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

B Reduce the domain divergence, i.e.,
minimizing the distance between
domains’ data.
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Issues of Conventional DG approaches to FDG
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B Reduce the domain divergence, i.e.,
minimizing the distance between
domains’ data.
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B Require data accessibility among
users = communication overhead,
privacy protection.
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Issues of Conventional DG approaches to FDG
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How to make the models trained on heterogeneous network domains scalable and
generalizable to new/unseen domains in the distributed network settings?



> FDG via On-Server Optimization

On-Server Optimization
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Local Gradients

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

B Identify an optimal aggregated gradient for achieving domain invariance
- no need for data exchange.
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Local Gradients

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

®m Identify an optimal aggregated gradient for achieving domain invariance
- no need for data exchange.

Gradient Matching Motivation

Gradient
cancellation

. . . . 4'7 ’7
B  Gradient Conflict between clients gt -
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B Naive averaging of vanillaFLleadto /.- > >
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> On-Server Gradient Matching

U
Gradient Matching g — Zg}j) . gt

u=1

Client 1
B Reduce the cosine similarity between updated
trajectories of different clients.

B Reduce the negative transfer on distinct clients.  Initial

® Each distributed client must compete to obtain
the best updated policy.

Search Space Limitation

B Reduce computation resources required. ()
max min(hy’, g¢) —
9(: uel

Client 2

B Mitigate the risk of getting trapped in local minima. l l
Gradient Searching space
matching limitation
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> lllustrative Toy Task

3D Plot of Model Parameters Across Federated Learning Rounds 3D Plot of Model Parameters Across Federated Learning Rounds
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FL setting: all clients participated. FDG setting: 1 client being dropped out.
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> Experimental Evaluation

Algorithm VLCS | PACS | OfficeHome
v L C s |ag| P A C s |Avg| A C P R | Avg
FedAvg 725408 61.1+09 93.6+1.0 654+03]73.1[9274£06 772+1.0 77.9+05 81.0+08|827(57.7+09 483+£0.1 728402 753+0.1|635
FedGA 744 £0.1 56910 943+£06 689+09|734|939+£02 812+07 767+04 825+0.1|83.5(585+04 54306 733408 747+ 10652
FedSAM | 745403 58.0+04 929408 74.1+0.7 748 | 912401 744+09 777403 833+02 816|553 +02 547404 735+0.5 73.7+0.7 | 643
FedIIR 761 £14 60902 963+£04 732+08|76.6|942+£02 829+08 75.8+03 81.9+08|83.7|57.1 404 498+06 742401 76.1+0.1|64.4
FedSR 728403 623+03 93.8+05 744+0.6 758 |94.0+06 828+15 75.2+05 81.7+08|83.4(57.9+02 503+06 73.3+0.1 755=0.1 | 643
StableFDG [ 73.6 £0.1 592407 98.1+02 702+ 1.1|753|948+£0.1 830+ 1.1 793+£02 79.7+08|84.2|57.14£03 57.9+05 727406 72.1+0.8|65.0
FedOMG  [823+05 67.5+-04 993401 79.1+£0.5 82.0[980+£02 89704 SL4+£08 8430588465404 58.1+03 77.5+£04 78905700
FedlIR+OMG | 753+ 1.3 64.0+£02 977401 728402 775|97.7+0.1 830+ 1.1 808+02 793+£03|852|620£03 528+05 743 +£06 769 +08]66.5

FedSAM+OMG

FedSR+OMG | 73.6 £ 0.1 66.0£03 948402 733+33 769|972+0.1 832+ 1.1 798+02 793+33 | 848|61.7+£03 53305 73.6+£0.6 759+ 0.8 66.1

Domain generalization performance on VLCS, PACS, and OfficeHome Datasets
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