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Motivation Proposed Method Experimental Results

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-IID, the local 

direction 𝛿 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 + 𝛿𝑘).
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Under heterogeneity, ∇𝐹𝑘 𝑤 ∥ ∇𝐹 𝑤 ⇒ clients evaluate gradients at different 

(𝑤 + 𝛿𝑘), “flattening the wrong places” for the global landscape.

(2) Momentum echo under inconsistent client directions

Server momentum accumulates past updates
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When client directions disagree, Δ𝑟 mixes stale signals ⇒ overshoot & late-stage 

oscillations.
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Classic FL under 

heterogeneous, long-tailed 

clients is both brittle and 

bumpy. 

• Brittle global model — like standing on stacked 

rocks: small perturbations can tip it off the ridge.

• Bumpy training — like driving on a rocky road: 

inconsistent client updates cause large oscillations.
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Central Server

Heterogeneous

Idea in one line. Use server momentum to encode global geometry, personalize it 

per client to correct drift, and adapt momentum vs. SAM by cosine similarity,

implemented with one backprop per local step. 

What’s new here (innovations) 
C1:  Momentum-guided global perturbation with single backprop.

C2:  Personalized momentum to correct client drift.

C3:  Cosine-adaptive schedule (auto momentum  SAM).

C4:  Theory for “fast & flat” under heterogeneity.

Figure 3: Combine Momentum 

or SAM with FL.
Figure 2 (a): Personalize Momentum 

will “flatten the wrong hill.”

Figure 1: The core of SAMs.

A. Personalized Momentum — how we correct client drift

Definition (client-specific momentum).   Δ𝑟
𝑘 = Δ𝑟 +

𝛼𝑟

1−𝛼𝑟
𝑐𝑘

Local velocity (blend of gradient and momentum). 𝑣𝑏+1,𝑘 = 𝛼𝑟 𝑔𝑏,𝑘 + 1 − 𝛼𝑟 Δ𝑟
𝑘

Why the factor
𝛼𝑟

1−𝛼𝑟
matters

Keeps the effect of 𝑐𝑘server-equivalent to the gradient–momentum mixing ratio, so the client’s 

correction aligns with how the server mixes directions. 

B. Momentum-Guided Global Perturbation — single backprop SAM

Perturbation direction (toward a predicted global position). 𝛿𝑏+1,𝑘
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Compose and update (one backprop total).
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Client upload (model delta). Δ𝑟
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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. 

C. Cosine-Adaptive Weighting — auto trade-off momentum vs. SAM
Agreement (global  client momenta).
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Smoothed & clipped schedule.

𝛼𝑟+1 = 1 − 𝜆 𝛼𝑟 + 𝜆 clip 0.1 0.9 ( ො𝛼𝑟+1)

Intuition 

Early: similarity ↑ → keep momentum for speed (early-momentum).

Late / misaligned: similarity ↓ → reduce momentum so SAM dominates → stability & flatter 

minima (late-SAM).

D. Control Variates — reduce drift further
Update rules (client/global corrections).
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A. Overall accuracy & “fast-then-flat” 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) — early 

momentum → late SAM.

Real-world heterogeneity (OfficeHome): best in 3/4 target domains (Art 

/Clipart /Product) and best average; slightly trails SCAFFOLD on 

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

inductive bias.

Figure 4: Performance comparison on CIFAR-10/100. 

FedWMSAM shows fast-then-flat trajectories.

B. Convergence speed 

& client compute

C. Scaling & participation robustness

Figure 6: Across different client numbers & sampling rates, FedWMSAM is best or on par 

across the range. 

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

F. Visualization: generalization & alignment

Figure 5: t-SNE of client/global embeddings: FedWMSAM shows tighter clusters & clearer class 

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