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Background: Heterogeneous clients & long-tailed data

Heterogeneous clients (non-IID).

• Different clients see different 
data.
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Long-tailed distribution.

• A few head classes dominate,
and many tail classes are rare 
but essential.

So the Clients learn conflicting directions and tail classes underfit or vanish.



Background: What these data do to classic FL

Brittle global model.

• Small perturbations tip 
the model off a narrow 
ridge.
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Bumpy training.

• Inconsistent client 
updates cause oscillation.

Cause two failure modes.

• Local–global misalignment.

• Momentum echo.



Why failure #1 (misalignment)
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Why do these failures happen?

(1) Local–global misalignment of SAM perturbations

• Classic FL computes the perturbation on local data, then updates at (𝑤 + 𝛿𝑘).

• Global target is:             min𝑤𝐹 𝑤 =෍
𝑘=1

𝐾
𝑛𝑘

𝑛
𝐹𝑘 𝑤

• While SAM objective:   min𝑤 𝐹SAM 𝑤 = min𝑤 maxฮ𝛿‖2≤𝜌
𝔼 ሾ

ሿ

𝐿(

)

𝑤

+ 𝛿 − 𝐿 𝑤 ,   and uses a local proxy  𝛿𝑘 = 𝜌
∇𝐹𝑘 𝑤

∥∇𝐹𝑘 𝑤 ∥
.

• Under heterogeneity, ∇𝐹𝑘 𝑤 ∥ ∇𝐹 𝑤 ⇒ clients evaluate gradients at different 
(𝑤 + 𝛿𝑘), “flattening the wrong places” for the global landscape.



Why failure #2 (momentum echo)
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Why do these failures happen?

(2) Momentum echo under inconsistent client directions

• Server momentum accumulates past updates

Δ𝑟+1 =
1

𝜂𝑙 ∣ 𝑃𝑟 ∣
෍

𝑘∈𝑃𝑟

Δ𝑟
𝑘 , 𝑥𝑟+1 = 𝑥𝑟 − 𝜂𝑔 Δ𝑟+1

• When client directions disagree, Δ𝑟 mixes stale signals ⇒ overshoot 
& late-stage oscillations.

• Perturbations increase variance

𝜎𝜌
2 = 𝜎2 + (𝐿𝜌)2



Design Principles
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Idea in one line. Use server momentum to encode global geometry, 

personalize it per client to correct drift, and self-adapt momentum and

SAM, 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:  Self-adaptive schedule (auto momentum SAM).

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



C1-Momentum-guided global perturbation

• Align local updates to the global landscape using server-aggregated 
momentum.

• Keep SAM’s flattening effect with one backprop per local step → 
FedAvg-like cost.

• Key update:

• 𝛿𝑏+1,𝑘
𝑟 = 𝑥𝑟 + 𝑏 Δ𝑟

𝑘 − 𝑥𝑏,𝑘
𝑟

• 𝑔𝑏,𝑘
𝑟 = ∇𝐿 𝑥𝑏,𝑘

𝑟 + 𝜌 𝛿/∥ 𝛿 ∥

• 𝑥𝑏+1,𝑘
𝑟 = 𝑥𝑏,𝑘

𝑟 − 𝜂𝑙 𝛼𝑟𝑔𝑏,𝑘
𝑟 + 1 − 𝛼𝑟 Δ𝑟

𝑘 .
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Figure 2 (b): Local model vs. momentum-

based model difference guides global 

perturbation estimation.



C2-Personalized momentum（drift correction）

8

• Personalize the global momentum to each 
client → server-equivalent mixing.

• 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



C3-Adaptive training schedule（momentum 
SAM）
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• Adapt over time: 
• early momentum for speed → late SAM for flatter 

minima.

• Triggered by direction disagreement and noise rise.

• Agreement (global client momenta).

ො𝛼𝑟+1 =
1

∣ 𝑃𝑟 ∣
෍

𝑘∈𝑃𝑟

sim (Δ𝑟 , Δ𝑟
𝑘), sim 𝑎 𝑏

=
𝑎 𝑏

∥ 𝑎 ∥ ∥ 𝑏 ∥

• Smoothed & clipped schedule.
𝛼𝑟+1 = 1 − 𝜆 𝛼𝑟 + 𝜆 clip 0.1 0.9 ( ො𝛼𝑟+1)

Figure 2 (c): A dynamic

weighting adjusts momentum vs. SAM based 

on gradient–momentum similarity.



Why damping helps（mini-theory）
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• Fact 1: SAM-style perturbations increase variance: 

𝜎𝜌
2 = 𝜎2 + (𝐿𝜌)2.

• Fact 2: Our bound separates noise & heterogeneity:

1

𝑅
σ𝑟 𝔼 ∥ ∇𝑓 𝑥𝑟 ∥2≲

𝐿Δ 𝜎𝜌
2

𝑆𝐾𝑅
+

𝐿Δ

𝑅
1 +

𝑁2/3

𝑆
.

• Takeaway: when noise or disagreement is high → damp momentum
to avoid oscillation and reach flatter minima.



R1: Overall accuracy across datasets
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• Best or 2nd-best across 3 datasets × 12 heterogeneity settings.

• Gains grow when non-IID is stronger (β=0.1; pathological).



R2: Real-world heterogeneity
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• Best in 3/4 domains (Art, Clipart, Product) and best average.

• Slightly trails SCAFFOLD on Real-World.

• Takeaway: align-to-global bias transfers across domains.



R3: Convergence speed & client compute
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• Fast-then-flat trajectories & Fewer rounds to targets.

• Client time ≈ 15.03 s, much lower than double-backprop SAM 

(26.9–29.8 s).



R4: Sensitivity & scaling
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• Local epochs: top in most settings; no clear drop as epochs 

increase.

• Clients: best or on-par; consistently leads when ≥75.

• Sampling rate: strong at sparse participation;



R5: Ablations & parameter study
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• Mom (personalized momentum) gives the largest single gain → reduces local–

global bias.

• Adaptive gate behaves like data-driven damping: early momentum, late SAM.

• ρ study: best near 0.01; graceful decay as ρ↑; 



Thank you!
yhuang849@connect.hkust-gz.edu.cn
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