





where N is the total number of pixels in the image, 3* and
yF are the k*" pixel of predicted segmentations in source
and target domains, y}k and y}k are predicted segmenta-
tions without the k*" pixel in source and target domains,
ps(y®) and p;(y*) are the class distributions of pixels in the
source and target domains. The class distributions are com-

puted based on the number of pixels of each class in the

*|y¥) and py(y,
tional structure constraints of ysk and y, " on y* and yF.
From imbalance distributions to unfair predictions: In
practice, the class distributions of pixels ps(y*) and p; (y¥)
suffer imbalance problems as shown in Fig. 1. When the
model is learned by the gradient descent method, the model
behaves inequitably between classes. In particular, let us
consider the behavior of gradients produced by the gradient
descent learning method. Formally, let ¢; and ¢; be the two
classes in the dataset and ps(y* = ¢;) << ps(y* = ¢;).
The gradients produced for each class with respect to the
predictions can be formed as in Eqn. (5).
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where ||.|| is the magnitude of the vector, y{“) and y(cj)

represent the predicted probabilities of label ¢; and c;, re-
spectively. As shown in Eqn. (5), the model inclines to
produce significant gradient updates of the classes having
a large population in the distributions (a majority group);
meanwhile, the gradient updates of the class having a small
population in the distributions (a minority group) are minor
and dominated by the gradients of majority groups. Similar
behavior can also be observed in the target domain.

3.2. The Proposed Fairness Adaptation Approach

As discussed in the previous section, the fairness prob-
lem is typically caused by imbalanced class distributions.
Therefore, to address the fairness problem, we first assume
that there exists an ideal distribution p(ys) and p}(y:) so
that the model trained on the ideal data distributions behave
fairly between classes. It should be noted that we assume
the ideal data distribution to frame and navigate our pro-
posed approach to the fairness domain adaptation in seman-
tic segmentation. Then, the ideal data distributions will be
relaxed later and there is no requirement for the ideal data
distribution during the training process. Formally, learning
the adaptation framework of Eqn. (1) under the ideal data
distribution can be formulated as in Eqn. (6).
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T/he fra/ction between ideal and real data distributions, i.e.
i 8;; g; nd ]1; tgltg can be interpreted as the comple-
ment of the model needed to be improved to achieve fairness
against the imbalanced data. It should be noted that p’, (¥ )
and p4(§s) are constants as they are distributed over seg-
mentation labels, so these could be excluded during train-

ing. Then, Eqn. (6) can be further derived as follows,
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As shown in Eqn. (7), if the conditional structure fractions
/i G\k, k 1o \k| Lk
Ps(yik\ys) and pt(yiklyt)
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a special case of the weighted class balanced loss [ 13, 44].

However, conditional structure plays a vital role in semantic
segmentation as it provides the constraints and correlation
of structures among objects in images. The ignorance of
conditional structure fractions could lower the performance
of segmentation models. In addition, although the input im-
ages of the source and target domains can vary significantly
in appearance due to the distribution shift, their segmenta-
tion maps between two domains share similar class distribu-
tions and structural information [35,38,39]. Hence, the dis-
tribution of segmentation in the target domain p;(-) can be

practically approximated by distribution in the source do-
Y g: g:; = %. In summary, by taking the log
of Eqn. (7), the learning process can be formed as follows

(the derivation of Eqn. (8) is detailed in the supplementary):

are ignored, Eqn. (7) becomes

main, i.e
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In summary, there are three terms in the learning objec-
tive of our FREDOM approach. Hence, several properties
are brought into the learning process that can be observed.
Domain Adaptation Objective The first two terms stand
for the objective of domain adaptation. While L learns to a
segment on the source domain in the supervised fashion, £;
aims to unsupervised adapt knowledge to the target domain.
Fairness Treatment from Class Distributions The next
two terms, i.e, log (p EZZ% and log ( 2 L)) denoted as

Z\H

ps(yf)
the Lqss, impose the behavior of the model with respect

to the class distribution. In particular, these constraints aim
to regularize the predictions of classes so that the model
should behave fairly between classes with respect to the
class distribution. Under the ideal data distribution assump-
tion, the model is expected to equally treat predictions of all
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