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A Binary Classifier Architecture

For all experiments, we train and use binary classifiers with the following archi-
tecture: We implement feedforward neural networks with 10 main layers, where
each main layer consists of a convolution layer followed by batch normalization
and ReLU activation. Additionally, we add pooling and dropout layers between
main layers in an alternating fashion such that there are a total of 5 pooling
layers and 3 dropout layers, where the dropout percentage is set to 0.5.

B Fairness Analysis of the StyleGAN2 FFHQ Model

To evaluate the fairness of the StyleGAN2 model trained on the FFHQ dataset,
we started by generating 1000 random images. Then we used binary classifiers
to label each image for the attributes gender, smiling, eyeglasses, and young for
marginal and joint distributions (Table 1, Table 2). As can be seen, the StyleGAN2
model generates images that are slightly biased towards Male=False, moderately
biased towards Smiling=True and strongly biased towards Young=True and
Eyeglasses=False attributes. We also examine the joint distribution of attribute
pairs such as gender + eyeglasses, gender + smiling and eyeglasses + smiling. As
can be seen, the joint probability distribution of the attributes can be extremely
imbalanced even if the marginal probability distributions of the individual at-
tributes are not, such as the ratio of women + eyeglasses to men + eyeglasses. In
Figure 1 and Figure 2, respectively, we show the percentage of assigned binary
labels for single and multiple attributes.

Fig. 1: Marginal probability distributions of ‘male‘, ‘smiling‘, ‘eyeglasses‘, ‘young‘
attributes sampled from images generated by StyleGAN2 pre-trained on the
FFHQ dataset.

Fig. 2: Joint probability distributions of (‘male‘, ‘eyeglasses‘), (‘eyeglasses‘, ‘smil-
ing‘), (‘male‘, ‘smiling‘) attribute pairs sampled from images generated by Style-
GAN2 trained on the FFHQ dataset.
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Table 1: Marginal distributions of attributes measured on the FFHQ dataset and
images generated by StyleGAN2 pretrained on the FFHQ dataset.

Attribute FFHQ StyleGAN2

Eyeglasses F=0.78, T=0.22 F=0.80, T=0.20
Young F=0.28, T=0.72 F=0.30, T=0.70
Smiling F=0.43, T=0.57 F=0.44, T=0.56
Male F=0.58, T=0.42 F=0.58, T=0.42

Table 2: Joint distributions of attribute pairs measured on the FFHQ dataset
and images generated by StyleGAN2 pretrained on the FFHQ dataset.

Attributes FFHQ StyleGAN2

Eyegl.-Smile
FF=0.34, FT=0.44
TF=0.09, TT=0.13

FF=0.35, FT=0.45
TF=0.09, TT=0.11

Smile-Male
FF=0.22, FT=0.36
TF=0.21, TT=0.21

FF=0.23, FT=0.35
TF=0.21, TT=0.21

Male-Eyegl.
FF=0.50, FT=0.08
TF=0.28, TT=0.14

FF=0.53, FT=0.05
TF=0.27, TT=0.15

C Additional debiasing results

We also performed debiasing for eyeglasses (Figure 3) and afro hair attribute
(Figure 4) on the same latent codes showing the before/after of our debiasing
method.

Fig. 3: A set of images generated with the same latent codes before and after
debiasing the StyleGAN2 model with respect to the ’Eyeglasses’ attribute on a
single channel with our method.

We performed experiments with all attributes in the CelebA dataset, but
we only included a subset in the paper for comparison with other methods. We
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Fig. 4: A set of images generated with the same latent codes before and after
debiasing the StyleGAN2 model with respect to the ’a person with afro hairstyle’
text-based attribute with our method.

note that the attributes we performed comparisons on are the attributes that
are common across the competitor methods and for which, reasonably high
performing binary classifiers or high-quality labeled images are available. We use
our first method to debias the additional attributes Lipstick, Bangs and Beard
attributes and present the results in Table 3.

Table 3: KL Divergence between a uniform distribution and the distribution
of images generated with our method. StyleGAN2 is included to demonstrate
un-debiased results.

Method Lipstick Bangs Beard

StyleGAN2 0.04 0.54 0.44
FairStyle 1.28× 10−6 1.62× 10−6 0.001

D Runtime Analysis

Our method directly debias the StyleGAN2 model within a short period of
time. More specifically, the average time to debias a single attribute is 2.25
minutes, while debiasing joint attributes takes 4.2 minutes. Moreover similarly,
classifying 1000 images with the CLIP classifier takes 1.28 minutes while the
Celeb-A classifiers take 1.49 minutes on average.
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E Comparison of CLIP vs Binary Classifiers

In terms of computation time, CLIP-based classifiers and binary classifiers perform
similarly. The CLIP classifier takes 1.28 minutes while the Celeb-A classifiers
take 1.49 minutes on average to classify 1000 images. However, CLIP provides
a richer attribute set due to its large-scale and text-based nature. We perform
an additional experiment to debias the ‘smiling’ attribute using both our first
method and CLIP-based method. The CLIP-based method results in a KLD of
5.96 × 10−8, which is comparable to our first method, which yields a KLD of
8× 10−8.
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