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Federated Learning

Data remains strictly local on each client, fully respecting
ensuring data security and user privacy while enabling
synergistic modeling across decentralized clients.

Insight : Data Stays Local, Models Move: Usable yet Invisible
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Most existing federated

learning

methods focus on

unstructured data, while research on

structured graph data

Graph Data

remains very limited.
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Challenges in Graph Federated Learning: Heterogeneity
Inconsistent Graph Data Distributions Across Clients
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B Node Feature Heterogeneity

Clienti Client
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Inconsistent Node Feature Distributions
Across Graphs from Different Clients

B Structural Heterogeneity

Inconsistent Node Connection Patterns
Across Graphs from Different Clients

How/can we explicitly address node feature heterogeneity

structural heterogeneity in graph federated learning?
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2" Methodology

|

Research Question: How to address node feature heterogeneity
and structural heterogeneity?

Problems:

Node Feature
Heterogeneity

Structural
Heterogeneity

Solutions:

s

-

semantic knowledge sharing

We infer class-wise node distributions, so
that we can cluster clients based on
inferred  distributions and construct
cluster-level representative distributions.
We then minimize the divergence
between local and cluster-level
distributions to facilitate  semantic
knowledge sharing.

~N

J

f structural knowledge sharing )

We propose a spectral energy measure
to characterize structural information, so
that we can cluster clients based on
spectral energy and build cluster-level
spectral GNNs. We then align the
spectral characteristics of local spectral
GNNs with those of cluster-level spectral
GNNs to enable structural knowledge
sharing.




EER Methodology

For Node Feature Heterogeneity

B Key Innovations : inferring class-wise node distributions

@ On the client side, we use latent variables to characterize the graph data
distribution of each class-wise node feature.

< =\ log marginal likelihood:
log p(Xim, Yin)
- o P X Zm, Y )P (Z)) 0 (Yi)
= BZm~q(Zm|Xm,Ym) 8 q(Zmlxmr Ym)
M
e % ELBO:
The graphical model of our LeLgo(Xm, Yimn) =
proposed variational model, where Bz, ~q(Z X, ¥;) 08P X | Zr, Yo ) Hlog p(Y,) —
Z., is a latent variable, X,,, and Y,, Dx1.(q(Z, | X, Yy | IP(Z1,))

are observed variables.



EER Methodology

For Node Feature Heterogeneity

B Key Innovations : inferring class-wise node distributions

@ On the client side, we use latent variables to characterize the graph data
distribution of each class-wise node feature.

the architecture of VGAE:
encoder decoder Y
B %

Y
2y
N (B IR YN L, P, 1Y)
G =2

the latent distribution q(Z5,) of nodes with class label ¢ on the m-th client:
76, 2 {ie {12, nu} | Vg = ¢}

q(Z5) 2 q(Zm) e 1| Kedpe, 0 Ydpe, 1)
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EER Methodology

For Node Feature Heterogeneity

B Key Innovations : clustering via inferred distributions

@ Cluster based on node feature distribution uploaded by the client.
client upload:
q(Zm) = N (pum, 25 ) forc=1,2,-+,C

reparameterization sampling:

~ 1

Zi = uh + ER)2eh, €~V (0D Al BeLCL
the collection of clients with class c: 8

Z¢ = {Zf,Im € M) =

cluster into K, 4. clusters:
Cluster: Z¢ - {81,873, ", Sk, 4.}
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EER Methodology

For Node Feature Heterogeneity

B Key Innovations : cluster-based node feature distribution alignment

® Approximate the node feature distributions of all nodes within a cluster into
a single Gaussian distribution.

mixed Gaussian distributions in cluster S;: the first moment:
c C ,,C
K = z Wimlm,
P = D wh - N5, E5), \
c mes;
mes;

the second moment:

of mixed Gaussian distributions, we '

To reduce the computational complexity y¢ — (Z WS, (TS, + ”?n(ﬂfn)-r)> .. ulq(ulg)T
C
approximate them as a representative S

Gaussian distribution using moment minimize KL divergence to facilitate semantic
matching: knowledge sharing:
¢ Knode

S) = NV (s, 56 ]
a(sf) = N (uf,If) Looge =) ). . Dk (a2 14(sD)
c=1 i=1 mes}
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552" Methodology

For Structural Heterogeneity

B Key Innovations : construct spectral energy measure

@® Construct the spectral energy measure and characterize graph structural
information on each client.

K-order polynomial graph filters: compute the average response vector
for each band:

polynomial
T e == ————=—a k — ., kuk nmXd
K : The Laplacian matrix describes : Fm — WmHm € R"™m )
Pm = Z erfl HTI% I the structural information of |
k=0 : graph and is reflected in the : 1 Nm
l I energy distribution along the I Ek = — (Fk) E R4
1 spectral bands. i m-n i=1 mJTi,]
coefficients R S TEsS === === UL N
where HK, = (L,,)¥X,, € Rmmxd define the spectral energy measure:
_ * = 0 1 ... K dxX(K+1)
Since L,,, = U,,A,,UT, X = UTX,. S = [Em By Em| €R

Therefore, HX, = U, A X . Its physical meanin . .
& il ey Py g This measure essentially acts as a spectral

fingerprint, which reflects the energy distribution
of structural topologies as learned by spectral GNN.
13

represents the signal of the k-th spectral band.
wk € R represents learnable coefficients of the k-
th spectral band.



EER Methodology

For Structural Heterogeneity

B Key Innovations : clustering via spectral energies

@ Clustering clients based on the subspace distance spanned by the spectral
energy measure.

QR decomposition:

Sm = QmRn
Ql’-l;l Qn = Ikt

Chordal distance between two spectral B
energy measures: .

cluster 1 cluster 2

1
dChorda](Qm' Qn) = (K s “Q;rnQn”%‘)i

cluster into K, clusters:

cluster 3

Cluster: {S,,}2_, - {Ti°, 5, -, Ti€.  }

» ¥ Kstruct
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EEa Methodology

For Structural Heterogeneity
B Key Innovations : structural knowledge alignment

® Align the spectral characteristics of local spectral GNNs with those of
cluster-level spectral GNNs.

compute the mean of learnable coefficients:

minimize the discrepancy between the coefficients of local spectral GNNs and those of
cluster-level spectral GNNs:

add a regularization term:
M K TR
m=1 k=0

Lstruct:['align+Lreg >
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Experimental Results

B Main Results: node classification performance on homophilic graph datasets

Cora CiteSeer PubMed -
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients -
Local 81.30+£0.21 79.944+0.24 80.30£0.25 69.024+0.05 67.82+0.13  65.98+0.17 84.0440.18 82.811+0.39 82.65£0.03 -
FedAvg (McMahan et al., 2017) 74454564  69.194+0.67 69.50+£3.58 71.06£0.60  63.61£3.59  64.6811.83 79.40£0.11 82.711+0.29 80.97+£0.26 -
FedProx (Li et al., 2020) 72.03+£456  60.18+7.04 48.224+6.18 71.73%+1.11 63.334+3.25 64.85+1.35  79.4540.25 82.55+0.24  80.5040.25 -
FedPer (Arivazhagan et al., 2019) 81.684+040  79.354£0.04 78.01£0.32 70.414+0.32 70.53£0.28  66.64£0.27 85.8040.21 84.2040.28 84.724£0.31 -
GCFL (Xie et al., 2021) 81.47£0.65 78.66+0.27 79.211£0.70 70.341+0.57 69.01£0.12  66.3340.05 85.1440.33 84.18+0.19 83.94+£0.36 -
FedGNN (Wu et al., 2021) 81.51+£0.68 70.1240.99 70.104£3.52 69.061+0.92 55.5243.17 52234600  79.52+£0.23 83.2540.45 81.61+£0.59 -
FedSage+(Zhang et al., 2021) 7297+£594  69.05£1.59 5797411260 70.74+£0.69  65.63%+3.10 65.464+0.74 79571024  82.62+0.31 80.82£0.25 -
FED-PUB (Baek et al., 2023) 83.70+0.19  81.5440.12 81.75+£0.56 72684044  72.354+0.53 67.6240.12 86.79+0.09  86.28+0.18 85.53+£0.30 -
FedGTA (Li et al., 2023) 80.06£0.63 80.5940.38 79.014+0.31 70.12£0.10  71.574£0.34  69.94+0.14  87.75:£0.01 86.80£0.01 87.12£0.05 -
AdaFGL (Li et al., 2024) 82.01+£0.51 80.094+0.08 79.74£0.05 71.4440.27 72.3440.09  70.9540.45 86.9140.28 86.97+£0.10  86.5940.21 -
FedTAD (Zhu et al., 2024) 80.31+0.26  80.87+0.11 80.07£0.15 70.344+0.37 69.431£0.75 68.094+0.69 84.00£0.13 84.611+0.17 84.33£0.18 -
FedITH (Yu et al., 2025a) 84.11+£0.17 81.8540.09 83.01+£0.15 72.8610.25 76.50+£0.06  73.36+0.41 87.80£0.18 87.65+0.18 87.194£0.25 -
FedSSA (Ours) 84.67+0.05  82.3210.04 84.134-0.09 73.06+0.08 77.65+0.10 74.09+0.09 88.11+0.07 87.78+0.13  87.37+0.14 -
Amazon-Computer Amarzon-Photo ogbn-arxiv Avg.
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients All
Local 89.22+0.13 88.914+0.17 89.5240.20 91.674+0.09  91.80+0.02 904740.15  66.76=£0.07 64.92+0.09  65.064+0.05 79.57
FedAvg (McMahan et al., 2017) 84.884+1.96 79541023 74.794£0.24 89.89+0.83 83.154£3.71 81.35+£1.04 65.5440.07 64.4440.10  63.2440.13 74.58
FedProx (Li et al., 2020) 85.25+£1.27 83.814+1.09 73.054£1.30 90.381+0.48 80.9214.64 82.3240.29 65214020 64371018  63.03£0.04 72.84
FedPer (Arivazhagan et al., 2019) 89.671+0.34  89.731£0.04 87.86£0.43 91.4440.37 91.764£0.23 90.5940.06 66.8740.05 64.994+0.18 64.66-£0.11 79.94
GCFL (Xie et al., 2021) 89.07£0.91 90.0310.16 89.08£0.25 91.994+0.29  92.0610.25 90.7940.17  66.80+0.12  65.09+0.08 65.08+0.04  79.90
FedGNN (Wu et al., 2021) 88.08+0.15 88.18+0.41 83.16£0.13 90.254+0.70  87.12+42.01 81.00+£4.48 65.4740.22 64.211+0.32 63.80£0.05 75.23
FedSage+(Zhang et al., 2021) 85.04+0.61 80.50%1.13 70.4240.85 90.77£044  T76.8118.24 80.58+£1.15  65.69£0.09 64.521+0.14 63.31£0.20 7347
FED-PUB (Back et al., 2023) 90.7440.05 90.5540.13 90.1240.09 93.2940.19  92.73£0.18  91.9240.12 67.77£0.09  66.58+0.08 66.64£0.12 81.59
FedGTA (Li et al., 2023) 86.69+0.18 86.664+0.23 85.01£0.87 93.331+0.12  93.50+0.21 92.614+0.15  60.32+£0.04 60.22+0.09 58.741+0.14 7945
AdaFGL (Li et al., 2024) 80.20£0.05 83.6240.26 84.53+£0.23 86.69+0.19  89.8540.83 88.11£0.05 52.734£0.19 51.77+0.36 50.94+£0.08 76.97
FedTAD (Zhu et al., 2024) 82.20+1.20  85.5040.33 83.91+£1.54 92.2940.39  90.5940.09 80.184+0.84  65354+0.14  64.06£0.25  64.45+£0.13 78.87
FedITH (Yu et al., 2025a 90.744+0.13 90.8640.23 90.4440.05 93.4240.02 94.2240.08 _ 93.55+£0.09 70.30£0.06 69.3410.02 68.654+0.04 _ 83.10
I FedSSA (Ours) 91.09+0.07  91.30+0.13 90.6210.09 93.86+0.15  94.621+0.14  93.76+0.07 70.86+£0.13 69.47+0.08 68.77+0.13  83.53

achieve the best performance among all methods
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Experimental Results

B Main Results: node classification performance on heterophilic graph datasets

Roman-empire Amazon-ratings Minesweeper -
Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients -
Local 33.65+0.13 28.4240.26 23.89+0.32 45.03£0.31 45.894+0.19  46.0210.02 71.35£0.17 69.96-£0.16 69.31+0.09 -
FedAvg (McMahan et al., 2017) 38.93+£0.32 35.4340.32 32.0040.39 41.26£0.53 41.66+0.14  42.204+0.21 72.6040.08 69.6840.09 71.36+£0.16 -
FedProx (Li et al., 2020) 27.95+0.59 26.4311.41 23.124+0.49 36.921+0.02 36.86£0.14  36.96+0.05 71.914£0.27 70.6640.20 71.50£0.37 -
FedPer (Arivazhagan et al., 2019) 20.75+£1.75 15.51+1.13 15.45+2.76 36.62+0.30 32.3441.01 36.964+0.03 58.73+£10.45 65.354+7.02 53.80£11.40 -
GCFL (Xie et al., 2021) 40.65+0.14 40.51+0.24 37.85+0.25 36.92+0.05 36.86£0.14  36.96+0.02 72.04£0.13 71.8840.12 69.20£0.18 -
FedGNN (Wu et al., 2021) 30.26£0.11 29.0940.13 26.60+0.02 36.801+0.06 36.72+£0.00  36.45+0.09 72.1540.13 71.0840.07 71.71+£0.27 -
FedSage+(Zhang et al., 2021) 57.260.00 49.07+0.00 38.360.00 36.8240.00 36.71x0.00  37.03x0.02 77.74-£0.00 72.80£0.00 69.70£0.00 -
FED-PUB (Baek et al., 2023) 40.8040.26 36.7740.30 32.6740.39 44414041 44.854+0.17  45.3940.50 72.1840.02 71.6940.71 71.41+£0.87 -
FedGTA (Li et al., 2023) 61.561+0.27 60.9440.19 59.65+0.28 41.2240.66 39.40x£044  39.24%0.12 73.54£1.56 72.65x1.21 69.63+4.54 -
AdaFGL (Li et al., 2024) 67.64£0.18 64.551+0.09 62.4240.26 41.704£0.06 42.304+0.00  42.5940.14 73.2441.13 70.794+2.14 71.26£1.31 -
FedTAD (Zhu et al., 2024) 45.26+0.19 44.71+0.38 42.04£0.13 43.5940.33 43.35+0.29  44.50%+0.26 72.3940.43 71.9940.13 72.74+0.03 -
FedIIH (Yu et al., 2025a) 68.32+0.05 66.44+0.28 64.6140.13 44.2640.24 44.2440.10  45.194+0.04 74.2940.02 73.2340.04 72.8140.02 -
FedSSA (Ours) 68.671+0.10 66.811+0.09 65.14+0.15 45.18+0.14 45.1140.15 46.1310.05 82.26-£0.14 82.16-£0.08 82.60+£0.11 -

Tolokers m Avg.

Methods 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients 5 Clients 10 Clients 20 Clients All
Local 67.811+0.17 70.0440.23 62.34+0.67 66.7310.57 57.96x0.10  60.00%0.21 56.91 54.45 52.31 54.56
FedAvg (McMahan et al., 2017) 60.7440.31 54.7340.50 56.36+£0.39 65.6840.23 58.914+0.22 60.331+0.15 55.84 52.08 5245 53.46
FedProx (Li et al., 2020) 42.90+0.24 41.1540.22 40.424£0.62 47.3610.38 45.461+0.34  46.831+0.11 4541 44.11 4377 44.43
FedPer (Arivazhagan et al., 2019) 46.61+9.88 549741323  44.82+11.61 58.38+9.39 59.40+£9.71 62.324+1.56 4422 45.51 42.67 4413
GCFL (Xie et al., 2021) 64.391+1.17 59.9040.85 58.8240.70 60.51£1.18 59.85x£0.16  60.311x0.48 54.90 53.80 52.63 53.78
FedGNN (Wu et al., 2021) 43.104+0.27 41.57+£0.07 40.70+£0.74 47.5540.02 45.654+0.12  47.3940.13 45.97 44.82 44.57 45.12
FedSage+(Zhang et al., 2021) 75.060.00 71.3140.00 69.73+£0.00 64.954+0.00 65.06£0.00  59.3310.00 62.37 58.99 54.83 58.73
FED-PUB (Baek et al., 2023) 70.881+0.58 72.4610.68 65.26+£0.59 67.71+£3.99 59.6440.52 62.484+2.92 59.20 57.08 5544 57.24
FedGTA (Li et al., 2023) 60.83£0.45 55.18%1.20 57.89+£1.61 65.561+1.91 58.2941.57 61.701£0.35 60.54 57.29 57.62 58.49
AdaFGL (Li et al., 2024) 59.26+2.18 54.78+2.12 56.6142.93 64.23+2.09 58.82+1.14 62.844+049 61.21 58.25 59.14 59.54
FedTAD (Zhu et al., 2024) 60.91+£0.25 53.39+1.73 56.47+1.58 68.89+1.20 5844+1.06 61.51£1.56 58.21 54.38 55.45 56.01
FedIIH (Yu et al., 2025a) 71.0940.26 71.3240.09 70.30+£0.10 68.3240.03 67.99+£0.09  65.4010.07 65.26 64.64 63.66 64.52
FedSSA (Ours) 75.8210.05 73.961+0.10 72.29+0.11 69.51+0.15 68.691+0.18  65.7410.07 68.29 67.35 66.10 67.34

achieve the best average performance among all methods

/

Compared with SOTA, the average performance improvement is 2.82%.
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Experimental Results

ablation studies: convergence curves:

Cora Tolokers 70 o
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EEEEE .
Conclusion

We propose a graph Federated learning method via Semantic and
Structural Alignment (FedSSA) to address heterogeneity in Graph
Federated Learning (GFL).

® On one hand, we minimize the divergence between local distributions
and cluster-level distributions to mitigate the heterogeneity in node
features.

® On the other hand, we align the spectral characteristics of local
spectral GNNs with those of cluster-level spectral GNNs to address the

heterogeneity in structural topologies.

Our proposed FedSSA achieves strong performance on eleven datasets
and outperforms the second-best method by a large margin of 2.82% in

terms of classification accuracy.
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