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Motivation : Federated Learning
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- 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.
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Motivation : Previous Research
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➢What kind of constraint can promote generalization during local training, while preserving it 
after aggregation?

(1) Without Constraint (2) Non-convex Constraint 

How can we  

design            ? 



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

Generalization Area

Consistent Aggregation

Local Training Objective



Method : Method Component
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(2) Orthogonal Constraint

(1) Center Constraint

1

2

Convex Constraints

Training Objective on Client



One-Step

Condition 1 : Generalization Area 

[1] Understanding Why Neural Networks Generalize Well Through GSNR of Parameters (ICLR2020) 

𝑍: Data distribution
𝐷′: Test Data
𝐷: Training Data
𝑔: Gradient
𝑗: j-th parameter
𝑟: Gradient Signal 
to Noise Ratio
𝑛 : #Sample

Generalization 

Ability

One Step Generalization Ratio (OSGR)
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|𝑤𝑗| ∝
𝑔𝑗
2

𝜌𝑗
2 = 𝑟𝑗

Preserving Generalization

Theorem 1. If we impose center constraint and orthogonal constraint, and if 𝑊𝑐,𝑖
𝑙 ≤𝑊𝑐,𝑗

𝑙 , then
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Condition 2: Consistent Aggregation 

Consistent Aggregation

Center Constraint: 

Orthogonal Constraint :

Local Training Aggregation



FedCONST Framework
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(2) Convex Constraints
(1) Preserve Generalization
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Experiments : Weight, GSNR, Gradient

- 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. 
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Experiments : Gradient Update Analysis  

- Lower consistency value indicate client updates remain aligned. 

- Higher drift diversity indicate each client fully reflect its own information.

Drift Diversity: Consistency:
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Experiments : Loss Landscape

- Our constraints governs convex loss landscape of the global model.

𝐶𝑐𝑜𝑛𝑣𝑒𝑥 = |𝜆𝑚𝑎𝑥 / 𝜆𝑚𝑖𝑛|
𝐻𝑡𝑟𝑎𝑐𝑒 : Hessian trace
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Experiments: Performance Comparison

- Consistently boosts existing FL Algorithms.
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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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