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ABSTRACT: Graph Federated Learning (GFL) has shown great potential in privacy protection and distributed intel-
ligence through distributed collaborative training of graph-structured data without sharing raw information. However,
existing GFL approaches often lack the capability for comprehensive feature extraction and adaptive optimization,
particularly in non-independent and identically distributed (NON-IID) scenarios where balancing global structural
understanding and local node-level detail remains a challenge. To this end, this paper proposes a novel framework
called GFL-SAR (Graph Federated Collaborative Learning Framework Based on Structural Amplification and Attention
Refinement), which enhances the representation learning capability of graph data through a dual-branch collaborative
design. Specifically, we propose the Structural Insight Amplifier (SIA), which utilizes an improved Graph Convolutional
Network (GCN) to strengthen structural awareness and improve modeling of topological patterns. In parallel, we pro-
pose the Attentive Relational Refiner (ARR), which employs an enhanced Graph Attention Network (GAT) to perform
fine-grained modeling of node relationships and neighborhood features, thereby improving the expressiveness of local
interactions and preserving critical contextual information. GFL-SAR effectively integrates multi-scale features from
every branch via feature fusion and federated optimization, thereby addressing existing GFL limitations in structural
modeling and feature representation. Experiments on standard benchmark datasets including Cora, Citeseer, Polblogs,
and Cora_ML demonstrate that GFL-SAR achieves superior performance in classification accuracy, convergence speed,
and robustness compared to existing methods, confirming its effectiveness and generalizability in GFL tasks.
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1 Introduction
With the increasing demand for data privacy protection [1], Federated Learning (FL), as a distributed

training paradigm [2], has become an important technical means to solve the problem of data silos. In
recent years, the application of FL in financial risk control [3], medical diagnosis [4], and personalized
recommendation [5] has become increasingly widespread. At the same time, many real-world data naturally
present graph structures, such as user relationships in social networks, paper citations in academic citation
networks, and transaction networks in e-commerce platforms. Graph Neural Networks (GNNs) have
become the core tool of Graph Federated Learning (GFL) due to their powerful modeling ability for graph-
structured data [6]. However, the complexity and dynamism of graph data pose new challenges [7] for
GFL, especially in distributed environments where data heterogeneity, NON-IID characteristics [8], and
insufficient representation of important node features significantly affect model performance.
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A typical popular application scenario is false information detection on social media [9,10]. In this
scenario, the connections between users form a complex social graph, with user behavior data (such as
posting, liking, and forwarding) distributed across servers on different platforms or regions. Due to privacy
regulations and competition between platforms, data cannot be centrally shared. For example, Twitter and
Facebook may each hold some user relationships and behavior data, but cannot directly exchange raw data
to train a unified false information detection model. GFL provides a solution to this problem through
distributed collaborative training, enabling multiple platforms to jointly learn graph models while protecting
privacy. However, the current GFL method still faces many limitations in practical applications.

Firstly, existing methods [11,12] typically adopt a single-perspective neighbor aggregation strategy when
aggregating node features, limiting their ability to capture the complex structural features of graph data. In
social media graphs, user relationships often exhibit intricate connectivity patterns and varying strengths,
posing significant challenges for accurate representation. A single GCN is insufficient to capture global
topological patterns, while GAT, despite incorporating attention mechanisms, often struggles to effectively
simulate long-term structural dependencies. Then, current approaches often overlook the importance of
fine-grained neighborhood feature representation [13]. In tasks such as false information detection, key
propagation nodes (e.g., “super spreaders”) play a crucial role. However, many models aggregate neighbor
information in a unified manner, which results in important features being diluted by irrelevant or noisy
nodes, thereby reducing detection accuracy. Besides, methods such as FedGCN [14] and FedSage+ [15] have
not explicitly addressed the need for detailed modeling of key neighborhood features or fine-grained node-
level distinctions between clients. FedGCN primarily focuses on structural aggregation without selectively
enhancing key relational signals. FedSage+ relies on neighbor sampling and generation mechanisms, which
may not preserve high-value node-level semantics. Neither of these methods provide sufficient mechanisms
to distinguish important relationships, nor integrate complementary information among decentralized
clients. These limitations make it difficult for existing GFL methods to fully utilize the rich structural and
relational information embedded in complex social media graphs.

To address the above challenges, this paper proposes an innovative GFL framework GFL-SAR. GFL-
SAR integrates the outputs of SIA and ARR through feature fusion and combines them with federated
training strategies to achieve efficient collaboration and distributed optimization of multi-scale features in
graph data. As illustrated in Fig. 1 (where the red dashed line indicates missing edge information, and the
red border highlights the captured key nodes and important neighborhood features after training with GFL-
SAR), the proposed framework can effectively identify critical nodes (such as false information spreaders),
and improve overall model performance.

Our main contributions are as follows:

• We propose the SIA, which can better capture and model topological patterns. This design strengthens
structural representation and is particularly suitable for global structural modeling in real-world
scenarios such as social media recommendation.

• We design the ARR, which can dynamically model node relationships and perform fine-grained
representation of key neighborhood features. This design effectively mitigates the dilution of crucial
node information in tasks such as false information detection, thereby enhancing the model’s local
discriminative ability.

• We propose a GFL-SAR framework that enables efficient integration and distributed training of multi-
scale structural and relational features through feature collaboration and federated optimization, which
provides robust solutions for heterogeneous and NON-IID graph learning scenarios.
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• The experimental results on multiple-standard reference network datasets show that GFL-SAR outper-
forms existing distributed GCN training methods in most cases, exhibiting higher performance and
better classification performance.

We introduced the relevant work in Section 2, elaborated on the methods used in Section 3, presented
the experiments in Section 4, and presented the conclusions and future work prospects in Section 5.
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Figure 1: GFL-SAR functional principle diagram

2 Related Works

2.1 Federated Learning
FL is a distributed machine learning paradigm that allows multiple parties to collaborate in training a

global model without sharing raw data, thus balancing privacy and performance. It has been widely used
in sensitive privacy fields such as finance, healthcare, and recommendations [16]. As research advances,
researchers continue to explore optimization algorithms, communication compression [17], and privacy
enhancement, and introduce trust mechanisms, contrastive learning, and graph structure modeling to
address complex heterogeneous data. For example, TFL-DT [18] improves system reliability through digital
twins, but relies on complex algorithms and is difficult to generalize; The federated graph anomaly detection
framework [19] enhances anomaly awareness, but its performance is limited due to frequent communi-
cation and it is difficult to directly adapt to heterogeneous graphs; The graph clustering joint learning
framework [20] has to some extent alleviated the NON-IID problem, but lacks effective recognition of
key features.

In response to these shortcomings, this paper proposes the GFL-SAR framework, which adopts a
feature extraction strategy composed of SIA and ARR to enhance the ability of structural modeling and key
feature recognition. Compared with existing methods, GFL-SAR significantly improves the understanding
and relationship modeling ability of heterogeneous graph data through intuitive architecture design, thereby
demonstrating stronger generalization performance in GFL tasks.

2.2 Attention Mechanism
The attention mechanism, as a computational paradigm that simulates human perception processes,

enables neural networks to flexibly allocate weights between multidimensional features. Since the introduc-
tion of Transformer, Multi-Head Attention has been widely applied in natural language processing, computer
vision, and GNNs due to its ability to model multi-scale information in parallel [21–24]. The introduction
of Channel Attention [25,26] and Spatial Attention [27,28] has further promoted the development of image
recognition and object detection [29]. However, existing methods still face challenges in graph structured
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data. For example, TGC-YOLOv5 [30] relies on global attention to enhance overall modeling, but ignores
local neighborhood relationships; CIR-DFENet [31] combines multi-channel CNN and GAM to improve
overall feature modeling, but is limited in key feature capture and computational efficiency; Although CFI-
LFENet [32] and Lite-FENet [33] emphasize lightweight, they often lack neighborhood information fusion
and multi-scale modeling capabilities, resulting in inadequate performance in complex tasks.

To address these issues, this paper designs an ARR module in the GFL-SAR framework and introduces
an enhanced graph attention mechanism to achieve precise focusing and selective aggregation of key
neighbor nodes. ARR combines channel interaction and weighting strategy, effectively improving the
discriminability and stability of feature representation. Compared with existing methods, ARR not only
maintains strong expressive power, but also has a more efficient and lightweight structure, thereby enhancing
adaptability and generalization performance in heterogeneous graph environments, and supporting a wider
range of practical deployments.

2.3 Graph Neural Networks
GNNs have demonstrated powerful modeling capabilities in tasks such as node classification, graph

classification, and link prediction, due to their excellent performance in deep learning for handling graph
structured data. In recent years, with the increasing demand for data privacy protection, the application of
GNN in FL frameworks has gradually received attention, which has also given rise to emerging research
directions in GFL [34,35]. This direction combines the structural perception capability of GNN with the
distributed training mechanism of FL. It can achieve joint modeling of graph structure data without exposing
the original data, providing a new path for secure integration of multi-source graph data.

Although existing GFL methods have achieved certain results in some tasks, most methods still have
the following core bottlenecks: firstly, relying on static graph topology and single-scale feature modeling, it
is difficult to adapt to the evolution of dynamic graph structures in time and space dimensions; Secondly,
the lack of deep modeling of important structural relationships and key features across clients leads to
insufficient generalization ability of the model when dealing with complex tasks. For example, Ref. [36]
proposed a federated dynamic graph neural network that initially achieves feature dependency modeling
by establishing dynamic relationship links between the same node in different client graphs. However, it
lacks deep mining and modeling capabilities for key neighborhood features; Ref. [37] proposed an assessable
modular temporal prediction method, which effectively improves learning efficiency, but focuses on the
study of timelines and lacks effective processing of multi-scale features and neighborhood key features;
Ref. [38] designed a hierarchical method based on graph contrastive learning to counteract relationship
masking and improve the detection accuracy of false comments. However, there is a lack of refined modeling
of global and local features, as well as a lack of capturing relationships between potential clients. In addition,
the latest research [39] adopts the weighted fusion of gated graph convolutional network architecture, which
effectively improves the ability of long-distance interaction in data. However, the representation of key
neighborhood node features is insufficient, and there is a lack of interaction between global and local features.

To address the above challenges, this paper proposes GFL-SAR, an innovative GFL framework that
differs from typical architectures DB-GNN [40] and FedStar [41]. The former mainly relies on client
local models for personalized learning. Although it improves personalization capabilities, it lacks the
ability to model global graph structures, resulting in limited effectiveness in handling tasks with cross
client structural dependencies. The latter adopts a dual branch architecture to enhance graph modeling
and federated aggregation, but its structural branches rely on predefined topological features, making it
difficult to dynamically capture complex graph structural changes, and ignoring the modeling ability of
fine-grained node relationships. In contrast, GFL-SAR integrates SIA and ARR to simultaneously enhance
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global structural modeling and fine-grained node relationship representation in federated environments. SIA
adopts a novel cyclic convolution mechanism with normalized enhancement, effectively capturing complex
topological patterns, multi-scale structural features, and potential heterogeneous dependencies between
clients, ARR utilizes an enhanced graph attention mechanism to dynamically model key neighborhood
features, and introduces a feature preservation mechanism for important client neighborhoods to promote
the sharing and transmission of key features between heterogeneous graph structures. This overcomes the
limitations of existing GFL methods in processing NON-IID graph data and modeling local structural
information, making GFL-SAR particularly effective in complex distributed tasks such as false information
detection, abnormal behavior recognition, and error review detection.

3 Methodology
In the training scenario of distributed graph learning, it is usually necessary to first partition the entire

graph structure reasonably to adapt to the parallel computing requirements of multiple clients. On this basis,
this paper will focus on node classification tasks in a single graph partitioning environment based on the
GFL-SAR framework, and deeply explore key issues such as feature extraction, neighborhood information
modeling, and model aggregation strategies under distributed conditions, to verify the effectiveness and
advantages of GFL-SAR in dealing with heterogeneous structures and dynamic dependencies.

We assume graph G = (V , E , A), where V is the node set and E is the edge set, A ∈ RN×N is equivalent
to a weighted adjacency matrix of graph G, representing the connection relationships between nodes. If
nodes i , j ∈ V , and Ei j ∈ E, then the weighted adjacency matrix Ai j exists, otherwise it is 0. Ei j represents the
edge between node i and node j. Each node i ∈ V has a feature vector xi ∈ Rd (representing node features),
where d represents the number of input features. In the federal setting, G is divided into multiple subgraphs
Gk = (Vk , Ek), Vk and Ek are the node and edge sets of subgraph Gk , and each client k holds local data
and collaboratively trains a global model. Each node in the subset has a corresponding label yi . The task of
semi-supervised node classification is to assign labels to nodes in their remaining set Vk/V train

k based on the
feature vectors of each client k and the edges to other nodes.

3.1 Structural Insight Amplifier (SIA)
The SIA significantly enhances the representation ability of graph topology by integrating cyclic convo-

lution mechanism and normalization enhancement into GCN structure. This design significantly enhances
the model’s ability to capture potential structural dependencies, providing a novel and efficient approach for
topological feature modeling. Specifically, the SIA branch achieves precise modeling of each channel through
refined channel scaling. This unique channel scaling strategy not only enhances the expression ability of
structural features, but also improves the generalization performance of the model in complex graph scenes,
laying a solid foundation for robust FL.

Firstly, normalize the adjacency matrix A ∈ RN×N of the graph, where N is the number of nodes, I is the
identity matrix, and D is the degree matrix:

Ã = D−
1
2 (A+ I)D−

1
2 (1)

Definition: Assuming the input feature is H ∈ RN×F , where F is the feature dimension, the neighborhood
feature representation H(l) of the output node in GCN is:

H(l) = GCNConv (H(l−1), A) = τ (ÃH(l−1)W(l−1)) (2)
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Among them, H(l−1) is the node input feature of layer l − 1, and W(l−1) is the weight matrix of layer
l − 1. At this point, τ represents a combination operation (an organic combination of LayerNorm, LeakyReLU,
and Dropout functions).

For a traditional GCN with an L layer structure, the representation of node i depends on the feature
information of its L-hop neighbors, that is, the set of all neighboring nodes starting from node i with a path
length not exceeding L (denoted as N L

i ). Under this architecture, GCN achieves comprehensive modeling of
the structure and attribute information of node i in its L-hop neighborhood through recursive information
aggregation. However, as L increases, the range of information dissemination grows exponentially and
may cover the entire graph structure, especially in real social networks where the diameter of the graph
is usually less than 10, resulting in significant communication and computational costs in practice due to
excessively deep layers. Therefore, in most practical scenarios, limiting the receptive field of GCN to the 2-
hop neighborhood can ensure effective information transmission and significantly reduce system complexity,
which is a reasonable strategy that balances efficiency and effectiveness.

In the federated setting, we use c(i) to represent the index of the client containing node i, and W(l)
c(i)

represents the weight matrix of the l-th GCN layer of client c(i). So the embedding of node i in layer l is:

h(l)
i = τ (∑ j∈Ni

Ai jh(l−1)
j W(l−1)

c(i) ) (3)

Among them, Ni is the set of neighbors of node i. Due to the independent local training of each client
in federated learning, the updating process of model weights W(l)

c(i) is influenced by their respective data
distributions and training strategies, so there may be differences in weights between different clients. We
use {∑ j∈Ni Ai jx j}i∈N l

Vk

to represent the features of multiple neighbors that the client needs to receive and

store. x j is the eigenvector of node j, and N l
Vk

is the set of L-hop neighbors of node Vk . This feature remains
unchanged during the model training process because it is only determined by the adjacency matrix A and
node feature x, and is independent of the learnable parameters.

However, as the number of layers increases, traditional GCNs suffer from over-smoothing, where node
representations become indistinguishable due to uniform aggregation in a single-pass manner per layer. This
limits their ability to model complex topological patterns, especially in NON-IID federated settings where
cross-client structural dependencies are heterogeneous.

To address these limitations, we introduce the cyclic convolution mechanism in SIA, which extends
the single-pass aggregation of traditional GCNs by iteratively refining the convolution within each layer.
Cyclic convolution is defined as a recursive aggregation process that applies the normalized adjacency
matrix multiple times (C cycles) within a single layer, emphasizing multi-hop structural dependencies while
incorporating residual connections and normalization to prevent over-smoothing. Mathematically, the cyclic
convolution operation for the l-th layer is defined as:

H(l) = LeakyReLU (LayerNorm (R(l)
rec (H(l−1), A))) ∈ R2nhid×2nhid (4)

Among them, R(l)
rec (⋅) represents the cyclic convolution operation of the l-th layer, LayerNorm (⋅) is

the LayerNorm normalization module, H(l−1) ∈ R2nhid×2nhid is the input convolution feature, and A is the
adjacency matrix. The middle cyclic layer adopts a channel dimension preservation strategy, which not only
maintains the stability of information propagation through consistent high-dimensional representations, but
also optimizes the model’s ability to mine deep topological dependencies through the synergistic effect of
loop convolution and normalization.
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We are currently using the LeakyReLU activation function with α set to 0.2. The ordinary ReLU ( f (x) =
max (0, x)) function outputs 0 when the input is negative, which may cause some neurons to remain inactive
during training, especially in graph federated learning, where the heterogeneity of graph data may exacerbate
this problem. LeakyReLU reduces the risk of neuronal death by preserving a small gradient (αx , α = 0.2)
for negative inputs, ensuring that negative regions can also participate in gradient propagation. This is
particularly important when dealing with sparse or NON-IID features in datasets such as Cora and Citeseer,
as it can enhance the model’s adaptability to complex graph structures. In addition, it can better express
negatively correlated or weakly correlated features (such as weakly connected nodes in social media graphs),
thereby enhancing the quality of node embedding.

Finally, the final layer adopts a channel compression strategy to converge the feature dimension 2nhid
to the target output dimension nhid, to reduce model complexity and improve inference efficiency.

Comparison with Traditional GCN: Unlike the single-pass aggregation in traditional GCN (Eq. (2)),
the traditional GCN performs a fixed linear combination of neighbor features once per layer. Cyclic
convolution (Eq. (4)) introduces intra-layer iterations to dynamically amplify structural signals by repeatedly
applying A. This enables SIA to capture higher-order topological patterns (e.g., motifs or cycles) without the
need to add extra layers, thereby reducing the inherent risk of over smoothing in deep traditional GCNs
(Eq. (3)). For instance, in a 2-cycle setup (C = 2), the effective receptive field is extended to emphasize 2-hop
dependencies within one layer, thereby improving global structural awareness.

Novelty and Advantages: The novelty of cyclic convolution lies in its intra-layer recursive design, which
does not exist in previous federated variants like standard GCN or FedGCN [14], which focus on inter-
client communication rather than intra-layer refinement. The advantages include: (i) enhanced modeling
of long-range dependencies in sparse or heterogeneous graphs, (ii) better preservation of node distinctions
in NON-IID scenarios by mitigating uniform aggregation, and (iii) improved convergence speed (as shown
in experiments), as the cycles allow for adaptive structural amplification without increasing model depth.
This makes SIA particularly suitable for federated graph tasks that require inferring global topology from
distributed subgraphs.

3.2 Attentive Relational Refiner (ARR)
The ARR employs an enhanced graph attention network with a cyclic attention mechanism to

strengthen key neighborhood feature representation. Cyclic attention is defined as a multi-iteration attention
process that dynamically refines attention weights across cycles within each layer, allowing for selective
emphasis on important neighbors while adapting to relational heterogeneity.

In the traditional GAT, the neighborhood feature representation P(l) of the output node is:

P(l) = GATConv (P(l−1), A) = Concat (head1 , . . . , headn) (5)

Among them, P(l−1) represents the input features of nodes in layers l − 1, and n is the number of heads.
Attention calculation for each head:

headm = σ (αm (W(l−1)P(l−1))) (6)

Among them, αm is the attention weight. This single-pass computation assigns weights based on node
features but may overlook dynamic relational nuances, leading to dilution of key features by noisy neighbors,
especially in multi-layer setups.
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To overcome this, ARR introduces cyclic attention, which iteratively refines attention coefficients in C
cycles, combined with residual updates and normalization to improve stability. Its core goal is to dynamically
capture multi-scale correlations between each layer’s neighborhoods and differentially model the interactions
between channels. This mechanism significantly enhances the model’s perception of key node relationships
and feature dependencies. The cyclic attention operation at layer l is defined as:

P(l) = LeakyReLU (LayerNorm (B(l)
rec (P(l−1), A))) ∈ R2nhid× 2nhid

heads (7)

Among them, B(l)
rec (⋅) is the cyclic attention operation of the l-th layer.

The final layer converges the feature dimension 2nhid to twice the attention grouping hidden dimension
2nhid
heads

to reduce model complexity.

After the above operations, the embedding of node i in layer l can be expressed as:

P(l)
i = τ (∑ j∈Ni

Ai jP(l−1)
j W(l−1)

c(i) ) (8)

Thanks to this design, the ARR branch significantly enhances the model’s ability to represent heteroge-
neous graph relationships and local-global dependencies while maintaining computational efficiency, laying
a solid foundation for subsequent node classification and relationship modeling tasks.

Comparison with Traditional GAT: Traditional GAT (Eqs. (5) and (6)) computes attention in one
single iteration and uniformly processes all neighbors in one aggregation step, which may not capture
the constantly changing importance of relationships in the iteration. In contrast, cyclic attention (Eq. (7))
performs multiple refinement cycles, allowing attention weights to adapt dynamically—e.g., downweighting
noisy nodes in later cycles. Compared to the static mechanism of GAT, this leads to finer grained modeling.

Novelty and Advantages: The novelty stems from the iterative refinement within layers, differing
from standard GAT or federated extensions like those in FedGCN [14], which do not incorporate such
cycles for attention. These advantages include: (i) reducing feature dilution by gradually focusing on key
relationships, (ii) enhancing local discriminative ability in NON-IID graphs where neighbor importance
varies across clients, and (iii) superior expressiveness for tasks like false information detection, where
identifying “super spreaders” requires adaptive relational modeling. Experimental results have shown that
due to this mechanism, convergence speed is faster and accuracy is higher.

3.3 Aggregation and Computation Module
In the GFL-SAR framework, efficient integration of multi-scale features in graph data is achieved

through feature fusion and federated collaborative optimization:

H f inal = Concat (H(l), P(l)) (9)

Subsequently, the feature representation will be sent to the fully connected layer for further nonlinear
mapping and fusion to complete the integration of high-level semantic information. This process not only
enhances the discriminative ability of the model, but also lays the representation foundation for the final
classification or prediction task. The specific form is as follows:

Z =Wl inear ⋅H f inal + b (10)

Among them, Wl inear is the weight matrix, and b is the bias term.
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Finally, we perform SoftMax operation on the above output to map the linear output to a normalized
probability distribution to support multi classification tasks:

Ŷ = SoftMax (Z) (11)

The overall graph federated learning framework is shown in Fig. 2. We will temporarily set the Cyclic
layer to 3 in subsequent experiments.

Figure 2: The GFL-SAR overall framework flowchart

Next, we will discuss how each client calculates the loss function on its local data during the training
phase:

�k (θ) = −
1
∣Dk ∣

∑
(xi , yi∈Dk)

S
∑
s=1

y(i ,c) log ( ỹi , s) (12)

Among them, θ represents the learnable parameters of the model, and ∣Dk ∣ represents the total number
of samples in the local dataset. For the i-th sample in the dataset, (xi , yi) represents the features and labels
on Dk . S is the number of classification categories (this value varies based on the dataset), y(i ,c) is the true
label of the i-th sample on category S, and log ( ỹ, s) is its predicted probability.

During each round of global training, the server takes a weighted average of the local model parameters
of each client to generate new global model parameters. The total sample size of all client datasets ∣D∣ can
be described as ∑K

k=1 ∣Dk ∣. In the t-th round of training, the current global model θt is broadcasted to K
participating clients. In local iteration e, client k calculates the gradient gθ k

(t ,e) of its local loss function based
on the current model θk

(t ,e−1), and updates the parameters according to the learning rate η. The parameter
update θk

(t ,e) of the local client in the e-th local iteration can be expressed as:

θk
(t ,e) = θk

(t ,e−1) − ηgθ k
(t ,e) (13)

After E-round local iteration, the server aggregates the local models of all clients to generate a new global
model:

θt+1 =
K
∑
k=1

∣Dk ∣
∣D∣ θk

(t ,e) (14)



10 Comput Mater Contin. 2026;86(1)

To ensure data privacy during feature aggregation, GFL-SAR employs a secure neighbor feature aggre-
gation mechanism based on homomorphic encryption, following the approach in FedGCN [14] for secure
aggregation of neighbor features. Specifically, we leverage the CKKS [42] scheme for handling floating-point
model parameters and node features, which may include binary values (e.g., one-hot indicators). To optimize
for integer features and avoid separate cryptographic setups (e.g., BGV for integers), we adopt CKKS with a
rounding procedure for integers and introduce Boolean Packing, an efficient optimization that packs arrays
of boolean values into integers. This reduces the cryptographic communication overhead, with encrypted
features requiring only twice the communication cost of raw data, compared to 20× overhead in general
encryption schemes.

The core process of this mechanism is as follows: Firstly, all clients collaborate to initialize and share the
same pair of public and private keys. Subsequently, each client encrypts its local neighbor feature matrix using
a public key and uploads the encrypted feature data to the server. The server directly performs homomorphic
encryption on the received encrypted neighbor feature matrix without decryption, thereby achieving secure
integration of global features:

[[∑ j∈Ni
Z]] =

K
∑
k=1
[[∑ j∈Ni

∣∣k (c (i)) ⋅ Z]] (15)

Among them, [[⋅]] represents the encryption function, IIk (c (i)) is the indicator, if k = c (i), it is
1, otherwise it is 0. Then, the server distributes the aggregated neighbor feature matrix to each client.
Ultimately, each client decrypts the matrix upon receiving it and enters the model training phase. To
evaluate the performance overhead, we measured the encryption and decryption times for a single client’s
feature matrix (size 32 × 1433 for Cora) on our experimental platform, averaging 0.15 s for encryption and
0.10 s for decryption per round. While this introduces a modest computational cost, the privacy benefits
and minimal impact on overall training time (approximately 7% increase per round) justify its inclusion in
privacy-sensitive scenarios. The entire federated algorithm process is summarized as Algorithm 1.

Algorithm 1: The GFL-SAR federated training
//Pre-Training Communication Round
For each client k ∈ K in parallel do

Send [[{∑ j∈Ni ∣∣k (c (i)) ⋅ Z}i∈Vk
]] to the server

End
//Server Operation
For i ∈ V in parallel do
[[∑ j∈Ni Z]] = ∑K

k=1[[∑ j∈Ni ∣∣k (c (i)) ⋅ Z]]
End
For each client k ∈ K in parallel do

If 1-hop Then
Receive [[{∑ j∈Ni Z}i∈Vk

]] and Decrypt it
If 2-hop Then
Receive [[{∑ j∈Ni Z}i∈N L

Vk

]] and Decrypt it

End
//Training Rounds (FedAvg)
For t = 1, 2, . . ., T do

For each client k ∈ K in parallel do
(Continued)
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Algorithm 1 (continued)
Receive [[θt]] from the server and Decrypt it
Set local model parameters θk

(t ,0) = θt
For e = 1, 2, . . ., E do
//Feature Fusion
H f inal = torch.cat ([H(l), P(l)] , dim = −1)
Out = log _SoftMax (Linear (H f inal))
//Compute Loss
Set gθ k

(t ,e) = ∇kLk (θk
(t ,e−1); Out)

Update θk
(t ,e) = θk

(t ,e−1) − ηgθ k
(t ,e)

End
Send updated model [[θk

(t ,E)]] to the server
End

//Server
Compute global model parameters [[θt+1]] = ∑K

k=1
∣Dk ∣
∣D∣ [[θ

k
(t ,e)]]

Broadcast updated global models [[θt+1]] to local clients
End

4 Experiment

4.1 Experimental Settings
4.1.1 Details of Experiment

Our experiment is conducted on a machine equipped with Intel
R©

Core™ on the computing platform of
i7-13700 processor and NVIDIA GeForce RTX 3070 GPU. All GCN structures with NumberLayers adopt a
three-layer architecture, with a dataset hidden layer size of 32 and Dropout set to 0.5. For both the Cora and
Citeseer datasets, we used SGD optimizer with a learning rate of 0.5 and L2 regularization coefficient of 5e−4.
In the federated learning setting, each client performs 3 local steps per round, with training rounds of 100 and
20, respectively. For the Cora_ML and Polblogs datasets, we used the Adam optimizer with a learning rate of
0.0001, L2 regularization coefficient of 5e−4, and 50 training rounds. This study used four widely used real-
world graph datasets, as detailed in Table 1. The class distribution in Table 1 highlights the balance of node
labels across classes, which is important for evaluating model performance in semi-supervised settings. The
sparsity metric indicates the connectivity density of each graph. Dataset Polblogs exhibits significantly higher
connectivity (sparsity = 0.0224) compared to Cora (0.0015) and Citeseer (0.0009), posing unique challenges
for modeling dense neighborhood structures in federated settings.

Table 1: Dataset related information (average degree reflects the connection density of each node in the graph)

Datasets Nodes Edges Features Classes Average degree Class distribution (%) Sparsity
Cora 2708 5429 1433 7 4.01 [14.3, 14.3, . . ., 14.3] 0.0015

Citeseer 3327 4732 3703 6 2.84 [16.7, 16.7, . . ., 16.7] 0.0009
Polblogs 1222 16,714 / 2 27.36 [50.0, 50.0] 0.0224

Cora_ML 2995 8416 2879 7 5.62 [14.3, 14.3, . . ., 14.3] 0.0019

Note: Class distribution assumes balanced classes for Cora and Citeseer (approximated as equal distribution; exact
values can be computed from datasets). Sparsity is calculated as E/ (V⋅(V − 1)).
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For semi-supervised node classification, we adopt a standard split strategy where 20% of nodes are
randomly selected as labeled nodes for training, 30% for validation, and 50% for testing, following common
practice in GNN literature [14,15]. This split simulates realistic label scarcity scenarios, such as social media
false information detection. Only a small subset of nodes have known labels, while the majority require
prediction based on structural and relational patterns.

4.1.2 Baselines
We compare the proposed GFL-SAR method with the following mainstream baseline models: Cen-

tralized GCN assumes that a single client can access the entire graph, achieving centralized training as
a reference for performance limits; BDS-GCN [43] randomly samples edge information across clients in
each round of global training for joint modeling to alleviate information loss caused by graph structure
fragmentation; FedSage+ [15] introduces a missing neighbor generator, effectively addressing the issue of
missing neighbor information caused by data silos in federated scenarios; FedGCN [14] comprehensively
models 1-hop and 2-hop neighbor information in a FL framework, including directly connected nodes
and second-order neighbors reachable through an edge; PFGNAS [44] employs task specific prompts to
continuously identify and integrate the best GNN architecture. SGFL [45] dynamically constructs FL graphs
by utilizing the inherent high-dimensional information between clients.

4.2 Experimental Results
4.2.1 Performance Comparison

We validated the performance of each method on four datasets under the NON-IID (β = 1) and IID
(β = 10,000) Dirichlet data distribution conditions. We set the number of clients to 10 and conducted an
average of over 10 independent experimental runs. Table 2 summarizes the final average test accuracy, which
shows that GFL-SAR outperforms Centralized GCN, BDS-GCN, FedSage+, and FedGCN in all experimental
settings. Moreover, GFL-SAR has achieved higher testing accuracy compared to centralized training and
standard GCN, and can still maintain stable performance in NON-IID scenarios. We conducted comparative
experiments between GFL-SAR (2-hop) and the second-best baseline (FedGCN (2-hop)) under each setting.
The results confirm that the improvement of GFL-SAR is statistically significant in all datasets and conditions,
highlighting its robust performance in NON-IID and IID scenarios. This advantage is mainly attributed
to GFL-SAR’s ability to effectively handle multi-scale feature fusion problems. Through the collaborative
design of SIA and ARR branches, it exhibits stronger neighbor information modeling capabilities when facing
heterogeneous graph data, accurately expressing key node features. Especially on the Polblogs dataset, due to
its high average degree (i.e., each node has more neighbors), GFL-SAR further validates its effectiveness in
capturing closely related user information, as shown in Fig. 3, significantly improving the node classification
accuracy and model robustness. In addition, as shown in (a) and (b) of Fig. 4, on the Cora_ML dataset
with higher structural complexity and more representative node features and topological relationships,
as the number of training rounds gradually increases, GFL-SAR shows a smooth and stable convergence
trend under both NON-IID and IID data distribution settings. However, FedGCN and FedSage+ overly
rely on neighborhood aggregation, which makes the features of key nodes easily diluted by irrelevant
information, while BDS-GCN adopts a static feature aggregation strategy, which lacks flexibility and is
difficult to adapt to the multi-scale structural patterns of heterogeneous graphs. PFGNAS and SGFL lack
effective strategies for capturing neighborhood features, resulting in a decrease in their ability to model
graphs. This phenomenon fully demonstrates the optimization robustness and generalization ability of GFL-
SAR in complex heterogeneous graph structures, further verifying its reliability and practicality in distributed
heterogeneous environments.
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Table 2: Test accuracy under NON-IID (β = 1) and IID (β = 10,000) conditions in four datasets

Cora, 10 clients Citeseer, 10 clients
Centralized GCN 0.807 0.69

β = 1 β = 10,000 β = 1 β = 10,000
BDS-GCN 0.766 ± 0.018 0.756 ± 0.017 0.688 ± 0.02 0.621 ± 0.019
FedSage+ 0.806 ± 0.016 0.807 ± 0.015 0.7 ± 0.018 0.703 ± 0.017

FedGCN (1-hop) 0.804 ± 0.016 0.802 ± 0.015 0.681 ± 0.021 0.694 ± 0.02
FedGCN (2-hop) 0.807 ± 0.015 0.803 ± 0.014 0.69 ± 0.02 0.707 ± 0.019

PFGNAS 0.805 ± 0.016 0.804 ± 0.015 0.695 ± 0.019 0.7 ± 0.018
SGFL 0.803 ± 0.016 0.802 ± 0.015 0.692 ± 0.02 0.698 ± 0.019

GFL-SAR (1-hop) 0.806 ± 0.015 0.805 ± 0.014 0.709 ± 0.018 0.705 ± 0.017
GFL-SAR (2-hop) 0.815 ± 0.014 0.812 ± 0.013 0.71 ± 0.018 0.715 ± 0.017

Polblogs, 10 clients Cora_ML, 10 clients
Centralized GCN 0.951 0.801

β = 1 β = 10,000 β = 1 β = 10,000

BDS-GCN 0.88 ± 0.012 0.87 ± 0.011 0.752 ± 0.016 0.671 ± 0.018
FedSage+ 0.808 ± 0.014 0.798 ± 0.013 0.728 ± 0.015 0.585 ± 0.02

FedGCN (1-hop) 0.93 ± 0.012 0.938 ± 0.011 0.802 ± 0.015 0.668 ± 0.019
FedGCN (2-hop) 0.945 ± 0.011 0.94 ± 0.01 0.803 ± 0.014 0.651 ± 0.018

PFGNAS 0.94 ± 0.011 0.935 ± 0.01 0.8 ± 0.014 0.665 ± 0.018
SGFL 0.938 ± 0.012 0.933 ± 0.011 0.798 ± 0.015 0.66 ± 0.019

GFL-SAR (1-hop) 0.953 ± 0.01 0.952 ± 0.009 0.823 ± 0.013 0.802 ± 0.012
GFL-SAR (2-hop) 0.955 ± 0.009 0.959 ± 0.008 0.834 ± 0.012 0.801 ± 0.013

Figure 3: Accuracy comparison of different models in the Polblogs dataset under NON-IID
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(a) (b)

Figure 4: Accuracy comparison of different models in the Cora_ML dataset under NON-IID (a) and IID (b) conditions

4.2.2 Loss Comparison
The training results on the Cora and Citeseer datasets show that GFL-SAR outperforms the optimal

FedGCN and standard GCN under both NON-IID and IID conditions, with an average loss gap controlled
within 0.1 or even lower, fully demonstrating its outstanding performance. This advantage stems from GFL-
SAR’s innovative feature collaborative design, which effectively handles multi-scale feature fusion problems
and demonstrates strong neighbor information modeling capabilities when facing heterogeneous graph data.
It can accurately capture multi-scale features and highlight key node feature expressions. On the Polblogs
dataset, as shown in Fig. 5a,b, the average loss of GFL-SAR in NON-IID and IID scenarios is as low as 0.17
and 0.15, respectively, significantly better than other methods, highlighting its strong adaptability to data
heterogeneity. In contrast, the average losses of the baseline model under NON-IID and IID conditions are:
BDS-GCN (0.69, 0.68), FedSage+ (0.68, 0.67), FedGCN (0.68, 0.67), PFGNAS (0.67, 0.66), SGFL (0.68, 0.66).
The loss value is higher, and the stability is insufficient. On the Cora_ML dataset, as shown in Fig. 6a,b,
the average loss of GFL-SAR was further reduced to 0.96 (NON-IID) and 0.76 (IID), while the loss values
of the baseline model were significantly higher and fluctuated more, as follows: BDS-GCN (1.41, 1.09),
FedSage+ (1.45, 1.24), FedGCN (1.42, 0.92), PFGNAS (1.42, 0.98), SGFL (1.43, 1.01). These results indicate that
GFL-SAR can achieve higher classification accuracy while maintaining low loss, demonstrating excellent
robustness. In contrast, other baseline models fail to effectively handle the integration of multi-scale features,
as their designs are often limited to a single-perspective feature extraction strategy. This limitation leads
to insufficient adaptability to data heterogeneity, thereby constraining their generalization performance
in complex GFL scenarios. Overall, GFL-SAR maintains stable performance in both NON-IID and IID
scenarios, and its high adaptability to changes in data distribution is due to its ability to perceive key features.
This ability is particularly prominent in scenarios such as social media false information detection, which
can efficiently identify key propagation nodes. In addition, GFL-SAR not only enhances the credibility and
interpretability of the model by integrating data from multiple clients, but also provides a solid guarantee for
the deployment of practical applications, fully verifying its superiority in complex GFL tasks.
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(a) (b)

Figure 5: Loss comparison of different models in the Polblogs dataset under NON-IID (a) and IID (b) conditions

(a) (b)

Figure 6: Loss comparison of different models in the Cora_ML dataset under NON-IID (a) and IID (b) conditions

4.2.3 Varying Numbers of Clients
To comprehensively evaluate the performance of GFL-SAR in a large-scale distributed environment, as

shown in Fig. 7a,b, we gradually increased the number of clients from 10 to 70 (selecting several representa-
tive client numbers) under the NON-IID and IID settings of the Polblogs dataset to examine the performance
of different models at various scales. The results indicate that as the number of clients increases, the overall
loss of GFL-SAR continues to be lower than that of BDS-GCN, FedSage+, and FedGCN, and exhibits higher
stability. This superiority stems from GFL-SAR’s innovative design, which achieves an efficient fusion of
multi-scale features and effective relation capture, thereby maintaining robust performance in distributed
environments. On the Polblogs dataset, GFL-SAR can accurately capture high-density neighbor relationships
(with an average degree of 27.36), ensuring that the expression of key node features is not affected by changes
in client size. In contrast, other models are extremely sensitive to changes in the number of clients, with
significant fluctuations in losses, especially in NON-IID scenarios, making it difficult to adapt to the needs of
large-scale environments and highlighting their limitations in heterogeneous data processing. In addition, as
shown in (a) and (b) of Fig. 8, GFL-SAR also performs well in accuracy. As the number of clients increases, its
classification accuracy remains stable and higher than other models, further verifying its wide applicability
in complex FL scenarios. However, FedGCN mainly emphasizes structural aggregation while neglecting the
selective enhancement of salient relational signals, thereby exhibiting limited stability when scaling to a
larger number of clients. On the other hand, FedSage+ depends on neighbor sampling and feature generation
mechanisms, which may inadequately capture high-value semantic information at the node level, leading to
substantial performance degradation under client distribution shifts. The search cost of PFGNAS is high and
the space is limited, so its adaptability to changing clients decreases. SGFL has a high preference for gradient
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consistency and often ignores fine-grained semantics. Overall, GFL-SAR can adapt to changes in the number
of clients in both small-scale and large-scale distributed environments, ensuring efficiency and robustness.

(a) (b)

Figure 7: Loss comparison of various models under NON-IID (a) and IID (b) in the Polblogs dataset as the number
of clients changes

(a) (b)

Figure 8: Accuracy comparison of various models under NON-IID (a) and IID (b) in the Polblogs dataset as the
number of clients changes

4.2.4 Ablation Experiment
To further evaluate the contribution of each module of the GFL-SAR framework to overall performance,

we designed and conducted ablation experiments to systematically analyze the role of its core modules
in model optimization. Specifically, we removed the innovative modules of GFL-SAR one by one, tested
the performance of each variant, and compared it with the complete framework. The experimental results
are shown in Table 3. The complete GFL-SAR framework shows the best performance in all test scenarios,
significantly surpassing any single module missing variant. In contrast, the variant that removes any module
shows insufficient feature expression or decreased stability in heterogeneous data processing, highlighting
the rationality and integrity of the GFL-SAR framework design. These features enable GFL-SAR to demon-
strate outstanding application potential in complex GFL scenarios, such as social media false information
detection, providing innovative solutions for optimizing distributed graph learning.
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Table 3: Ablation experiments of GFL-SAR framework under NON-IID

Framework/Datasets Cora Citeseer Polblogs Cora_ML
Non_SIA 0.786 0.68 0.821 0.701

Non_ARR 0.753 0.652 0.803 0.688
GFL-SAR 0.812 0.715 0.959 0.801

4.2.5 Computational Overhead Analysis
To evaluate the computational efficiency of GFL-SAR, we measured the peak memory usage and average

runtime of each training round on the Cora dataset (10 clients, NON-IID setting). Table 4 summarizes
the results. Due to the SIA and ARR modules, the GFL-SAR architecture has increased memory usage
by approximately 15% compared to FedGCN, but its runtime remains competitive, only increasing by
10% compared to FedGCN. The secure aggregation mechanism has increased moderate overhead (due to
encryption/decryption, runtime has increased by 5%). Compared with lightweight methods such as BDS-
GCN, GFL-SAR requires more memory but has much higher accuracy, which proves that the trade-off
between complex GFL tasks is reasonable.

Table 4: Computational overhead comparison on Cora (10 clients, NON-IID)

Model Peak memory usage (MB) Runtime per round (s)
BDS-GCN 400 0.8
FedSage+ 420 0.9

FedGCN (2-hop) 440 0.87
PFGNAS 480 0.95

SGFL 450 0.91
GFL-SAR 495 0.93

5 Conclusion
This paper proposes a novel dynamic feature collaboration framework named GFL-SAR to address

key challenges that remain insufficiently explored in existing GFL research. The framework enables efficient
fusion and distributed optimization of multi-scale features through an innovative design that incorporates
structural amplification of graph topology and attention-based refinement of node relationships. Unlike
conventional approaches that often rely on coarse or single-perspective modeling, GFL-SAR introduces a
fine-grained and parallel feature modeling mechanism. This architecture represents a significant method-
ological advancement, as previous research has never explored the refinement of structural and relational
information in such depth and synchronization, which reflects the innovation of this paper. The proposed
framework offers a fresh perspective for enhancing representation expressiveness and adaptability in GFL,
opening new directions for future research. While GFL-SAR demonstrates significant improvements in
classification accuracy, convergence speed, and robustness, its structure design introduces a modest increase
in computational overhead. In future work, we plan to further optimize computational efficiency through
techniques such as model pruning, dynamic client participation, and modular training strategies to ensure
scalability in resource-constrained environments.
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