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v" What is Federated Learning (FL)? Server

* Decentralized learning
* Data privacy-preserving
— only sharing model parameter,
not raw data
* Scalability & Continual learning
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v Challenges in FL

Server

Data heterogeneity (non-i.i.d.)
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2. Partial client participation
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v Challenges in FL

1. Data heterogeneity (non-i.i.d.)
2. Partial client participation
3. Communication bottlenecks

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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* Gradient filtering by WS

- Gradient of WS spanf{1, W)
0L [—P)) (I—Pa) 0L i
ow a(w)( 1) W oW oL

- Two vector directions vulnerable to overfitting
= DC component: 1
* Local parameter direction: w
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* Quantization of local model updates
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- Standard normal
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* Quantization of local model updates

Standardized normal distribution - Quantization error objective
R Ur41q
P RREETACIOLE
r=0 " Ur

- Quantization levels

1-bit: [-0.798, 0.798]

2-bit: [-1.224, 0, 0.765, 1.724]

4-bit: [-2.654, -1.974, -1.508, -1.149, -0.834,
-0.544,-0.269, 0.0, 0.230, 0.465, 0.708,

- R
T > X 0.966, 1.248, 1.568, 1.968, 2.649]
Uy Uyryq

dr
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* Quantization of local model updates

E.g.) DANUQ (4-bit)

4 )

AW;; = Q(AW;,;/s41)

Quantized parameters © = AWy
Full precision - _ _
’ AW; = (AW, -+, AW; 1) ~
[ Std. calculation ] > 5; = (Si1,,Sip) > w; = (AW, 5)

Local scaling vector i-th Client’s updates
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* 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.

Mixed bit-width Server

. w1 (4 bits)
Client 1 \ (mmmmmmmmmmm - :‘_l—[ Dequantization ]—'[ Aggregation ]—' ( )
Client 2 |22 | (AW, -+, AWY) | | (-~ . GMP & global W e )
W, L (Sy, . Sy) = Global parameters i We E scaling vector o LB B
. _ B iRt ' — Sg; | update Updated global
: %’b‘ﬂs} Clients’ updates | (o .~ PP It : parameters
[ Client N | Scaling vector aggregation | " )

GMP : global model parameter
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* Experimental setup

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

-« (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)
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* Comparison with existing FL. methods

FedWSQ outperforms both full-precision SOTA and quantized FLL 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.

Method it CIFAR-10 CIFAR-100 Tiny-ImageNet
a=0.1 0.3 0.6 0.1 0.3 0.6 0.1 0.3 0.6

FedAvg [31] 70.65 82.52 8545 4345 4739 49.04 30.37 34.65 36.54
FedProx [27] 70.89 8391 86.60 4378 4826 4849 2999 3544 37.14
FedRCL [38] 32 83.45 88.19 89.74 58.26 6221 6395 37.86 4494  46.75
FedACG [20] 83.62 89.12 90.38 58.14 6280 61.85 3975 4546  48.22
FedWS 85.94 89.81 91.00 64.14 68.19 6931 47.05 5284 54.23
FedPAQ [37] 66.81 7852 81.36 38.06 4242 4346 2854 3193 33.56
FedHQ+ [5] 4 66.89 7842  81.42 3822 4266 43.10 2859 3218 34.24
FedWSQ 86.84 89.84 91.11 6434 6731 6841 4651 5049 51.96
FedPAQ [37] 57.82 71.27 7236  30.07 34.16 3824 2474 2948  30.74
FedHQ+ [5] 1 58.14 70.68 73.16 31.11 3411 3750 2479 2918 31.14
FedWSQ 84.79 88.62 89.49 62.05 65.14 66.19 4511 4993 51.11
FedWSQ (FBA) 7133 86.16 89.60 90.44 63.07 66.16 67.08 46.62 50.69 51.43
FedWSQ (DBA) ' 85.20 89.23 90.26 63.28 6632 67.26 4650 50.24 51.55
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e Effect of WS and D ANUQ UQ : uniform quantization

- (DANUQ >>UQ), (w/ WS >>w/o WS) across all settings.
- (WS & DANUQ) shows the most robust performance even with low-bit.

Dataset WS #bits a=0.1 a=0.3 a = 0.6 I.1.d.
UQ DANUQ UQ DANUQ UQ DANUQ UQ DANUQ

1 30.07 40.51 34.16 46.62 38.24 48.67 37.85 48.55

) 4 2 33.52 40.58 37.66 45.07 40.47 46.31 40.90 46.06

CIFAR-100 4 38.06 43.59 42 .42 48.33 43.46 49.29 44 35 48.76
1 45.59 62.05 50.10 65.14 52.13 66.19 54.58 66.11

v 2 49 .68 63.34 54.22 65.96 56.01 67.19 58.72 67.82

4 56.85 64.34 60.21 67.31 61.98 68.41 62.98 68.53

| 24.74 28.95 29.48 33.14 30.74 36.75 33.81 38.95

) 4 2 27.02 30.33 31.60 34.12 33.58 36.60 34.87 35.41

4 28.54 31.14 31.93 35.42 33.56 36.66 34.98 38.13

Tiny-ImageNet

I 32.73 45.11 37.63 49.93 39.60 51.11 41.98 51.77
36.16 45.96 40.90 50.17 42.51 51.12 44.89 51.12
40.46 46.51 44.58 50.49 45.55 51.96 46.93 52.13
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N
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* 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.

s Methad CIFAR-10 CIFAR-100
a=01 03 06 01 03 06

| NEFP 240 306 288 70 83 8.1
DANUQ 848 886 895 621 651 66.2
NF 578 738 80.0 412 49.1 53.0
2  FP 450 575 586 253 320 342
DANUQ 859  89.0 904 633 660 67.2
NF 86.6 897 91.0 648 667 68.4
4  FP 871  90.0 91.0 643 670 68.4
DANUQ 868  89.8 91.1 643 673 684
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* Loss landscape analysis

FedWon (203.4) FedSmoo (148.9) FedDyn (235.8) FedACG (671.2)

FedWSQ (135.8) FedWSQ (135.8) FedWSQ (135.8) FedWSQ (135.8)

* Impact on different backbone architectures

Backbone Vanilla FedWS FedWSQ (DBA)
ShuffleNet [53] 36.37 53.32 S51.12
VGGNet-9 [40] 46.14 60.01 60.48
SqueezeNet [ 14] 39.45 55.87 56.10
ResNet-18 [11] 47.39 68.19 66.32
MobileViT [32] 35.42 40.80 41.27
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v' WS effectively mitigates the client drift, accelerating convergence and
generalization under difficult FL conditions.

v" DANUQ significantly reduces communication overhead without
noticeable performance degradation.

v’ Extensive experiments show that FedWSQ consistently outperforms
SOTA FL methods even in a highly heterogeneous data setting.
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Thank you!

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