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Abstract

Federated Graph Learning (FGL) has emerged as a princi-
pled framework for decentralized training of Graph Neu-
ral Networks (GNNs) while preserving data privacy. In
subgraph-FL scenarios, however, structural noise arising
from data collection and storage can damage the GNN
message-passing scheme of clients, leading to conflicts in
collaboration. Existing approaches exhibit two critical lim-
itations: 1) Globally, they fail to identify corrupted clients,
causing destructive knowledge inconsistencies. 2) Locally,
the global GNN performs poorly on these clients due to
structural noise, limiting their ability to benefit from feder-
ated collaboration. To address these challenges, we pro-
pose FedSDR, a spectra-based FGL framework against
high-structural-noise scenarios. Specifically, Structural
Noise-Aware Aggregation (SNAA) introduces a structural
fidelity evaluation metric to detect corrupted clients and
reduce their contributions, thereby mitigating the impact
of noise on the global GNN. Furthermore, Robust Local
Structure Reconstruction (RLSR) leverages the knowledge
from the healthy global model to repair locally corrupted
graph structures. Extensive experiments demonstrate that
FedSDR outperforms state-of-the-art methods across vari-
ous scenarios under structural noise. The code is available
at https://github.com/Subtleazure/FedSDR.

1. Introduction

Graph Neural Networks (GNNs) [37, 41, 44, 67] have
emerged as a powerful framework for learning from graph-
structured data, leveraging message-passing mechanisms to
capture complex relational patterns. However, traditional
GNNs training paradigms rely on centralized access to the
entire graph [55, 56], which becomes impractical in the real
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Figure 1. Problem illustration. The structural integrity of client
graphs is fundamental to the efficacy of both local and global
message-passing schemes. Structural noise in local graphs criti-
cally disrupts this integrity, creating two primary challenges under
high-structural-noise scenarios. (a) Globally, structural noise dam-
ages the message-passing scheme of clients, introducing harm-
ful knowledge that causes knowledge inconsistencies and un-
dermines collaborative learning. (b) Locally, such noise disrupts
message-passing schemes of the global model, resulting in biased
node representations, yielding unreliable inference and degraded
model performance on corrupted clients.

world due to privacy considerations [63]. This limitation
is particularly acute in domains such as healthcare [35], fi-
nance [42], and social networks [63]. To address these chal-
lenges, recent advances have integrated Federated Learning
(FL) [29, 39] with GNNs, giving rise to Federated Graph
Learning (FGL) [48, 50, 64]. FGL extends FL principles to
decentralized graph data, enabling clients to collaboratively
train GNNs while preserving their privacy.

However, the increasing scale of distributed systems intro-
duces vulnerabilities, as transmission errors, system mal-
functions, or malicious activities may lead some clients to
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Figure 2. Phenomenon Demonstration. (a) The test accuracy comparison between models trained on corrupted and clean graphs under
FedAvg, with a corruption ratio of 1 and noise extents of 0.3, 0.5 and 1 (implementation in Sec. 5.1). It reveals corrupted clients impose
harmful knowledge, undermining the model performance. (b) The fidelity metric for corrupted clients is significantly lower than for
clean ones, confirming its utility for reliable noise detection. (c) Under SNAA strategy, the average feature similarity of local subgraphs is
significantly lower after the introduction of structural corruption compared to their clean states. It demonstrates that RLSR is well-founded.

submit incorrect updates [2, 22, 38]. Conventional algo-
rithms such as FedAvg and FedSGD can fail even with a
single corrupted client, motivating the development of ro-
bust strategies. Existing robust FGL methods primarily fo-
cus on adversarial scenarios [10, 53] or natural topologi-
cal heterogeneity [14, 33]. However, real-world corruption
often occurs randomly, creating a mismatch: these meth-
ods overestimate adversarial threats or misinterpret random
structural noise as mere heterogeneity, leading to unneces-
sary performance compromises and misidentification. Cru-
cially, such non-malicious structural noise: large-scale,
random topology corruption including missing and spu-
rious edges from practical data imperfections, often dis-
guises itself as benign heterogeneity, evading detection
by both adversarial-defense and heterogeneity-handling ap-
proaches. Moreover, this noise is prevalent in real-world
graph applications. For instance, social networks like Face-
book or LinkedIn frequently contain substantial inauthentic
follower relationships introduced by bot accounts or fake
profiles [23]. As shown in Fig. 2(a), such noise severely
degrades model performance, highlighting two critical defi-
ciencies in practical deployment as detailed below.

For global collaboration, structural noise can damage the
GNN message-passing scheme of clients. Therefore, struc-
turally corrupted clients often impose harmful knowledge
on the global GNN, introducing destructive global knowl-
edge inconsistencies. Existing methods assume an orig-
inally intact graph topology, rarely addressing structural
noise. Specifically, [62] only generates missing neighbors
to handle cross-subgraph link sparsity, and [15] indirectly
measures neighbor information deviation through statisti-
cal indicators. Neither method effectively identifies struc-
tural noise, leading to performance degradation in structural
noise scenarios. The key to addressing structural noise is
identifying structurally corrupted clients and reducing their
impact. This observation raises a key question: 1) How
can we detect and mitigate the adverse impact of corrupted

clients under high-structural-noise scenarios?

For local deployment, global model message-passing
schemes on corrupted clients are fundamentally under-
mined by structural noise. Missing edges sever informa-
tion pathways, preventing nodes from accessing signals
from crucial neighbors and resulting in incomplete or inac-
curate embeddings. Conversely, spurious edges introduce
noisy connections, leading nodes to aggregate information
from irrelevant or misleading neighbors, which contami-
nates their embeddings. Therefore, both types of edge cor-
ruption lead the global GNN to compute biased node rep-
resentations on corrupted graphs, inevitably yielding unre-
liable inference and degraded model performance. Conse-
quently, it denies corrupted clients any benefits of collabora-
tive learning. This analysis triggers the following question:
2) How to design an effective method to repair corrupted
graph structure without compromising valuable knowledge
during aggregation?

To address the first challenge, motivated by the relation-
ship between graph structure and spectral properties [7,
26, 48], we hypothesize that structural noise will mani-
fest as detectable anomalies in the spectral domain. More-
over, we develop an innovative spectral fidelity evalua-
tion metric accordingly (Sec. 3.1). To validate this, we
first conduct experiments revealing that structurally cor-
rupted clients exhibit a significantly lower fidelity metric
than clean ones (Fig. 2(b)). Building on this insight, we
introduce spectra-guided Structural Noise-Aware Aggre-
gation (SNAA). This principled method detects structurally
corrupted clients and reduces their contributions through a
weighting mechanism based on their extent of corruption.
By dynamically redistributing client contributions, SNAA
effectively mitigates the adverse impact of corrupted clients,
fostering resilient and adaptive collaborative learning in the
presence of structural noise.

To tackle the second issue, we develop a graph repair strat-
egy. Since SNAA inherently establishes a reliable global



message-passing scheme, it synthesizes healthy global
knowledge that suggests consensus among clean clients.
This consensus is strongly reflected in the feature similar-
ity, which reflects semantic validity [21]. Therefore, clients
with structural noise exhibit significantly lower similarity
against this knowledge (Fig. 2(c)). Motivated by this, we
propose Robust Local Structure Reconstruction (RLSR),
which leverages the knowledge of the healthy global model
to guide local graph repair. In contrast to solely removing
the spurious edges, our approach selectively reconnects po-
tentially missing edges based on similarity alignment with
the global model, while maintaining existing valid local
structure patterns. Moreover, it corrects the intrinsic spec-
tral properties of the graph (Fig. 3), which are critical for ef-
fective GNN message-passing schemes [3, 16, 45]. There-
fore, the repaired structure remains consistent with collabo-
ratively learned knowledge and enhances robust GNN train-
ing. This reconstruction in turn improves the noise detec-
tion effectiveness of SNAA. In synergy, this framework en-
ables the model to learn valid structural distributions while
achieving fine-grained decoupling of corrupted and clean
clients. Combining both strategies, we propose FedSDR, a
novel framework Federated Graph Learning with Structural
noise Detection and Reconstruction. Our principal contri-
butions are summarized as follows.

* We are the first to reveal that structurally corrupted clients
manifest as spectral outliers, and that corrupted connec-
tions introduce observable discrepancies in feature simi-
larities between the local and global models.

* We propose FedSDR, an innovative framework that de-
tects structurally corrupted clients from a spectral per-
spective and mitigates their adverse impact through
reweighting and structure reconstruction.

* We conducted extensive experiments in high-structural-
noise settings to demonstrate that FedSDR outperforms
state-of-the-art methods, achieving superior robustness
and accuracy.

2. Related Work

2.1. Graph Neural Networks

Graph Neural Networks (GNNs) [57, 61, 65] have emerged
as a powerful framework for learning representations of
graph-structured data, broadly categorized into spectral and
spatial approaches. Spectral GNNs [4, 8] design filters
in the spectral domain, with early methods such as Cheb-
Net [11] employing fixed polynomial approximations and
more recent advances, for instance, BernNet [18] and Ja-
cobiConv [54], introducing scalable spectral filters for en-
hanced flexibility. In contrast, spatial GNNs [9, 59] op-
erate via direct neighborhood aggregation, with influential
examples including GIN [58], GAT [51], and GraphSAGE
[17]. While spatial methods excel in scalability and induc-

tive learning, they can face challenges in handling structural
perturbation and long-range dependencies, issues that spec-
tral methods may mitigate through global frequency-aware
filtering. This motivates our work to integrate spectral ro-
bustness into federated GNNs, bridging a gap in the existing
literature where spectral analysis remains underexplored in
decentralized settings.

2.2. Robust Federated Learning

Robust Federated Learning aims to mitigate challenges such
as data heterogeneity and adversarial attacks in distributed
collaborative training. In heterogeneous scenarios, [12]
tackles label noise with a noise-tolerant loss, whereas [60]
mitigates feature and structural heterogeneity through inter-
intra graph disentanglement. To address byzantine and
backdoor attacks, [66] proposes a high-dimensional robust
aggregation method with near-optimal statistical guaran-
tees, while [53] leverages topological graph energy to de-
couple benign and malicious clients. However, existing
methods assume originally intact graph topology or natural
non-IID data distribution, overlooking a more disruptive
and prevalent form of corruption in real-world deployment:
structural noise. This problem setting, characterized by
non-malicious but extensive edge corruption, has not been
the focal point of existing Robust FL literature. Our work
explicitly introduces a spectra-based fidelity metric that
directly assesses graph structural integrity, enabling reliable
detection of structural noise even under natural non-IID set-
tings (e.g. those induced by Louvain partitioning) and het-
erogeneous distributions, as validated in Tab. 1 on datasets
including Roman-empire and ogbn-mag.

2.3. Federated Graph Learning

Federated Graph Learning (FGL) enables collaborative
training of GNNs across decentralized clients while pre-
serving graph data privacy [36, 49]. Current research is
broadly categorized into inter-graph and intra-graph learn-
ing. In inter-graph FGL, clients train GNNs on distinct lo-
cal graphs to achieve globally generalizable models or en-
hance local performance [47]. Intra-graph FGL focuses
on tasks like node classification [34, 50], link prediction
[28], and community detection within shared or partitioned
graphs [1, 27]. In addition, several methods have been pro-
posed to tackle topological challenges in FGL. For instance,
FedATH [14] alleviates topology heterogeneity by extract-
ing causal subgraphs to enhance model generalization, and
AdaFGL [33] handles topological variations through adap-
tive personalized propagation. However, these approaches,
designed primarily for data heterogeneity, remain ineffec-
tive against random structural corruption, which masquer-
ades as benign heterogeneity, thereby evading conventional
detection mechanisms. In contrast, this paper introduces a
novel spectral perspective to detect and mitigate the ad-



verse impact of intra-graph structural noise. This represents
a fundamental shift from merely handling data distribution
shifts to diagnosing and healing structural damage, estab-
lishing a new direction for robust FGL.

3. Preliminaries

3.1. Structural Fidelity Evaluation Metric

Consider the undirected graph represented as G = (V, ),
where V represents the collection of nodes with a total of
|V| = N vertices, and £ C V x V defines the set of edges
that connect pairs of nodes. The graph corresponds to an
adjacency matrix A € {0,1}V*¥ where A, = 1 repre-
sents the existing edge e,, € £ and A,, = 0 otherwise.
The degree matrix is constructed as D = diag(dy, ...,dn),
where each d; = Zf;l A,;; represents the degree of node
1 € V, with the assertion d; > 0. Then the Laplacian matrix
is defined as L = D — A. Our structural fidelity evaluation
metric Sjg. is defined as:
D”LD
DTD ”’
where DTLD quantifies the connectivity fidelity, while
D7TD provides normalization across varying graph scales.
The efficacy of Sig. derives from spectral graph theory, as
the eigenvalues of the Laplacian encode graph topology [13,
52]. Specifically, this fraction denotes the ratio of the sum
of all elements in the respective matrices. Therefore, the
numerator evaluates to the Laplacian quadratic form of the
degree vector d = [dy, ..., dn]|T: dTLd = 32, e (du —
d,)?. This yields Sige o > (uwyee (du — d,)?, which quan-
tifies the total degree discrepancy of connected nodes. Real-
world graphs exhibit disassortative mixing (i.e., hubs con-
necting to leaves), maximizing (dpub — djeq f)2 and yielding
high Sjge. Conversely, random structural noise pushes the
topology towards an Erd6s-Rényi state, where degrees con-
centrate around the mean. This randomization homogenizes
the degree distribution, significantly reducing the expected
degree difference E[(d, — d,)?] and causing the metric to
decay, validating our metric for reliable noise detection.

Side = (D

3.2. Federated Learning

Federated learning establishes a decentralized optimization
paradigm where K distributed clients collaboratively train
machine learning models while maintaining data locality. In
federated optimization, we consider a global model with pa-
rameters § € R?, where d denotes the parameter dimension.
The collaborative objective minimizes:

K
min F(0) = min ; wiLr(0), 2)

where F () represents the global optimization objective,
measuring the average loss across all clients. L;(f) =

E(z,y)~7, [{(Z, y)] denotes the local expected risk for client
k with data distribution Py. £(-) is the loss function evalu-
ating the discrepancy between the model prediction and the
true label (Z, y), and the participation weight w; > 0 sat-
isfies ) _, wy = 1. The training process alternates between
local computation and global synchronization. During each
communication round ¢, clients receive the global model §*
and perform local updates:

0, « 0], — Ve Ly(6}), 3)

where 7 is the learning rate and VoL, denotes the local
gradient. The server then aggregates these updates through
weighted averaging 6'7! = "0 w0t

4. Methodology

4.1. Structural Noise-Aware Aggregation

Motivation. The effectiveness of FGL hinges on the ability
to collaboratively train models across clients with diverse
graph structures. However, structural noise in local graphs
can significantly disrupt this process, introducing harmful
inconsistencies in the learned representations. To address
this challenge, we propose Structural Noise-Aware Aggre-
gation (SNAA). Our method enables us to detect struc-
turally corrupted clients and dynamically adjust their con-
tributions to mitigate their adverse impact. Our approach
is grounded in spectral graph theory (Sec. 3.1), leveraging
the observation in Fig. 2(b) that structural noise manifests
as deviations in the spectral properties of graphs. Details of
SNAA are presented in Fig. 3.
Structural Noise Detection. The structural noise detection
framework in SNAA stems from spectral graph analysis,
where the Laplacian quadratic form DTLD encodes criti-
cal structural properties of a graph, and its spectrum reflects
the connectivity patterns and noise levels. Building on the
spectral graph formula established in Eq. (1), we develop
a rigorous structural fidelity evaluation metric. For client k
with Laplacian L¥ = D* — A*, the structural fidelity metric
Si’fje is computed locally to capture the extent of structural
noise without exposing the raw graph structure:
o _ OYLDE L), S S DY LMD,
ide <DkT D]g7 1>F Zi\f:kl Z;V:kl[DkTDk]” )
“)
where (-, -) p denotes the Frobenius inner product, 1 is the
all-ones matrix, and N accounts for the local node counts.
Contribution Redistribution. Building upon these noise
assessments, we develop a principled contribution redistri-
bution scheme for robust federated aggregation. The trust-
worthiness of each client k is quantified through its struc-
tural fidelity metric Si’fle, with lower values indicating worse
preservation of authentic structural relationships. To mit-
igate noise-induced biases during model aggregation, we
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Figure 3. Architecture illustration of FedSDR. We used blue and green arrows to represent the two components of our method, SNAA
and RLSR, respectively. In SNAA, each client computes the structural fidelity metric S, locally, and the global model dynamically
reweights their contributions based on this metric, thereby mitigating the influence of corrupted clients. In RLSR, we prune potentially
spurious edges with low feature similarity and reconnect an equivalent number of potentially missing edges with high similarity to align the
local graph structure with the global consensus. The right scatter plots display fidelity metric distribution, showing that RLSR effectively
restores spectral properties, which are critical for effective message-passing schemes.

first compute the structural noise bias J; for each client,
measuring its deviation from the global mean noise level:

K i
_ Zi:l NiSide
%
Z]‘:1 N;

This weighted formulation ensures fair comparison across
clients with varying dataset sizes. A lower J; value indi-
cates higher structural noise and thus lower reliability. The
resulting bias terms are then normalized through min-max
scaling to maintain consistent value ranges:

3 = Siae o)

Ok - min(d)

V(0 8) =  max(d) - min(4)’

(6)
where d represents the complete set of client noise biases.
The aggregation weight wy, for client % is obtained by ap-
plying the negative exponential function to the normalized

bias, emphasizing clients with higher SE_:

exp(—7(dk, 9))

wr = .

K exp(—y(6;,0))

Through the exponential transformation, we assign higher
weights to clients with cleaner structural patterns and
smoothly alleviate the impact of noisier clients. Therefore,
this weighting scheme ensures the global model prioritizes
reliable knowledge from clean graphs, which is essential for
consistent message-passing dynamics across clients.

Reliability-Aware Weighting Aggregation. We design
a localized training mechanism to integrate local insights
and global knowledge harmoniously. Each client iteratively

)

refines its model using private data, preserving domain-
specific expertise while mitigating catastrophic forgetting.
The local training procedure generating 9,2"’1 ensures com-
patibility with our noise-aware aggregation. Given node
features X* € RN**f with N, nodes and f-dimensional
features, & the set of edges in the graph of the client &, the
forward pass yields node embeddings and logits:

ZF = fo, (X", &), (®)

where Z* € RV#*C denotes the class logits for C' classes.
Here, fg, (-) represents the local model inference. Let 6 be
the global model parameters at round ¢, and Gtk denote the
local parameters for client k. For each node v in the training
set, ZF € RC represents the logits and 3% € {1,...,C} is
the true label. The training loss combines cross-entropy,
label smoothing and model regularization:

C

> UZE )

VE Msain y’,j =1

€
+ 1215 + Allog, — 0°[13,

1

L) = ——
( k) |Mtrain|

€))

where M iy is the training node mask, and A controls the
regularization strength. The cross-entropy term £(-) follows
exp(Z[y))

the precise implementation:
= o | (10)
Yo exp<Z[c1>>

where e controls label smoothing intensity. Z[y] and Z]c]
index are the y-th and c-th elements of Z, respectively. To

U(Z,y) = —log (



guarantee (e, §)-differential privacy, we employ a Gaussian
mechanism. The update rule for client & is given by:

B 2
9,2"'1 — aifnva££(92)+/\/ <07 (WJ|) I) . (1D
train

Here, 1 is the learning rate, B is the gradient clipping
threshold, and o is the noise multiplier. At the round
t + 1, utilizing the aggregation weight wy, defined in Eq. (7)
for each client, the global model aggregates updates with
reliability-aware weighting:

K
gl — Zwke,tjl. (12)
k=1

By dynamically adjusting contributions based on spectral
structural noise evaluation metrics, we align the global
model with clean graph characteristics, fostering robust col-
laboration even under significant structural corruption. Sub-
sequently, we successfully achieve robust training while
maintaining model quality, efficiency, and privacy guaran-
tees critical for practical deployment.

4.2. Robust Local Structure Reconstruction

Motivation. While SNAA mitigates the global impact of
structural noise, global model performance on corrupted
clients remains compromised. Since merely reducing the
contributions of corrupted clients discards their potentially
valuable knowledge, this can still induce biased representa-
tions during local message-passing and ultimately degrade
the global model performance on such clients. Our solution
leverages global robust feature representations to guide lo-
cal graph repair, simultaneously preserving authentic local
patterns and correcting structural noise. Details of RLSR
are presented in Fig. 3.

Since SNAA ensures the global model predominantly re-
flects clean structural patterns, its node embeddings encode
discriminative feature relationships that are resilient to lo-
cal noise. The core insight of RLSR lies in the fact that
structurally spurious and missing edges manifest as devi-
ations in feature similarity space when evaluated against
the global model. The normalized feature similarity matrix
CF € RNxxNk captures pairwise relationships:

C* = diag(HFHF" )~ 2 (H*H*" )diag(H*H* )~ 2,
(13)
where HY = f(X* &) € RM=*4 be node embeddings
from the global model fy. Each element in Eq. (13) mea-
sures the feature similarity between nodes u and v under the
global inductive inference:

(hy;, hy)

Cck = “wiv) 14
w = Tk - [hE]” (9

where h” denotes the embedding of node w in client k. Au-
thentic edges in clean graphs align with high feature simi-
larities, whereas structural noise introduces edges with dis-
cordantly low similarities and severs those with high sim-
ilarity. RLSR exploits this discrepancy through two edge
refinement processes.

First, to fundamentally eliminate structural noise, we prune
spurious edges. For each client k£, we compute a pruning
threshold T[]f as the a-quantile of existing edge similarities,
defined formally through the quantile function Q(-, @):

T =Q({Cy, | A}, =1},0), (15)

where Q(S, ) denotes that there are « proportion of ele-
ments in .S whose values are less than or equal to it, i.e., &
proportion of connected edges have similarities below T;f.
Edges satisfying CF, < 71’," are identified as spurious con-
nections and removed. This operation eliminates connec-
tions that contradict the healthy knowledge of the global
model, preserving only those consistent with the consensus
of global features.

Second, we perform feature-aware edge reconnection.
While the removal of spurious edges is necessary, it risks
inducing excessive graph sparsification, which can disrupt
the original message-passing dynamics. To compensate for
the pruned connections, our subsequent reconnection step
establishes new links between nodes with high feature simi-
larity that are likely missing from the corrupted graph struc-
ture. Candidate edges are sampled from originally non-
adjacent node pairs with similarities exceeding a reconnec-
tion threshold 7%, defined as:

7—7]? :Q ({Cicw | Aﬁv = O,U # U}a

- 20/E"| (16)
Ny (Np —1) — 2/€¥] )~

1

where 7F identifies the top «|E¥| highest-similarity non-
edge, matching the count of pruned edges. New edges
are established for pairs (u,v) satisfying Ck =~ > 7k,
while excluding self-loop reconnection to improve the
message-passing scheme. Therefore, reconnected edges ex-
hibit strong feature alignment with the global consensus.
The joint pruning-reconnection operation in Eq. (15) and
Eq. (16) yields a repaired adjacency matrix Ak

0 if Ak, =1&CE, <),
Af =31 ifAE =0&u#Av&CE > TF (A7)

uv uv —

k .
A7, otherwise.

By replacing spurious edges with feature-consistent con-
nections, we succeed in both mitigating structural noise and
preserving client-specific patterns unaffected by corruption.
In this way, RLSR fundamentally addresses issues of struc-
tural noise, establishing a robust foundation for decentral-
ized GNN training in high-structural-noise environments.



Methods | ‘ PubMed Coauthor-CS Coauthor-Phy Actor Roman-empire ogbn-mag ogbn-products
FedAvg [ASTAT17] || 78.41 +£0.36 82.01 +£0.49 86.37 £0.27 31.28 £0.77 41.724+0.39 42.74+0.22 72.66 £ 1.53
FedProx [arxiv18] 77.82£0.97 74.944+0.36 86.19+0.20 31.27 £0.50 41.76 £0.71 41.87+0.34 72.51 +0.83
Scaffold [ICML20] || 41.76 & 0.83 43.00 £3.23 77.41 +£1.75 23.524+1.35 18.08 £0.33 15.09 £3.40 59.07+2.21
MOON [CVPR21] || 68.55 £2.27 75.914+£0.29 88.144+0.16 31.14+£0.55 42.51 £0.30 42.96 +0.84 67.94 £ 0.45
Ditto [ICML21] 76.84 £1.02 80.33+0.77 85.49+0.55 30.62+0.29 41.30£0.67 41.23+1.20 71.89+0.95
FedSage+ [NIPS21] || 78.29 +0.93 80.72 £ 0.51 85.83 £1.28 30.424+0.74 41.64 +0.57 41.92+0.47 71.98 £ 0.40
FedProto [AAAI22] || 75.24 4 0.17 67.26 £ 0.40 84.42 +0.23 22.38 +0.33 19.424+0.18 37.16 £0.29 66.79 £ 1.59
RHFL [CVPR22] 78.07 £0.77 79.76 £0.87 86.11 +1.05 31.27 £0.66 42.33 £0.45 42.80+0.41 71.04 £0.58
FGSSL [IJCAI23] 77.65 £0.41 81.054+0.63 84.78 +1.61 31.20+0.64 37.41+0.51 41.234+0.75 69.63+1.13
FED-PUB [ICML23] || 75.28 £0.64 79.34 +0.45 85.55+ 0.87 30.59 £0.28 42.12 +0.65 40.154+0.56 70.06 £ 0.99
FedTAD [1JCAI24] || 77.92 + 1.02 68.90 + 0.93 OOM 31.13 £0.74 41.29 4+ 0.40 OOM OOM
AdaFGL [ICDE24] || 76.63 = 0.88 79.50 £ 0.56 87.19 4+0.44 30.90 +0.62 41.82 4+ 0.57 41.224+0.34 69.68 £+ 1.05
FedGTA [VLDB24] || 78.04 £0.58 81.24 £0.61 85.77£0.16 31.03£0.93 40.65+0.21 42.524+0.33 71.524+0.78
FedSSP [NIPS24] 77.46 £0.43 79.67+£0.23 86.12+£0.74 30.52£0.70 39.45+0.62 40.48 +£0.63 69.36 = 0.85
FedTGE [ICLR25] || 76.35 £ 0.98 77.54 £ 0.59 85.36 £0.63 30.25+0.82 39.43+0.78 40.65+0.57 68.11£0.34
FedATH [ICML25] || 76.92 £ 0.71 78.95+ 0.55 86.39 £0.48 30.37 £0.46 40.02+0.33 41.35+0.18 69.15 £ 0.54
FedlIH [AAAI25] 78.34 £0.69 79.34+£0.62 87.03+0.80 30.73£0.65 39.84 £0.39 42.16 £0.47 71.70 £ 0.60
FedSDR (ours) 82.57 £ 0.64 82.29 +0.32 89.37 £ 0.24 32.36 £ 0.59 48.33 £ 0.28 47.41 +0.42 78.57 + 0.28

Table 1. Comparison with the state-of-the-art methods on non-IID data. The best and second results are highlighted with bold and

underline, respectively. Please see additional results in Appendix D.

5. Experiments

5.1. Experimental Setup

Datasets. We conducted experiments under various struc-
tural noise scenarios to validate the superiority of our pro-
posed FedSDR. The datasets with different scales include
homophilic datasets PubMed [43], Coauthor-CS, Coauthor-
Physics [44], ogbn-products [19] and heterophilic datasets
Actor [40], Roman-empire [5], ogbn-mag [19]. Detailed
descriptions of these datasets can be found in Appendix B.
Baselines. We compare FedSDR with several state-of-the-
art federated approaches. (1) FedAvg [39]; (2) FedGTA
[34]; (3) FedProto [46]; (4) FedProx [31]; (5) FedTAD
[68] applying topology-aware knowledge distillation tech-
nology; (6) FGSSL [20] which reveals distortion brought
by node semantics and graph structure, (7) MOON [30],
(8) Scaffold [24], (9) Ditto [32] and (10) RHFL [12], two
state-of-the-art robust FL. methods; (11) FedSage+ [62] and
(12) FED-PUB [ 1], two state-of-the-art subgraph FL base-
lines; (13) AdaFGL [33] tackling topology heterogene-
ity, (14) FedSSP [48] accommodating personalized prefer-
ence, (15) FedTGE [53] handling backdoor attacks, (16)
FedATH [14] alleviating topology heterogeneity and (17)
FedIIH [60] addressing inter-intra heterogeneity.

Implementation Details. We use the Louvain algorithm
[6] to partition the graph, which is an effective strategy

to obtain non-IID data in FGL [20, 62]. For homophilic
datasets, we adopt a 20%/40%/40% split for training, val-
idation, and testing, whereas for heterophilic datasets, the
split is 50%/25%/25%. The local GNN models are trained
using the Adam optimizer [25]. The specific learning rate,
the number of communication rounds and clients are de-
tailed in Appendix B. To simulate high-structural-noise sce-
narios, the corruption ratio (proportion of corrupted clients),
the noise extent (proportion of edges randomly added and
then deleted in corrupted clients), and the pruning propor-
tion « are set to 1, 0.5, and 0.3, respectively. The results
represent the average of 5 runs with different random seeds.

5.2. Experimental Results

Performance Comparison We present federated graph
classification results across seven datasets, with the fi-
nal average test accuracy shown in Tab. 1. The results
demonstrate that FedSDR outperforms all baseline meth-
ods. Structure-aware approaches like FGSSL and FedGTA
exhibit more stable performance across datasets. While
MOON achieves competitive results on some datasets by
aligning local representations with the global consensus, it
suffers significant performance degradation on others due to
its inability to repair corrupted graph structure. In addition,
methods handling attack and heterogeneity like FedTGE
and FedATH fail to identify structural noise. Notably, tradi-
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Figure 4. Test accuracy curves of FedSDR and five other methods
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on the y-axis and communication rounds on the x-axis.
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Figure 5. Study on varying corruption ratios and noise extents.

tional FL algorithms such as FedAvg and FedProx surpass
several complex methods, highlighting how severe struc-
tural noise substantially impacts most existing approaches.

Convergence Analysis Fig. 4 illustrates the training curves
of the average test accuracy with standard deviation across
five random runs of two datasets (PubMed, Roman-empire),
comparing FedSDR with various baseline methods. The re-
sults demonstrate that existing approaches exhibit signifi-
cant performance degradation in high-structural-noise sce-
narios. In contrast, our proposed FedSDR maintains both
stable convergence and superior performance, showcasing
its robustness to structural noise.

5.3. Varying Corruption Ratios and Noise Extents

We evaluate the robustness of FedSDR under varying de-
grees of structural corruption on PubMed. As demonstrated
in Fig. 5a, FedSDR achieves consistent performance im-
provements over FedAvg across five representative struc-
tural corruption ratios and noise extents, accounting for all
potential cases. Our analysis reveals two critical findings:
(1) While FedAvg exhibits progressively severe perfor-
mance degradation with increasing noise extent, FedSDR
maintains stable accuracy; (2) Even under high corruption
ratios, our adaptive aggregation and local graph reconstruc-
tion enable robust collaboration, consistently outperform-
ing the baseline. These results validate the effectiveness of
FedSDR in handling diverse structural corruption scenarios.

SNAA | RLSR Datasets
PubMed Actor ogbn-products
X X 78.41 £ 0.36 31.28 £ 0.77 72.66 = 1.53
v X 81.82+0.71 31.56+0.64 74.25+0.32
X 4 82.26 £0.82  32.07+042 75.9240.59
v v 82.57+0.64 32.36+0.59 78.57+0.28

Table 2. Ablation study of FedSDR.

5.4. Ablation Study

To comprehensively evaluate the contribution of each com-
ponent in FedSDR, we conducted an ablation study across
three datasets. Tab. 2 reveals that SNAA alone improves
accuracy over FedAvg through effectively identifying and
mitigating structural noise during global aggregation. Fur-
thermore, RLSR achieves noticeable success in reconstruct-
ing local corrupted graph structures and restoring message-
passing dynamics. The complete FedSDR framework, com-
bining both components, delivers optimal performance by
addressing structural noise at both global and local levels.
This analysis confirms that both global noise-aware aggre-
gation and local structural reconstruction are indispensable
for effective FGL training under structural corruption.

5.5. Hyper-parameter Study

We conduct a thorough investigation of the pruning propor-
tion parameter « to understand its impact on model perfor-
mance and robustness. As shown in Fig. 5b, FedSDR out-
performs FedAvg across all tested « values (ranging from
0.2 to 1.0) on five datasets. Moreover, continuous perfor-
mance improvement with increasing values of « indicates
that our reconstruction successfully distinguishes between
corrupted and meaningful edges, enabling effective noise
removal while preserving valuable structural relationships.
This performance advantage across parameter configura-
tions demonstrates the robustness of our approach.

6. Conclusion

This paper first presents a comprehensive study addressing
random structural noise, a disruptive but overlooked chal-
lenge in real-world FGL. Existing methods, designed for
adversarial attacks or data heterogeneity, fail to address this
issue. In response, we propose FedSDR, a novel framework
that introduces a spectral perspective for integrated noise
detection and repair. For global collaboration, SNAA eval-
uates and mitigates structural corruption by dynamically
reweighting client contributions based on structural fidelity.
For local deployment, RLSR reconstructs corrupted graphs
by aligning them with the global consensus while preserv-
ing valid local patterns. Extensive experiments across mul-
tiple datasets and noise scenarios demonstrate the superior
robustness of FedSDR, establishing a trustworthy paradigm
for FGL in high-structural-noise environments.
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A. Computational Overhead Analysis

While our method achieves strong performance, we ac-
knowledge that the spectral analysis in SNAA and graph
repair in RLSR introduce modest computational overhead.
Nevertheless, the overhead can be greatly reduced under
GPU batch processing, sparse matrix multiplication and
multiple clients partition, which makes our method prac-
tical on large graphs. For a k-layer GNN with batch size b
and feature dimension f, 7" denotes moments order, while
linear parameters include N, M, ¢ (nodes, edges, classes),
s (features aggregation steps), g (generated neighbors), K
(selected clients per round), d (selected augmented nodes).
We note that in our complexity analysis, N and M re-
fer to the entire graph for server-side operations, but are
scaled to the local subgraph size for client-side computa-
tions. For scenarios with extremely large local subgraphs,
one could adopt approximate k' nearest-neighbor search to
reduce client memory and time complexity to O(Nk’) and
O(NK'f), where ¥’ << N. Thus, the computation of the
local similarity matrix is highly efficient in practice. Anal-
ysis in Tab. 4 shows that FedSDR achieves top performance
with reasonable overhead.

In addition, we analyze the computational complexity of the
key operation Sige = %TTiL]? by leveraging the Compressed
Sparse Row (CSR) format for sparse matrix multiplication.
In the CSR format, the dominant computational cost of mul-
tiplying two sparse matrices E and F arises from the total
number of inner-loop iterations, denoted as I. Let ng and
ng denote the total number of non-zero entries in E and F,
respectively. This quantity I can be expressed as:

N-1
I = TF(Z) . CE(i),
=0

where 7 (i) denotes the number of non-zero entries in row
i of F, and cg(i) denotes the number of non-zero entries
in column ¢ of E. Noting that vazgl ¢g(i) = ng, and as-
suming a relatively uniform distribution of non-zero entries
across the rows of F such that rg(i) =~ ng/N, we obtain
the approximation:
I~ ng - TLWF,

which yields a computational complexity of O(ng-ng/N).
Complexity of DT LD. We analyze the computation in two
sparse matrix multiplications. The degree matrix D is diag-
onal, so np = npr = N. For the adjacency matrix A
of an undirected graph without self-loops, the handshak-
ing lemma gives nao = 2M, and therefore the Laplacian
L = D — A contains ny, = na +np = 2M + N non-zero
entries. Since directed graphs or the presence of self-loops
would reduce the values of n s and ny,, the undirected graph
without self-loops represents the worst-case computation.

* Step 1: Compute G = DL This is a left multiplication
by a diagonal matrix. The complexity is:

oM + N
o(nDT-%) :O<N-]\;L> — 0(2M + N).

The resulting matrix G inherits the sparsity pattern of L,
song =2M + N.

* Step 2: Multiply G with D. This is a right multiplication
by a diagonal matrix. The complexity is:

o) (n(; : %D) -0 ((2M+N) : %) = 0(2M + N).

Thus, the total complexity for computing DTLD is
O2M +N)+O(2M + N)=O(M + N).

Complexity of DTD. Since both matrices are diagonal,
their multiplication takes:

0<nDT.%D> -0 (N%) = O(N).

Complexity of Summation and Division. Summing all
non-zero entries of DTLD requires O(M + N) time, and
summing the N diagonal entries of D7D requires O(N).
The final scalar division costs O(1). Therefore, the total
complexity is O(M + N) + O(N) + O(1) = O(M + N).
Overall Complexity. Combining all components yields:

O(M + N) + O(N) + O(M + N) = O(M + N).

This linear time complexity of Sige With respect to the graph
size confirms the practical efficiency of our method for
large-scale graphs.

B. Datasets

Statistics and configurations of the datasets used in our ex-
periments are provided in Tab. 5.

PubMed: PubMed [43] is a widely adopted citation net-
work dataset in which nodes represent academic papers and
edges correspond to citation relationships between them.
Each node is associated with a word vector feature encoding
the presence or absence of specific keywords in the corre-
sponding paper. As a standard benchmark in graph-based
machine learning, this dataset is commonly employed for
node classification tasks, particularly in FL scenarios where
data privacy must be preserved.

Coauthor-CS, Coauthor-Physics: Derived from the Mi-
crosoft Academic Graph, the Coauthor-CS and Coauthor-
Physics datasets [44] originate from the KDD Cup 2016
challenge. These benchmark datasets represent academic
collaboration networks, with nodes corresponding to au-
thors and edges indicating co-authorship. Coauthor-CS
comprises 18,333 nodes and 81,894 edges, featuring node
attributes based on paper keywords and 15 distinct research



fields as class labels. The larger Coauthor-Physics dataset
contains 34,493 nodes and 247,962 edges, with similar node
features and labels representing classification into 5 main
research areas. Both datasets serve as established bench-
marks for evaluating graph neural networks, particularly for
node classification tasks, due to their realistic academic net-
work structures and comprehensive feature representations.

Actor: The Actor dataset [40] is an actor co-occurrence
network from Wikipedia, where nodes represent actors and
edges indicate co-appearance in Wikipedia pages. Each
node is characterized by a bag-of-words feature vector de-
rived from the corresponding Wikipedia page content. The
dataset includes five actor categories, determined through
semantic analysis of their associated Wikipedia entries.
As a standard benchmark in graph machine learning, it is
widely used to evaluate node classification tasks and related
graph-based learning problems.

Roman-empire: The Roman-empire dataset [5] is derived
from the English Wikipedia article about the Roman Em-
pire. Nodes represent word occurrences (including non-
unique words), with the graph size reflecting the article
length. Edges are based on two linguistic relationships:
(1) sequential co-occurrence when words appear consecu-
tively in the text, and (2) syntactic dependencies from the
sentence parse trees. This construction yields a chain-like
graph augmented with linguistic connections, capturing se-
quential and syntactic relationships between words.

ogbn-mag: The ogbn-mag dataset from the Open Graph
Benchmark (OGB) facilitates node property prediction
within a heterogeneous academic network derived from the
Microsoft Academic Graph (MAG). This graph comprises
four entity types—papers (736,389 nodes), authors (1.13
million nodes), institutions (8,740 nodes), and fields of
study (59,965 nodes)—interconnected by directed relations
such as authorship, citation, and affiliation. Each paper
node possesses a 128-dimensional word2vec feature vector,
while other lack initial features. The objective is a 349-class
classification to predict the publishing venue of each paper.
A temporally realistic split is employed, where papers pub-
lished before 2018 are used for training, those from 2018
for validation, and papers since 2019 for testing, forecast-
ing future trends based on historical data [19].

ogbn-products: The ogbn-products dataset from the Open
Graph Benchmark (OGB) is designed for node property
prediction within an Amazon product co-purchasing net-
work. This large-scale, undirected, and unweighted graph
contains approximately 2.4 million product nodes and 61.9
million edges representing co-purchase relationships. Each
node is associated with a 100-dimensional feature vector
generated from product descriptions using bag-of-words
and PCA. The objective is a multi-class classification task
to predict one of 47 top-level product categories. Reflect-
ing a realistic scenario, the dataset is split by sales rank: the

top 8% of popular products are used for training, the subse-
quent 2% for validation, and the remaining 90% for testing,
thereby requiring predictions for less popular items [19].

C. Privacy Analysis

To analyze the privacy-utility trade-off, we evaluate
FedSDR on PubMed under varying noise multipliers o,
keeping the gradient clipping threshold B and the failure
probability § fixed at 1.0 and 10~5, respectively. As shown
in Tab. 3, FedSDR maintains robust performance even un-
der strict privacy guarantees. Interestingly, we observe a
slight performance improvement, which suggests that the
gradient clipping, combined with our structure repair, effec-
tively prevents overfitting to structural noise.

Metric
Acc 82.57

NoDP Weak DP (o = 0.5)
83.69 11.12

Strong DP (o = 1.0)
83.46 1050

Table 3. Accuracy under differential privacy (DP) constraints.

D. Additional Experiments

We comprehensively compare FedSDR with state-of-the-art
methods under varying corruption ratios (the proportion of
structurally corrupted clients) and noise extents (the pro-
portion of edges randomly added and then deleted from the
original graph in corrupted clients). Our experimental setup
evaluates three corruption ratios of 0.3, 0.5, and 1 (the ex-
treme case detailed in Tab. 1), with the noise extent and the
pruning proportion « fixed at 0.5 and 0.3. In addition, we
validate the robustness of FedSDR across three noise ex-
tents (0.3, 0.5, and 1), while keeping the corruption ratio at
0.5 and the pruning proportion « at 0.3 constant. Notably,
as the corruption severity increases, competing methods ex-
hibit significant performance degradation, whereas FedSDR
maintains stable performance, demonstrating a substantial
advantage. The best and second results are highlighted with
bold and underline, respectively.



Methods Client Mem Server Mem Client Time Server Time
FedGTA O((b +s)f +f2 +sTc) O(K f? + KsTc) O(sM(f +sNc)+ N(f2+¢)) O(Kf+ KsTc)
FedTAD || O((b+8)f + f2+ Nf+kMf) O(Kf?+dgf + kf?) O(sNMf + Nf2) OKf+ (k+ N)f? + kdgf)
FedSDR O(N%+ f2+kMf) O(K + Kf?) O(M + N +kMf+ Nf?+ N2f) O(Kf + K)
Table 4. Complexity analysis among structure-related methods. Best in bold.
Dataset Nodes Edges Classes Features Learning Rate Rounds Clients
PubMed 19,717 44,338 3 500 0.01 1,000 10
Coauthor-CS 18,333 81,894 15 6,805 0.005 1,000 50
Coauthor-Phy 34,493 247,962 5 8,415 0.01 1,000 100
Actor 7,600 29,926 931 0.002 1,000 20
Roman-empire 22,662 32,927 18 300 0.02 5,000 50
ogbn-mag 1,939,743 21,111,007 349 128 0.01 1,000 100
ogbn-products 2,449,029 61,859,140 47 100 0.01 1,000 100
Table 5. Statistics and configurations of datasets used in experiments.
Methods | ‘ PubMed Coauthor-CS Coauthor-Phy Actor Roman-empire ogbn-mag ogbn-products
FedAvg [ASTAT17] || 81.83 +£0.69 81.69 + 0.47 89.08 +0.27 31.37+£0.58 39.23+0.50 40.79 +£0.57 73.34+0.49
FedProx [arxiv18] 82.23 £ 0.68 82.054+0.22 89.504+0.29 31.57+0.65 39.74+0.54 42.474+0.46 73.06 £ 0.47
Scaffold [ICML20] 40.45 £ 1.81 48.574+2.43 79.884+0.44 23.69+0.46 17.904+ 0.32 14.524+0.42 66.28 + 0.41
MOON [CVPR21] 76.65 +£2.76 83.36 £0.18 91.06 +0.16 31.36 £0.69 39.97 +£0.17 40.33 +£0.37 73.47 +0.36
Ditto [ICML21] 78.92 +£0.89 81.28+£0.75 88.61+£0.49 30.71+0.27 38.26+0.33 41.084+0.79 71.95 4+ 0.82
FedSage+ [NIPS21] || 81.73 + 0.68 81.92 +0.23 89.11 +1.02 30.95+0.52 39.61+0.69 39.89+0.41 72.85+ 0.40
FedProto [AAAI22] || 82.01 +0.40 74.14 +0.29 86.70 +0.23 23.45+0.29 13.93+0.48 35.21+£0.56 69.20 £ 0.39
RHFL [CVPR22] 82.03 £0.53 82.184+0.66 89.084+0.41 31.06+0.26 39.88+0.45 42.04 +0.62 74.58 £+ 0.57
FGSSL [IICAI23] 82.09 £ 0.41 80.97 +£0.57 89.94 4+0.33 30.97+0.52 33.16 +0.32 41.26 + 0.63 72.32+0.24
FED-PUB [ICML23] || 80.27 4+ 0.54 80.84 +0.56 87.90 +0.34 28.96 +0.73 38.39 +0.47 37.47+0.29 71.53+0.27
FedTAD [IJCAI24] || 82.62 + 0.43 73.16 + 1.55 OOM 30.79 £ 0.45 39.83 £ 0.80 OOM OOM
AdaFGL [ICDE24] 81.32+0.71 82.17+0.37 88.75+0.48 31.21+0.59 39.28+0.50 40.36 +0.78 72.94 + 0.66
FedGTA [VLDB24] || 82.20 £ 0.75 81.03 +0.60 85.77 +£0.16 31.30+0.50 38.80+1.12 38.74 +£0.69 73.78 £ 0.53
FedSSP [NIPS24] 79.90 +0.32 81.224+0.39 88.04+0.50 30.744+0.81 37.524+0.65 37.254+0.47 72.024+0.35
FedTGE [ICLR25] 78.89 £0.73 78.17+0.80 87.25+£0.92 29.48+0.79 36.26+0.37 38.354+0.86 70.23 +0.83
FedATH [ICML25] || 78.04 + 0.55 79.84 +0.49 87.63 +0.61 30.29+0.46 36.43+0.41 38.19+0.39 71.88+0.76
FedIIH [AAAI25] 79.32 £ 0.46 80.87 £0.42 88.16 £0.59 30.43+0.67 38.65+0.53 38.944+0.40 73.36 4+ 0.54
FedSDR (ours) 84.07 £ 0.48 83.43 £0.39 90.72 + 0.43 33.30 £0.42 41.58 + 0.38 46.88 + 0.21 80.57 + 0.42

Table 6. Corruption Ratio = 0.3, Noise Extent = 0.5, o = 0.3



Methods H PubMed Coauthor-CS Coauthor-Phy Actor Roman-empire ogbn-mag ogbn-products
FedAvg [ASTAT17] || 81.28 +2.02 81.26 £0.26 88.20+0.22 31.29+0.53 39.14 £0.60 41.58 £0.81 72.85+0.24
FedProx [arxiv18] 80.82 +£0.96 82.48 +£0.51 88.684+0.13 31.56+0.59 39.26 +0.50 42.06 +0.27 72.83 £ 0.87
Scaffold [ICML20] || 40.71 £0.90 44.72 +4.54 80.21£1.61 23.06+1.37 16.76 £1.86 14.07+2.02 62.51 +2.03
MOON [CVPR21] || 77.09 £2.59 80.92 +0.54 90.08 +0.17 31.04+£0.64 40.41 £0.22 42.34+0.52 72.07+£0.22
Ditto [ICML21] 77.95+£0.85 80.31+£0.82 86.91+0.32 30.03+£0.28 38.32+0.24 42.85+1.01 71.73+£0.25
FedSage+ [NIPS21] || 79.91 £ 0.82 81.38 £0.57 87.30 £0.81 31.424+0.43 39.03+0.57 41.11 +£0.47 72.36 £0.38
FedProto [AAAI22] || 79.95 £ 0.58 72.46 £ 0.43 85.55£0.21 23.50+0.28 15.944+0.13 36.04 £0.59 68.13 £0.44
RHFL [CVPR22] 79.86 £0.67 82.07+0.49 87.34+0.35 31.40+0.48 38.33£0.45 42.31+0.92 72.76+0.29
FGSSL [IJCAI23] 78.36 £0.46 81.48+0.42 88.60+0.76 31.31 +£0.30 34.58 £0.56 40.38+0.30 71.64+0.34
FED-PUB [ICML23] || 76.82 £0.59 79.79 +0.37 86.28 +0.31 30.06 £0.35 37.124+0.65 39.51 +0.56 71.22+ 0.46
FedTAD [IJCAI24] || 80.93 £ 0.58 74.81 +1.38 OOM 31.25 £ 0.57 40.53 + 0.46 OOM OOM
AdaFGL [ICDE24] || 78.74 £0.60 80.06 0.74 87.90+0.65 31.06 £0.32 40.36 £0.63 41.67+0.30 71.24 £ 0.65
FedGTA [VLDB24] || 81.30 £ 0.77 81.22+0.49 88.28 £0.18 31.254+0.22 39.64+0.76 41.12+0.35 72.01 £0.63
FedSSP [NIPS24] 78.24 £0.81 80.124+0.71 86.56 +0.92 30.58 £0.73 38.15+0.62 40.21 +0.58 71.81 £0.32
FedTGE [ICLR25] || 78.22 +1.18 77.62+0.84 86.13 £0.91 31.054+0.88 37.04 +0.79 38.31+0.37 69.57 £ 0.90
FedATH [ICML25] || 77.42 +£0.63 79.08 +0.73 86.65+0.50 30.11 +£0.53 37.704+0.50 39.87 £0.46 69.85 £ 0.48
FedIIH [AAAI25] 78.67 £0.96 80.15+0.75 87.34+0.65 29.94+0.76 38.86+0.52 41.354+0.68 72.83+0.51
FedSDR (ours) 84.06 + 0.44 83.10 + 0.32 90.50 £ 0.23 33.10 = 0.50 45.12 + 0.36 48.06 + 0.20 80.23 £+ 1.20
Table 7. Corruption Ratio = 0.5, Noise Extent = 0.5, o = 0.3
Methods H PubMed Coauthor-CS Coauthor-Phy Actor Roman-empire ogbn-mag ogbn-products
FedAvg [ASTAT17] || 82.60 + 0.22 81.47 +0.27 88.97 £0.22 31.07+0.47 38.824+0.42 41.07+0.61 72.68=+0.35
FedProx [arxiv18] 82.44+0.65 81.87+0.26 89.60+0.52 31.47+0.43 39.494+0.84 41.09+0.38 72.50=£0.40
Scaffold [ICML20] || 41.90 £0.41 50.70 £1.58 79.61 £2.18 22.07£0.98 17.57+0.33 13.774+1.22 64.76 &+ 1.05
MOON [CVPR21] || 76.68 +3.39 82.09 +0.45 90.40 4+ 0.37 31.854+1.31 40.17+0.26 42.56 + 0.42 72.01 +£0.31
Ditto [ICML21] 78.32 +£0.82 81.24+£0.45 87.39£0.43 30.50£0.30 38.46 £0.68 42.344+0.80 71.92 4+ 0.55
FedSage+ [NIPS21] || 80.50 + 0.70 81.60 £ 0.52 88.56 +0.83 31.00+0.40 40.10+£ 0.65 40.57 £0.40 72.23 £ 0.46
FedProto [AAAI22] || 81.30 £ 0.43 74.27 £0.31 86.42 £0.14 23.04 £1.07 14.52+0.19 35.66 £0.58 68.60 % 0.41
RHFL [CVPR22] 80.06 £ 0.60 81.51+0.74 88.23+£0.92 31.224+0.45 38.75+0.53 42.35+0.78 73.24£0.59
FGSSL [IJCAI23] 81.39 £0.51 80.51+0.30 89.95+0.24 30.88+0.68 33.95+0.80 41.15+0.36 72.25+0.32
FED-PUB [ICML23] || 78.12 £ 0.68 80.34 +0.42 86.89+0.43 29.28 £0.33 38.50£0.65 39.224+0.55 71.47 £ 0.50
FedTAD [IJCAI24] || 82.67 £0.31 73.25 + 1.66 OOM 30.93 £0.98 40.30 +0.37 OOM OOM
AdaFGL [ICDE24] || 79.86 £0.72 81.50 +0.61 88.45+0.58 31.15+0.42 39.34 £0.67 40.21 +0.43 72.63 £ 0.64
FedGTA [VLDB24] || 82.19 + 0.45 81.26 +£0.27 88.87 £0.07 31.55+0.30 40.224+0.40 40.80 £0.60 72.93 £ 0.40
FedSSP [NIPS24] 79.17 £0.70 80.50 £0.60 87.79+0.70 30.70£0.70 37.26 £0.60 38.58 +0.50 71.83 +0.51
FedTGE [ICLR25] || 78.48 £0.67 77.954+0.52 86.39+0.74 30.16 £0.41 36.38£0.63 37.294+0.58 69.90 £ 0.49
FedATH [ICML25] || 77.73 £ 0.48 79.21 +0.61 87.14 £0.53 30.43 £0.37 36.68 = 0.44 38.02+0.39 70.87 £ 0.62
FedITH [AAAI25] 78.81 £0.55 80.60 +0.47 87.75+0.68 31.19+£0.52 37.95+0.51 39.26 +0.43 72.40 £ 0.57
FedSDR (ours) 84.57 + 0.49 82.82 + 0.32 90.45 + 0.14 33.37 + 0.50 44.36 + 0.21 47.50 + 0.30 80.80 £ 0.40

Table 8. Corruption Ratio = 0.5, Noise Extent = 0.3, « = 0.3



Methods PubMed Coauthor-CS Coauthor-Phy Actor Roman-empire ogbn-mag ogbn-products
FedAvg [ASTAT17] || 78.89 £ 0.21 76.27 £0.76 86.83 +£0.50 30.97£0.50 39.15+0.71 42.26 £0.65 72.43 £ 0.82
FedProx [arxiv18] 78.59 £1.38 76.35+£0.07 87.05+£0.68 31.54+0.53 38.77+0.37 41.28 +£0.37 72.144+0.64
Scaffold [ICML20] || 42.60 £1.50 42.46 £0.90 77.69+1.16 24.024+0.34 17.914+0.36 17.294+2.15 59.43 +1.97
MOON [CVPR21] 71.84 £1.66 76.91+0.68 88.59+0.55 31.55+£0.83 39.66+0.22 41.834+0.72 69.86 +0.51
Ditto [ICML21] 77.37£091 75.76 £0.67 86.97£0.43 30.95+0.31 39.71£0.52 41.154+0.87 71.444+0.73
FedSage+ [NIPS21] || 78.35 £ 0.78 75.04 £0.56 87.28 £0.64 30.68 +£0.49 40.58+0.61 41.52+0.46 70.55=+0.39
FedProto [AAAI22] || 78.88 £ 1.06 69.41 +£0.24 83.72+£0.20 23.38 +£0.67 17.55+0.25 36.45+ 0.63 68.42 £ 0.87
RHFL [CVPR22] 78.43 £0.72 75.87+0.81 86.69+0.57 31.33+£0.54 41.36 £0.48 42.544+0.63 72.11+£0.45
FGSSL [1JCAI23] 79.04 £1.95 74.50+0.75 88.10+0.61 31.63+1.03 33.29£0.20 42.27+0.54 70.81+£0.76
FED-PUB [ICML23] || 75.71 £0.62 76.56 & 0.41 85.41 +0.58 30.72+£0.37 39.15+0.59 39.76 £ 0.52 70.66 £ 0.83
FedTAD [IJCAI24] || 78.68 & 0.87 70.56 + 1.41 OOM 31.23 £0.47 39.56 + 0.41 OOM OOM
AdaFGL [ICDE24] || 77.63 £0.88 76.77 £0.65 87.53 +0.49 31.48 £0.42 41.06 £0.57 42.224+0.34 70.43+0.71
FedGTA [VLDB24] || 78.67 & 3.10 73.59 £0.37 86.60 £0.50 31.904+0.55 38.724+0.35 41.85+0.41 71.76 £ 0.68
FedSSP [NIPS24] 77.83£0.54 75.26 +0.47 86.21 +0.68 31.24 +£0.61 40.42+0.53 40.71 +0.44 69.17£0.79
FedTGE [ICLR25] || 76.50 & 0.73 73.63 +0.59 85.75£0.81 30.49 +£0.46 38.444+0.67 39.80+0.54 68.84 £0.71
FedATH [ICML25] || 77.17 £ 0.42 76.42 4+ 0.57 86.52 £ 0.49 30.28 £0.38 38.77 1+ 0.41 40.43 £0.47 69.50 £ 0.53
FedIIH [AAAI25] 78.51 £0.64 76.254+0.50 87.19+0.72 31.04+0.43 37.86+0.56 41.714+0.52 71.95+ 0.60
FedSDR (ours) 83.75 + 0.25 80.64 + 0.39 89.52 + 0.24 33.50 + 0.89 46.40 + 0.61 46.73 +£ 0.33 79.36 & 0.47

Table 9. Corruption Ratio = 0.5, Noise Extent = 1, o« = 0.3
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