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Classic FL under * Brittle global model — like standing on stacked
heterogeneous, long-tailed |  rocks: small perturbations can tip it off the ridge.
clients is both brittle and |« Bumpy training — like driving on a rocky road:

bumpy. inconsistent client updates cause large oscillations.
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Figure 1: The core of SAMs. Figure 2 (a): Personalize Momentum  Figure 3: Combine Momentum
will “flatten the wrong hill.” or SAM with FL.

Two failure modes in FL with client heterogeneity (non-IID, long-tailed)

* Local-Global curvature misalignment. SAM computes the perturbation on
local data, yet the goal is to flatten the global loss; under non-I1D, the local
direction 0 misaligns with global geometry, so we “flatten the wrong hill.”
(Figure 2 (a))

 Momentum-echo oscillation. With non-IID clients, accumulated momentum
can amplify late-stage oscillations and even lead to overfitting. Using only
momentum or only SAM cannot be both fast and stable. See Figure 3:
Combine Momentum or SAM with FL.

Why does the above happen?
(1) Local-global misalignment of SAM perturbations
Classic FL computes the perturbation on local data, then updates at (w + 0y,).

K
Global target is: min,, F (w) = z % F,(w)
k=1
While SAM objective: min,, Fg 17 (W) = min,, max|s < [ |L(w
_ . VFk(W)
+ 8) — L(w)], and uses alocal proxy &, = p CTAT

Under heterogeneity, VF, (w) }f VF(w)= clients evaluate gradients at different
(w + 0;), “flattening the wrong places” for the global landscape.

(2) Momentum echo under inconsistent client directions
Server momentum accumulates past updates

A‘r+1 — p 2 Ar:x‘r+1 = Xr — 77g A'r+1
771| - | £agep,

When client directions disagree, A, mixes stale signals = overshoot & late-stage
oscillations.
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Experimental Results

A. Overall accuracy & “fast-then-tlat” behavior
CIFAR-10/100 curves: FedWMSAM matches fast early baselines at low
targets, then surpasses all as training progresses (Fig. 4). This aligns with
C1 (momentum-guided perturbation) and C3 (cosine-adaptive) — carly
momentum — late SAM.
Real-world heterogeneity (OfficeHome): best in 3/4 target domains (Art

- Keeps the effect of Cr server—equivalent to the gradient—momentum mixing ratio, so the client’s
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B. Momentum-Guided Global Perturbation — single backprop SAM
Perturbation direction (toward a predicted global position). 6,1, = (xr +bAK ) Xp K

5
SAM gradient at the perturbed point. g, , = VL (xbk TP br+1'k")

Compose and update (one backprop total).

r _ r k . r _ r r
Vpiik = A Gpr + (L—ap) AF (linel6) xp 1 = Xpr — M Vpiik
T

Client upload (model delta). A = x7g, — x,

___________________________________________________________________________________________________________________________________________________________________________________________________________

“Why it’s new
Standard SAM needs two backwards per step; we keep SAM’s flattening effect but use momentum

to approximate the perturbation with one backward — compute like FedAvg, better global

. alignment.

S

C. Cosine-Adaptive Weighting — auto trade-off momentum vs. SAM
Agreement (global < client momenta)

Hprq = z sim (A, A), sim(a’ b) =
| lkEP

(@ b)
lal 1l bl

Smoothed & clipped schedule.

___________________________________________________________________________________________________________________________________________________________________________________________________________

“Intuition
~ Early: similarity T — keep momentum for speed (early-momentum).
 Late / misaligned: similarity | — reduce momentum so SAM dominates — stability & flatter

- minima (late-SAM).

S

D. Control Variates — reduce drift further
Update rules (client/global corrections).

1 1
Ckr+1 — Ckr _ Cgr _ Tll_B Ark Cgr+1 Cgr 1+ T”B ] 2 Ark

Proposed Method
FdeWSAM w: .Idea in one line. Use server momentum to encode global geometry, personalize it
kkkk % :per client to correct drift, and adapt momentum vs. SAM by cosine similarity,
:1mp1emented with one backprop per local step.
EWhat’s new here (innovations)
fCl Momentum-guided global perturbation with single backprop.
'C2: Personalized momentum to correct client drift.
' C3: Cosine-adaptive schedule (auto momentum <> SAM).
i C4: Theory for “fast & flat” under heterogeneity.
A. Personalized Momentum — how we correct client drift
Definition (client-specific momentum). A% = A, 1“; Cr
—Ur
Local velocity (blend of gradient and momentum). vy, 1, = & gpr + (1 —a,) Af
"Why the factor — —matters
—Ur
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/Clipart /Product) and best average; slightly trails SCAFFOLD on

Real-World (Table 2). Supports “align local to global™ as a transferable
inductive bias.

Table 2: Accuracy on OfficeHome target domains 075 |

after 500 rounds (10% sample, 100% active).

Method Art Clipart  Product  Real World
FedAvg 0.9909  0.9569 0.9725 0.9633
FedCM 0.9316  0.8013 0.8783 0.8411
SCAFFOLD 0.9934  0.9610 0.9745 0.9749
FedSAM 0.9851 0.9402 0.9576 0.9685
MoFedSAM 0.9921  0.9458 0.9653 0.9566
FedGamma 0.9934  0.9557 0.9758 0.9605
FedSMOO 0.9868  0.9563 0.9753 0.9629
FedLESAM 0.9930  0.9626 0.9783 0.9713
FedWMSAM  0.9942  0.9650 0.9790 0.9717
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Figure 4: Performance comparison on CIFAR-10/100.
FedWMSAM shows fast-then-flat trajectories.

400 500

Table 1: Performance comparison of SOTA methods under Dirichlet and Pathological splits after 500

Rounds in different datasets.

Method | Fashion-MNIST CIFAR-10 CIFAR-100
. #Partition | Dirichlet Pathological Dirichlet Pathological Dirichlet Pathological
Table 3: Rounds to reach different accuracy levels |
d 1 nt com utatlontlme #Coefficient | =06 p=01 =6 =3 B=06 =01 =6 =3 B=06 =01 =20 =10
and chie p ' FedAvg 0.8684 0.8226  0.8625 08150  0.7886 0.7005 07873 06426 03917 0.3815 03968  0.3631
FedCM 0.8283 07333 0.8047 0.6630  0.8126 0.7229  0.8167 07025  0.4635 04290 04394  0.3940
. SCAFFOLD 0.8789 0.8351  0.8785 0.8311  0.8232 0.7428  0.8179 0.6786  0.4855 0.4437 0.4647  0.4133
Method 0.7 072 074 076  0.78 | Time(s) FedSAM 0.8683 0.8261  0.8673 0.8045  0.7963 0.6963  0.7908 0.6503  0.4083 0.3790 0.3933  0.3553
MoFedSAM 0.8278 07489  0.8141  0.6822  0.8339 07386  0.8334  0.7327  0.4859 0.4472 04619  0.4279
FedAvg 254 3483 432 - 14.57 FedGAMMA 08708 08298 08716 08303 08292 07218 08043 06105 04837 04474  0.1739  0.0198
FedCM 97 132 255 426 14.67 FedSMOO 0.8846 0.8337  0.8745 0.8296  0.8410 0.7507 0.8382  0.7099  0.3225 0.2987 0.4620 0.3006
SCAFFOLD 189 241 301 376 17.44 FedLESAM(-S/-D) 0.8689 0.8375  0.8732 0.8209  0.8165 0.7284 08127 06381  0.4260 04114 04298 03914
FedSAM 247 303 403 i i 26,90 FedWMSAM (ours) | 0.8756 0.8464  0.8805 0.8531  0.8356 0.7664  0.8443 0.7446  0.4908 0.4646  0.4786  0.4383
MoFedSAM 97 132 169 255 426 29.73 Note 1: We report the best accuracy among FedLESAM, FedLESAM-S, and FedLESAM-D in one row.
FedGAMMA 208 241 300 374 - 29.72 Note 2: « represents the number of classes allocated to each client in the pathological distribution.
FedSMOO 134 167 201 255 382 29.77
Fed LESAM 241 303 433 - - 14.66
FedLESAM-D 149 187 211 255 16.96
FedLESAM-S 205 247 313 432 - 16.71
FedWMSAM 97 114 153 241 356 15.03 d d d L
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Figure 6: Across different client numbers & sampling rates, FedWMSAM 1s best or on par
across the range.

| D. Stability w.r.t. local epochs : E. Ablations

Table 5: Ablation of key modules in FedWMSAM.

separation, consistent with flatter minima and reduced inter-client discrepancy.

I Table 4: Comparison under different local epochs.
Method Epoch1l EpochS Epoch10 Epoch 20 Mom. ~ SAM  Weighted  Acc. Imp.
I FedAvg 0.6003 0.7005 0.6938 0.6879 Table 6: Ablation study results of p. v v v 0.7664  4.35%
: : : : v v X 07556 3.27%
MoFedSAM 0.7237 0.7386 0.6997 0.6776 X v v 07265  0.36%
FedSAM 0.5515  0.6963  0.6862  0.6903 Metodp | 008 0 0 0L B, /0T 097%
FedAvg 0.7005 0.7005 0.7005 0.7005 0.7005 v X X 0.7478 2.49%
FedSMOO 0.7888 0.7507 0.7538 0.7472 MoFedSAM 0.7355 0.7386 0.7102 0.5562 0.1000 X v X 0.7430 2.01%
FedWMSAM (Ours) 0.7484 0.7664 0.7662 0.7515 FedWMSAM (ours) | 0.7659 07664 07563  0.7244  0.5905 X X X 0.7229
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. Figure 5: t-SNE of client/global embeddings: FedWMSAM shows tighter clusters & clearer class
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