMSR in Recall@10 and a 4.36% improvement in NDCG@10,
realizing the best performance. In addition, our method captures and filters tem-
poral noise, eliminating the impact of noise more comprehensively on the semantic
representations associated with graph nodes.
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CDR methods based on partially overlapping users or items, such as CCDR, RecGURU,
FedDCSR, and PFCR, demonstrate that project-related gradients sent to the server
can improve model accuracy. From the interaction-graph perspective, these methods
mainly exploit partially shared entities to facilitate information transfer between
domain-specific interaction graphs.

FEMSR has been studied in scenarios with non-overlapping users and items. It
achieves cross-domain graph semantic alignment through an optimized k-means++
algorithm and refines cross-domain post-training node semantic representations using
FFT-based filtering layers. Although FFMSR outperforms the other baseline methods,
its performance remains below that of SFC-CDR, highlighting the potential benefits of
our model design. SFC-CDR achieves fine-grained cross-domain semantic alignment
through a cluster-anchored contrastive learning mechanism and further reduces noise
in node semantic representations using Joint Temporal-Frequency Filtering (JTFF).

4.3. Ablation Study (RQ2)

To verify the effectiveness of each core component of the SFC-CDR model, we set up

several variants.

w /o Semantic Contrastive Learning Mechanism (SCLM): In cross-domain semantic
alignment, SCLM is removed, and the model only performs clustering alignment
between the semantic representations of nodes across interaction graphs from different
domains.

w /o Temporal Convolutional Network (TCN): In temporal filtering, TCN is removed,
and ID embedding does not extract the temporal dependencies of user interactions
along the corresponding graph-structured interaction sequences.

w/o frequency-domain filtering (FF): In frequency-domain filtering, the MoE adapter
and FFT-based module are removed, and no filtering operation is performed on cluster
encoding associated with the graph nodes.

w /o Temporal-Frequency Refinement Gating (TFRG) filtering: In mixed filtering modal-
ities, this filtering operation is removed, and the temporal dependencies extracted in
the temporal domain are directly fused with the text features filtered in the frequency
domain to form node representations associated with the corresponding interactions.

The results of the ablation study are presented in Table 4.

Table 4. Ablation analysis on OnlineRetail-Pantry and Office-Arts.

OR Pantry Office Arts
Variants Recall NDCG Recall NDCG Recall NDCG Recall NDCG
@10 @50 @10 @50 @10 @50 @10 @50 @10 @50 @10 @50 @10 @50 @10 @50

w/0SCLM  0.1709 0.4138 0.0757 0.1311 0.0715 0.1866 0.0329 0.0573 0.1310 0.2112 0.0906 0.1084 0.1303 0.2458 0.0728 0.0981
w/o TCN 0.1714 0.4185 0.0762 0.1325 0.0721 0.1859 0.0330 0.0573 0.1326 0.2119 0.0908 0.1088 0.1308 0.2466 0.0736 0.0986
w/o FF 0.1716 0.4215 0.0766 0.1334 0.0728 0.1867 0.0334 0.0582 0.1341 0.2121 0.0921 0.1089 0.1311 0.2464 0.0739 0.0989
w/oTFRG  0.1719 0.4204 0.0773 0.1326 0.0726 0.1864 0.0342 0.0579 0.1328 0.2124 0.0909 0.1091 0.1332 0.2480 0.0732 0.0988
SFC-CDR 0.1721 0.428 0.0777 0.1339 0.073 0.1871 0.0339 0.0587 0.1337 0.2129 0.0912 0.1096 0.1315 0.2474 0.0742 0.0995

Based on the above results, the constituent modules of the SFC-CDR model contribute

to its overall recommendation performance.

Without SCLM, “w /o SCLM” shows a performance decrease of 2.1% and 3.04% in
terms of Recall@10 and NDCG@10 compared to SFC-CDR. This suggests that SCLM
contributes to semantic alignment across interaction graphs from different domains.
Pruning the module that captures the time series dependencies of user interactions
(“w/0 TCN”) leads to a decline in Recall@N and NDCG@N, suggesting that capturing
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the dynamic behaviors of user interactions contributes to recommendation perfor-
mance. By efficiently utilizing the sparse interaction data in the target domain, TCN
can capture users’ evolving interest preferences, thereby improving the recommen-
dation accuracy of the model from the perspective of graph-structured user—item
interactions.

The performance degradation in “w/o Frequency-domain filtering” suggests the
presence of noise and pseudo-semantics in the cluster encoding received from the
client-side, indicating that frequency-domain filtering can help refine cluster encodings
associated with graph node semantics.

By comparing SFC-CDR with the “w/o TFRG” module, we can see that the fusion of
temporal dependencies in user interactions and semantic features contributes to fore-
casting users’ next interaction and jointly refining graph node semantic representations
with temporal interaction information.

4.4. Impact of Hyperparameters (RQ3)

On the OnlineRetail-Pantry platform, we conduct experiments on three key hyperpa-

rameters: the TCN convolution kernel size s, the number of clustering centroids K, and the
semantic encoding layer a. We aim to explore the impact of these parameters on SFC-CDR.
The experimental results are presented in Figures 3 and 4 for s, Figures 5 and 6 for K, and

Figures 7 and 8 for a.
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Figure 6. Impact of the number of clustering centroids K on Office-Arts.
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Figure 7. Impact of the semantic encoding layer a in PLM on OnlineRetail-Pantry.

4.4.1. Impact of s

In Figures 3 and 4, when s is set to 3, SFC-CDR can achieve the best effect. This
shows that the convolution kernel size in the model for modeling temporal dependencies of
graph-structured user—item interaction sequences effectively balances performance, noise
robustness, and model complexity.
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4.4.2. Impact of K

From Figures 5 and 6, we can observe that, when the number of clustering centroids
is 120, the best performance can be obtained. If the clustering centroids are smaller, they
will lead to insufficient data in each category; if the clustering centroids are larger, it will
lead to the clustering results not being able to reflect the true structure of the data and
the semantic organization of node representations across interaction graphs from different
domains, making the model results deviate from the true values.

4.4.3. Impact of a

The variation in the number of semantic encoding tiers in PLM has a non-negligible
impact on SFC-CDR. Figures 7 and 8 intuitively show that in the dimensionality of feature
fetching, a = 2 can form a good balance between holding key semantic information of graph
nodes and suppressing redundant noise.

4.5. Different Coarse-Grained Alignment Methods (RQ4)

Since the setting involves non-overlapping users and items and must satisfy privacy-
preserving constraints, we adopt an unsupervised clustering approach to achieve alignment
of node semantic representations across interaction graphs from different domains. We
select three mainstream clustering methods: DEC, K-means, and K-means++, and com-
pare them with SFC-CDR under the same experimental setting with a fixed number of
clustering centers. The experimental outcomes are shown in Table 5. It can be observed
that K-means++ slightly outperforms DEC on the OnlineRetail dataset, while SFC-CDR
achieves the best performance on most metrics across all datasets. This indicates that SFC-
CDR enables better alignment of semantic features associated with graph nodes, thereby
improving recommendation performance.

Table 5. Results of clustering methods on OnlineRetail-Pantry and Office-Arts.

OR Pantry Office Arts
Variants Recall NDCG Recall NDCG Recall NDCG Recall NDCG
@10 @50 @10 @50 @10 @50 @10 @50 @10 @50 @10 @50 @10 @50 @10 @50
DEC 0.1719 0.4312 0.0773 0.1337 0.0729 0.1866 0.0335 0.0573 0.1329 0.2112 0.0906 0.1084 0.1303 0.2458 0.0740 0.0989
K-means 0.1708 0.4185 0.0762 0.1325 0.0721 0.1859 0.0330 0.0573 0.1326 0.2119 0.0908 0.1088 0.1308 0.2466 0.0736 0.0986
K-means++ 0.1717 0.4236 0.0771 0.1334 0.0728 0.1867 0.0334 0.0582 0.1341 0.2121 0.0910 0.1089 0.1311 0.2464 0.0749 0.0989
SFC-CDR 0.1721 0.428 0.0777 0.1339 0.073 0.1871 0.0339 0.0587 0.1337 0.2129 0.0912 0.1096 0.1315 0.2474 0.0742 0.0995
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4.6. Cross-Domain Semantic Consistency (RQ5)

To further examine the semantic consistency of the proposed cross-domain clustering,
we compare the semantic similarity of cross-domain item pairs within the same cluster
(intra-cluster) and across different clusters (inter-cluster). As shown in Tables 6 and 7, both
the original PLM-based evaluation and the cross-PLM evaluation using Sentence-BERT
show a consistent pattern: the Intra-cluster semantic similarity is higher than the inter-
cluster similarity for both domain pairs. These results suggest that the proposed clustering
captures meaningful semantic relationships among cross-domain items.

Table 6. Cross-domain semantic consistency between intra-cluster and inter-cluster item pairs.

Domain Pair Intra-Cluster Inter-Cluster Agemantic
OR-Pantry 0.8335 0.7674 +0.0661
Office—Arts 0.8876 0.8513 +0.0363

Table 7. Cross-domain semantic consistency between intra-cluster and inter-cluster item pairs (cross-
PLM validation via Sentence-BERT).

Domain Pair Intra-Cluster Inter-Cluster Agemantic
OR-Pantry 0.1714 0.1565 +0.0149
Office—Arts 0.2610 0.2251 +0.0358

5. Conclusions

In this paper, we have proposed a Semantic Federated Clustering-driven Cross-
Domain Recommendation model (SFC-CDR) for cross-domain recommendation scenarios
where entities in the source and target domains are non-overlapping. From the interaction-
graph perspective, these scenarios correspond to interaction graphs from different domains
with no explicit shared-node correspondence. Specifically, a clustering anchor contrastive
learning module captures deep semantic correlations among node text representations
to achieve more precise semantic space alignment, enabling knowledge transfer across
non-overlapping users and items. To thoroughly filter redundant semantic noise, we
introduce Joint Temporal-Frequency Filtering (JTFF) that operates on both temporal de-
pendencies of user behaviors in graph-structured user—item interactions and dependency
relationships in text semantic features associated with graph nodes, thereby enhancing the
model’s robustness and accuracy against heterogeneous noise. Experimental results on
four public datasets demonstrate that the proposed model significantly outperforms all
baseline models.

In the future, we plan to explore time-series noise processing to better extract long-
term user behavior preferences from graph-structured interaction sequences. We also
realize that our model is highly dependent on item text descriptions as semantic attributes
of graph nodes, and its applicability can be significantly limited if the text information in
the dataset is missing or insufficient. The evaluation is conducted on two domain pairs
from e-commerce domains; generalization to more heterogeneous domains remains to

be explored.
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