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Improving Generalization in Federated Learning with Highly Heterogeneous
Data via Momentum-Based Stochastic Controlled Weight Averaging (ICML’2025)

In order to improve the generalization ability of federated learning in data heterogeneity scenarios,
the FedSWA algorithm is proposed based on the SWA optimizer. Compared with the FedSAM
proposed by ICML2023, our algorithm is more inclined to find the global flat minimum value.
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SWA is inspired by a practical observation: at the end of each learning rate cycle, the
model often reaches a local minimum near the edge of the loss surface, where the loss is
relatively low. By averaging several of these points, we can likely obtain a more general
and even lower-loss solution.

Algorithm 1 Stochastic Weight Averaging

Require:
weights w, LR bounds a1, o,
cycle length ¢ (for constant learning rate ¢ = 1), num-
ber of iterations n
Ensure: wgwa
w < w {Initialize weights with w}
WswaA < W
fori < 1,2,...,ndo
« <— «(#) {Calculate LR for the iteration}
w + w — aV.L;(w) {Stochastic gradient update}
if mod(i,c) = 0 then
Nmodets <— ¢/¢ {Number of models}
WeWA %ﬁ‘ff“’ {Update average}
end if
end for
{Compute BatchNorm statistics for wswa weights}




Theoretical Results: We analyze the generalization ability and convergence rate of

the FedSAM algorithm from ICML and our proposed FedSWA algorithm using
uniform stability theory. The results show that the proposed FedSWA algorithm
outperforms FedSAM.
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Improved accuracy by 6.3% on the CIFAR100 dataset. Improved accuracy by 1.8%

on the ImageNet dataset.

CIFARI100 (ResNet-18)

Tiny ImageNet (ViT-Base)

Method Dirichlet-0.1 Dirichlet-0.3 Dirichlet-0.6 Dirichlet-0.1 Dirichlet-0.3 Dirichlet-0.6
Acc.(%) Rounds Acc.(%) Rounds Acc.(%) Rounds Acc.(%) Rounds Acc.(%) Rounds Acc.(%) Rounds
1000R  55% 1000R 55% 1000R  55% 400R 400R 400R  70%
FEdA‘Ug -’15.81(],3 1000+ 52.51—(}3 1000+ 5-’1.2:1:(]_2 1000+ 70-9:1:0.1 71.8:1:[]_1 72.8_—1—_[].1 208
FEdD}"l’l 45.81{],2 1000+ 45.91—[13 1000+ flfi.ﬁtn_g 1000+ 67.5_—1-,0.3 68.2*[]_3 69.3;17[],3 400+
SCAFFOLD 44.3.1935 1000+ 50.3+p.3 1000+ 52.31¢02 1000+ 71.64¢.1 72.540.1 73.1492 169
FedSAM 40.149.4 1000+ 49.0493 1000+ 51945 1000+ 714445 72.219.9 729404 180
MoFedSAM 51.5402 1000+ 57.5402 770 60.11037 603 7T1.640.4 724403 72.5404 209
Fed LESAM -518.7:[7(1_2 1000+ 53.31[},4 1000+ 52.11-_(]_1 1000+ 71.935[],3 72.]_:|:n_2 72.5;};0,3 182
FedASAM 417.7317(]|:.; 1000+ 46.67];;]‘2 1000+ flg.gi-ﬂ_l 1000+ 69.271:9‘3 71.3_1?(]_2 72.1:_&[1‘3 196
EedACG 529 o, 1000+ 577 .09 1 s S e S _ 09, oo 1386
FedSWA 003403 1000+ 55.53404 889 598403 574 T1.94p3 726402 179 732402 168
FedMoSWA 619,495 877 66.2,54 468 679,494 330 738,93 161 744,433 T4.T101 144




Through the visualization of
model loss landscapes, it
can also be observed that
our algorithm has flatter

loss landscapes and lower
loss values.
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