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Background

✓ What is Federated Learning (FL)?

• Decentralized learning

• Data privacy-preserving

→ only sharing model parameter,

not raw data

• Scalability & Continual learning
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1. Data heterogeneity (non-𝑖. 𝑖. 𝑑.)

2. Partial client participation

3. Communication bottlenecks

Background

✓ Challenges in FL
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We propose “FedWSQ”

1) Weight standardization (WS)

• mitigates client drift and overfitting

• stabilizes learning and improves generalization

2) Distribution-aware non-uniform quantization (DANUQ)

• leverages the statistical properties of local model updates

• reduces communication overhead with minimal performance loss
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Methods

• Gradient filtering by WS

- Two vector directions vulnerable to overfitting

▪ DC component: 𝟏
▪ Local parameter direction: ෥𝐰

span{𝟏, ෥𝐰}

𝟏, ෥𝐰 ⊥

𝜕ℒ

𝜕 ෥𝐰

𝜎(ഥ𝐰)
𝜕ℒ

𝜕𝐰

Gradient 
filtering

𝜕ℒ

𝜕𝐰
=

1

𝜎( ഥ𝐰)
(𝐈 − 𝐏𝟏) 𝐈 − 𝐏෥𝐰

𝜕ℒ

𝜕 ෥𝐰

- Gradient of WS



Methods

• Quantization of local model updates
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Methods

• Quantization of local model updates
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Methods

• Quantization of local model updates

Standardized normal distribution
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- Quantization error objective

- Quantization levels



Methods

• Quantization of local model updates

Value

∆ ഥ𝐖𝑖,𝑙 = 𝑄( Τ∆𝐖𝑖,𝑙 𝑠𝑔,𝑙)

Full precision
0

0
0

0

0
0

0
1

0
0

1
0

0
0

1
1

0
1

0
0

0
1

0
1

0
1

1
0

0
1

1
1

1
0

0
0

1
0

0
1

1
0

1
0

1
0

1
1

1
1

0
0

1
1

0
1

1
1

1
0

1
1

1
1

∆ ഥ𝐖𝑖 = (∆ ഥ𝐖𝑖,1, ⋯ , ∆ ഥ𝐖𝑖,𝐿)

Quantized parameters

Δ𝐖𝑖,𝑙 Δ ഥ𝐖𝑖,𝑙

E.g.) DANUQ (4-bit)

𝒔𝑖 = (𝑠𝑖,1, ⋯ , 𝑠𝑖,𝑙)Std. calculation 𝝎𝑖 = (∆ ഥ𝐖𝑖 , 𝑠𝑖)

Local scaling vector i-th Client’s updates



Methods

• Quantization of local model updates

- Mixed channel-bit allocation
▪ Fixed-bit allocation (FBA): each client keeps a constant bit throughout training.

▪ Dynamic-bit allocation (DBA): each client is randomly assigned a bit at each round.

GMP : global model parameter



Experiments

• Experimental setup

- Datasets: CIFAR-10, CIFAR-100, Tiny-ImageNet

- 𝜶 (Dirichlet parameter): {0.1, 0.3, 0.6} or 𝒊. 𝒊. 𝒅.

- #Clients: 100 (5% participation per round) 

- Backbone architecture: ResNet-18

- Total epochs: 5,000 (5 local epochs x 1,000 communication rounds)

- Optimizer: SGD with LR: 0.1 (LR Decay: Cos annealing)



Experiments

• Comparison with existing FL methods

- FedWSQ outperforms both full-precision SOTA and quantized FL methods.

- Even under ultra-low bit (4-, 1- and 2.33-bit), FedWSQ surpasses full-precision baselines.

FedWSQ combines WS and DANUQ, 

while FedWS uses WS only.



Experiments

• Effect of WS and DANUQ

- (DANUQ >> UQ), (w/ WS >> w/o WS) across all settings.

- (WS & DANUQ) shows the most robust performance even with low-bit.

UQ : uniform quantization



Experiments

• Comparison with other non-uniform quantization methods

- NF & FP collapse at 1-bit under severe heterogeneous data.

- DANUQ outperforms both NF and FP across all conditions.



Experiments

• Loss landscape analysis

• Impact on different backbone architectures



Conculsion

✓ WS effectively mitigates the client drift, accelerating convergence and 

generalization under difficult FL conditions.

✓ DANUQ significantly reduces communication overhead without 

noticeable performance degradation.

✓ Extensive experiments show that FedWSQ consistently outperforms 

SOTA FL methods even in a highly heterogeneous data setting.



Thank you!

Paper: https://arxiv.org/abs/2506.23516

Code: https://github.com/Seongyeol-kim/FedWSQ

https://arxiv.org/abs/2506.23516
https://github.com/Seongyeol-kim/FedWSQ
https://github.com/Seongyeol-kim/FedWSQ
https://github.com/Seongyeol-kim/FedWSQ
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