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Overview

Federated Domain Generalization

[*] PACS dataset, https://paperswithcode.com/dataset/pacs
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Overview

Federated Domain Generalization

Data collected from different domains (e.g., Art, Photo, Sketch), client models trained on different 
domains ➔ heterogeneous distributions.

[*] PACS dataset, https://paperswithcode.com/dataset/pacs
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Overview

Federated Domain Generalization

Data collected from different domains (e.g., Art, Photo, Sketch), client models trained on different 
domains ➔ heterogeneous distributions.

Federated Domain Generalization (FDG) focuses on the domain generalization problem in FL, aiming 
to ensure that performance on test domains is as good as performance on training domains.

[*] PACS dataset, https://paperswithcode.com/dataset/pacs
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Revisiting Domain Generalization (DG)
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Issues of Conventional DG approaches to FDG 

Reduce the domain divergence, i.e., 
minimizing the distance between 
domains’ data.
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Local risk 

Generalization gap on an 
unseen domain 𝒟𝒯

Issues of Conventional DG approaches to FDG 

Require data accessibility among 
users → communication overhead, 
privacy protection.

How to make the models trained on heterogeneous network domains scalable and 
generalizable to new/unseen domains in the distributed network settings?

Reduce the domain divergence, i.e., 
minimizing the distance between 
domains’ data.

Knowledge 
Transfer

Privacy Concern

Communication 
Overhead
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FDG via On-Server Optimization

On-Server Optimization

Identify an optimal aggregated gradient for achieving domain invariance 
→ no need for data exchange.

Exploit local gradient trajectories at the server to estimate the domain divergence.
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On-Server Optimization
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FDG via On-Server Optimization

On-Server Optimization

Identify an optimal aggregated gradient for achieving domain invariance 
→ no need for data exchange.

Exploit local gradient trajectories at the server to estimate the domain divergence.

arg min ෍

𝑢∈𝒰𝑆

𝜌𝑢 ℰ 𝜃; 𝒟𝑢 + ෍

𝑣∈𝒰𝑆

𝑣≠𝑢

𝑑ℋ 𝑔 𝜃; 𝒟𝑢  , 𝑔 𝜃; 𝒟𝑣  

Domain DivergenceFL Loss

Local Gradients

Gradient Conflict between clients 
indicate the domain divergence.

Naïve averaging of vanilla FL lead to 
negative transfer.

Gradient Matching Motivation
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On-Server Gradient Matching 

Gradient 
matching

Searching space 
limitation

Gradient Matching

Reduce the cosine similarity between updated 
trajectories of different clients.

Reduce the negative transfer on distinct clients.

Each distributed client must compete to obtain 

the best updated policy.

Search Space Limitation

Reduce computation resources required.

Mitigate the risk of getting trapped in local minima.
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Illustrative Toy Task

FL setting: all clients participated. FDG setting: 1 client being dropped out.
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Experimental Evaluation

Domain generalization performance on VLCS, PACS, and OfficeHome Datasets



THANK YOU
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