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Motivation : Federated Learning

Client 1 Client 3

- Federated Learning is a decentralized training paradigm that preserves data privacy by keeping local data on-device.
- The main challenge lies in avoiding overfitting to non-i.i.d. client data while maintaining generalization to the overall data

distribution.



Generalization Area = Global model after aggregation

Motivation : Previous Research PG ® et vocel
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» What kind of constraint can promote generalization during local training, while preserving it
after aggregation?



Condition 1. The constraints boost weak features and preserve already strong features for generalization

Condition 2. The constraints should be conserved after aggregation to preserve generalization ability

Local Training Objective

L m W
111:_%_'111: (W)

T ; i i ,
s.t. G (H‘i, — Gi) =0, 1'wl=0 Vel

C C



Method : Method Component

Algorithm 1 Training procedure of FedCONST

Input: Batch size B, communication rounds &', number of
clients M, local steps T', dataset D = | J, , c[M] Dy,

Output: Global model parameters w’
Server execntes:
Initialize w" with He Initialization
fork=0,.... K —1do
form = 1,..., M in parallel do
Send w* to client m
wkt! « FedCONST: Client executes(m, w")

end

m| k41
<_Zme[m] D] Wm

end
return w’
Fed CONST: Client executes(m, w"):
Assign global model to the local model wk, + w*
for each local epocht =1,....T do
for batch (z,n1.8, Ym.1:B) € Dy, do
Per layer [ and channel/feature c,
Center gradient: g,f;l‘t « C(gk )
Project gradient: qm P :L(q”',l :)
Apply update: wk < wk — nqm :

end
end
return w’L +1 to server
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(1) Center Constraint
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(2) Orthogonal Constraint
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Condition 1 : Generalization Area 7 ") Constraint
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Theorem 1. If we impose center constraint and orthogonal constraint, and if Wcl,i < WCZ then

J 7
/ 7l 171 / 7l 7l
P1(|ATI C'"i| o |3H C’"JU o P1{|ATI C’i| o |$TI ¢.J |J Z: Data distribution
D': Test Data
. . . D: Training Data
Preserving Generalization g: Gradient
j:j-th parameter
r: Gradient Signal
to Noise Ratio
[1] Understanding Why Neural Networks Generalize Well Through GSNR of Parameters (ICLR2020) 6 n : #Sample




Condition 2: Consistent Aggregation

Center Constraint:

Orthogonal Constraint :

Local Training
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FedCONST Framework

Client - Side S Sid : Visualization on Parameter Space
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Experiments : Weight, GSNR, Gradient
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- Weight magnitude suggest feature strength, showing positive correlation with GSNR in FL framework.

- Parameters of global model can be directly utilized for preserving generalization ability of the model.



Experiments : Gradient Update Analysis
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- Lower consistency value indicate client updates remain aligned.

- Higher drift diversity indicate each client fully reflect its own information.
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Experiments : Loss Landscape

W/0O CONSTRAINTS CONSTRAINTS
ALGORITHM CCD?‘H.-‘EI Et-race CCD?‘H.-‘E:I ﬁtr&ce
FEDAVG 2.466 -4951 31.7 10102
FEDPROX 2.739 -3873 23.09 12294
MOON 3.015 -3416 16.09 9640
SCAFFOLD 2914 -3245 21.81 9145
FEDDYN 2.16 -4590 12.82 9121
FEDCONST 31.7 10102 - -

Ceonvex = Mmax / Aminl
Hiyqce - Hessian trace

- Our constraints governs convex loss landscape of the global model.
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Experiments: Performance Comparison

CrOs55-DEVICE

CROS5-51L0O

FEnpSAM + CONST

63.45 (+0.um

68.87 +7.5m

T2.64 (s3.19)

CIFAE-10 CIFAER-10 CIFAR-10 | CIFAR-100
MoODEL ALGORITHM =105 =102 e = 0.5 =105
FEDAVG 46.12 46.42 53.12 1 7.46
FEpAvG + CONST 54.28 (+5.08) 54.79 (+z2a37) 59.66 (2651 26,86 (+v.4m
‘FepProx | 4558 | 4527 1SS s g ar T
LeNgrs | FEDPROX+CONST | 53.09. ooy | 56.18 ioe | 60.70 s | 26.78 cnse
MOON 4389 46 66 55.79 1872
MOON + CONST 48.66 (+1.77) 52.88 4611 5986 (s4.07) 26.76 +504)
‘SCAFFOLD |- 4566 |- 45.67 5274 | 1766
SCAFFOLD + CONST | 53.82 +5.18) 56.62 vwesy | 63.03 029 | 2674 o
‘FepDyn [ 4493 ], 48.05 | 5105 1679 )
FEpDyYN + CONST 5407 i+9.14) 535.67 (+7.61) 59.76 ¢sx11y | 27.14 (+10.35)
FEDAVG 54.07 57.04 64.25 3351
FEpAvG + CONST 6651 i+12.449) 6841 vnan | 72.44 5y 3682 +331)
"FepProx | s6.79 | 53.92° 7 |'ed4s1 34
RisNEr 18 | FEDPROX +CONST | 6351 cem | 68.07 iury | 7196 wrss) | 36.56 cass)
MOON 57.84 51.51 fhE.43 35.19
MOON + CONST 66 94 v 62.52 ey | TLBS (4339 36 80 (181
‘SCAFFOLD [ 56.47 T8930 Teds0 | 378
SCAFFOLD + CONST | 63.49 (v7.02 68.63 (+93m T5.09 (s10.59 | 38.93 (175
FepDyn T 82T s 00T T ess0 T 3507
FEpDyYN + CONST 6429 (+11.65) 6600 +10wy | 7176 (s6.26) 3722 (4215
FepSAM T T R8T T T eI R4S T T aRAs T

39.61 +1.am

Consistently boosts existing FL Algorithms.

12




Conclusion

We present FedCONST, a simple yet effective FL algorithm that leverages
convex constraints based on weight magnitude to preserve strong features
and reinforce weak ones.

- Improves generalization by feature-aware local learning
- Ensures stability, convexity, and consistency

- Compatible with many FL algorithms without extra cost
- Simple and scalable

Bridging local learning and generalization of global model in FL



Thank you
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