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Fairness Problem in  Domain Adaptation



0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

Ro
ad

Bu
ild
.

Ve
ge
t. Ca

r

S.W
alk Sk

y
Po
le

Pe
rso
n

Te
rra
in
Fe
nc
e

W
all Sig

n
Bik
e
Tru
ck Bu

s
Tra
in

Tr.
Lig
ht

Rid
er

M.
bik
e

The Performance of Segmentation Models 
on Majority and Minority Groups of Classes

Fairness Problem in  Domain Adaptation



0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

Ro
ad

Bu
ild
.

Ve
ge
t. Ca

r

S.W
alk Sk

y
Po
le

Pe
rso
n

Te
rra
in
Fe
nc
e

W
all Sig

n
Bik
e
Tru
ck Bu

s
Tra
in

Tr.
Lig
ht

Rid
er

M.
bik
e

The Performance of Segmentation Models 
on Majority and Minority Groups of Classes

Fairness Problem in  Domain Adaptation

Majority Group

Containing Many Pixels
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The Performance of Segmentation Models 
on Majority and Minority Groups of Classes

IntraDA BiMaL SAC ProDA FREDOM (Ours)

Fairness Problem in  Domain Adaptation

Majority Group Minority Group mIoU

Containing Many Pixels Containing Less Pixels

Our FREDOM approach improves performance of the 
minority group to promote fairness between classes



Motivation

Our FREDOM
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Contributions

Present a novel Fairness metric between classes for semantic
segmentation
Propose new Fairness Domain Adaptation approach to Semantic
Segmentation

Promote fairness by a new fairness treatment loss from class distributions
Impose consistency of segmentation maps by a novel Conditional Structural
Constraint
Model Conditional Structural Constraint by the Conditional Structure
Network

Achieve State-of-the-Art Performance on Domain Adaptation
Benchmarks and Promote Fairness of the model predictions
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Fairness Objective

Minimize the Difference of Error Rates Between Classes
So That the Model Behaves Fairly Between Classes

𝜃∗ = argmin
)
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Standard Unsupervised Domain Adaptation



Fairness Objective
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The Class Distribution based on the Number of Pixels

Why Does The UDA  Model Behave Unfairly?
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Suffer Imbalance Distributions

Gradients Updated to Predictions of 
Classes in the Majority Group Largely 

Dominant the ones in the  Minority Group
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The Proposed Fairness Approach
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Standard Domain 
Adaptation Loss
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Fairness Treatment Loss 
From Class Distribution

Majority Group
e.g., Car, Sky, Sidewalk

Minority  Group
e.g., Tr.Light, Sign, Person
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Conditional Structure Network

Θ∗ = −𝑎𝑟𝑔𝑚𝑖𝑛/𝔼&1∼𝒴1,26∼∏ log 𝑞+ 𝑦+
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Solving by Pixel RNN (or Pixel CNN) is ineffective when N is a 
large number

Θ∗ = −𝑎𝑟𝑔𝑚𝑖𝑛/𝔼&1∼𝒴1,=∼ℳ log 𝑞+ 𝑦+⊙ (1 −𝑚) | 𝑦+⊙𝑚) where 𝑚 is the conditional mask

Learn the Conditional Structure Constraints By 
the Multi-head Self-Attention Network



Conditional Structure Network
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The Proposed FREDOM Framework
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Thank You For Watching


