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SAM optimizer: The SAM optimizer transforms a loss
function f(w) into a min-max cost function as follows:

min max F'(w + 9). 4
w o ||5]|<p ( ) )

where p is a positive real number and [|§]| is L2-norm of 4.
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FedSAM: By adopting the min-max problem of Eq. (4) in
local training, FedSAM perturbs local model w; ;:

Wi =w; , +0=w; .+ pgi /gl (3)

T T . ~Tr -
Wi k41 — Wik — MY k> (6)
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Figure 1: The performance and the flatness discrepancy  Fjgure 2: Visualization of the loss surface of FedSAM for
(A r) of FedSAM for the CIFAR-100 experiment the CIFAR-100 case (o = 0).
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wh = w" + '.(}ﬂr/‘l&r” (perturbed global model) (11)
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(b) FedSMOO (Sun et al., 2023a) (c) FedGF (ours)

: Schematic of MoFedSAM, FedSMOQO, and FedGFE The gray line illustrates the loss landscape of local distribution.
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Figure 7: Behavior of ¢ for CIFAR-100
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Table 1: Test accuracies with of the FLL algorithms on the CIFAR-10 and CIFAR-100 benchmarks

Dirichlet distribution parameter o

Task Algorithms Dir. (o = 0, non-11D) Dir (o = 0.005) Dir.(a = 10, 1ID)
£ Number of participating clients per each round
5 10 20 5 10 20 5 10 20

FedAvg 63.63 65.83 6833 | 67.85 7137 73.03 | 8290 8296 8293
FedAvgM 6273 65.61 68.57 | 67.56 7132 7553 | 8272 83.60 83.30
FedProx 63.13 6595 6798 | 68.06 7142 72.87 | 82.72 83.19 8292
SCAFFOLD (X) (X) (X) 57.13 5646 45.27 | 8293 83.05 83.39
FedDyn 66.84 71.01 6945 | 70.74 7378 75.43 | 83.07 83.58 83.67
CIFAR-10 FedSAM 68.11 71.17 7249 | 71.87 7431 76.07 | 83.78 83.88 83.82
FedASAM 7332 745 7549 | 71496 7559 76.57 | 83.11 83.28 82.89
MoFedSAM 73.1  71.08 76.66 | 7443 7753 79.27 | 809 8101 81.02
FedGAMMA 4532 47.55 3507 | 46,99 4844 3558 | 7499 66.12 54.85
FedSMOO 68.82 7159 7248 | 71.9 7446 7544 | 8372 83.67 8379
FedGF 78.41 79.68 80.86 | 7879 79.39 79.69 | 84.71 83.94 8385
FedAvg 2035 3379 36.62 | 38.15 40.58 41.27 | 50.41 50.20 49.98
FedAvgM 2994 30.07 3935 | 38.64 40.72 48.44 | 5037 51.2 5057
FedProx 29.19 33.16 36.41 | 3854 4052 40.77 | 50.10 49.98 49.96
SCAFFOLD (X) (X) (X) 36.25 (X) (X) 5228 5212 5248
FedDyn (X) (X) (X) (X) (X) (X) 51.74 5241 5259
CIFAR-100 FedSAM 2043 3432 3688 | 4228 4457 4518 | 54.06 5375 535
FedASAM 3443  37.09 3893 | 4436 4576 4694 | 546 5442 5473
MoFedSAM  29.02 3582 41.26 | 3464 4224 4492 | 52.13 5221 52.07
FedGAMMA (X) (X) (X) 2052 1476 1033 | 4743 38.18 25.06
FedSMOO 3535 3878 40.82 | 4439 46.03 475 | 5431 5489 5465
FedGF 45.37 46.86 47.77 | 46.48 46.70 46.08 | 54.16 54.62 5459

(X) indicates that the method fails to train, so the results remain at the same level as the random prediction.
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Table 5: Static e vs. FedGF (adaptive ¢)

Dataset [IDness c=0 =05 =1 FedGF
Non-1ID 68.11 71.24  78.05 7841

CIFAR-10 1D 8378 8295 8194 84.71
Non-1ID 2943 26.64 44 .39 45.37

CIFAR-100 1D 34.06 52.47 46.68 54.16
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Figure 6: Loss surface of FedGF for CIFAR-100 (a = 0).
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(a) Local model, w; (b) Global model, w
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