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F²DC
Federated learning that generalizes across domains

Feature Decoupling and Calibration for 

domain-skewed federated learning.

Key message: turn domain bias from noise 

into calibrated evidence.
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visual domains → biased local features



The challenge: clients see different “styles”
Federated learning usually assumes local updates point toward a compatible global model. Domain 
skew breaks this assumption.

Representations collapse into narrow, client-

specific subspaces.

Attention maps become inconsistent across domains.

Plain-language view

A local model may learn “this looks like a sketch giraffe” instead of “this is a giraffe”. Aggregating such biased models 

weakens the global model.
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Core ins ight:  bias  may s till contain clas s  evidence

Prior intuition F²DC intuition

Domain-related 

features
Erase

Risk: useful class clues are removed together 

with nuisance style.

1 · Decouple
separate robust evidence from 

domain-related evidence

2 · Correct
recover useful semantics hidden 

inside biased features

3 · Aggregate
weight clients using data size and 

domain discrepancy

One-sentence summary

F²DC does not just “de-bias”; it converts biased local features into calibrated, transferable evidence.
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Method: three moves, one global objective
Th e  m o d e l k e e p s  ra w  d a ta  lo c a l.  Extra  m o d u le s  a re  lo c a l to o ; o n ly th e  s ta n d a rd  m o d e l w e ig h ts  a re  s e n t to  th e  
s e rve r.

D F D

D ecouple

F in d  w h ic h  fe a tu re  u n its  a re  

d o m a in -ro b u s t a n d  w h ic h  a re  

d o m a in -re la te d .

D F C

C orrect

C a lib ra te  d o m a in -re la te d  

fe a tu re s  to  re c ov e r c la s s -

re lev a n t c lu e s .

D aA

Agg regate

U s e  d a ta  s iz e  a n d  d o m a in  

d is c re p a n cy  w h e n  fo rm in g  th e  

g lo b a l m o d e l.

D o m a in -S k e w e d  F e d e ra te d  L e a rn in g  w ith  F e a tu re  D e c o u p lin g  a n d  C a lib ra tio n



What changes  after calibration?
Th e  le a rn e d  re p re s e n ta tio n  b e c o m e s  le s s  tie d  to  o n e  d o m a in  a n d  m o re  tie d  to  c la s s  s e m a n tic s .

A ttention evidence

Co m p a re d  w ith  va n illa  F L  a n d  e lim in a tio n -b a s e d  b a s e lin e s ,  F ²D C a tte n d s  
to  m o re  co m p le te  o b je c t e vid e n c e  a c ro s s  d o m a in s .

Representation space

F e a tu re s  o f th e  s a m e  c la s s  fo rm  tig h te r 

c lu s te rs ,  w h ile  d iffe re n t c la s s e s  s e p a ra te  m o re  

c le a rly.

In te rp re ta tio n :  th e  m o d e l le a rn s  “w h a t th e  o b je c t 

is ”,  n o t ju s t “w h a t th e  lo c a l d o m a in  lo o k s  lik e ”.
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Results: higher accuracy, smaller domain gaps

Average top-1 accuracy improves across all three multi-domain benchmarks.
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PACS

FedAvg F²DC

PACS

66.39 → 76.47

Office-Caltech

55.86 → 66.82

No extra communication

193.72MB per round on PACS

STD also decreases on all 
datasets, indicating fairer cross-

domain performance.
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Takeaway

F²D C makes domain-skewed federated learning more generalizab le b y  repairing, not 
discarding, domain-related features.

Prob lem C lie n ts  le a rn  b ia s e d  re p re s e n ta tio n s  b e c a u s e  e a c h  c lie n t s e e s  o n e  d o m a in .

Insight D o m a in -re la te d  fe a tu re s  in c lu d e  n u is a n c e  s tyle  a n d  u s e fu l c la s s  e vid e n c e .

Method D e c o u p le ,  co rre c t,  a n d  a g g re g a te  in  a  d o m a in -a w a re  m a n n e r.

Outcome H ig h e r a c c u ra c y,  s m a lle r d o m a in  g a p s ,  a n d  n o  a d d itio n a l co m m u n ic a tio n  co s t.

Final message: F²D C  turns b iased local evidence into transferab le global evidence.
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