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Abstract

Recently, it has been exposed that some modern fa-
cial recognition systems could discriminate specific demo-
graphic groups and may lead to unfair attention with re-
spect to various facial attributes such as gender and ori-
gin. The main reason are the biases inside datasets, un-
balanced demographics, used to train theses models. Un-
fortunately, collecting a large-scale balanced dataset with
respect to various demographics is impracticable. In this
paper, we investigate as an alternative the generation of a
balanced and possibly bias-free synthetic dataset that could
be used to train, to regularize or to evaluate deep learning-
based facial recognition models. We propose to use a simple
method for modeling and sampling a disentangled projec-
tion of a StyleGAN latent space to generate any combina-
tion of demographic groups (e.g. hispanic−female). Our
experiments show that we can synthesis any combination of
demographic groups effectively and the identities are differ-
ent from the original training dataset. We also released the
source code 1.

1. Introduction
The use of face recognition (FR) systems in critical ap-

plications such as law enforcement and recruitment has
raised significant ethical concerns. Recent studies have
demonstrated that commercially available FR systems using
Artificial Intelligence (AI) can exhibit unfairness and bias,
particularly against certain demographic groups [6, 52]. As
AI systems become more widely adopted in our daily lives,
addressing these ethical and legal considerations becomes
even more important.

In many cases, the use of FR technology is subject to
legal restrictions and regulations, further highlighting the
importance of developing fair and accurate systems. One

1https://gitlab.idiap.ch/biometric/sg_latent_
modeling

(a) African-American (b) Female

(c) Hispanic (d) Male

Figure 1: Generated face images according to desired de-
mographic groups, each 3x3 tile shows images sampled
from different demographic groups.

of the main challenges in achieving fairness in FR is the
lack of diverse training data, especially considering that the
key reason for the success of recent large FR networks is
the large datasets which they are being trained upon. At
the same time, due to legal and ethical grounds, most of
the widely used FR datasets like MS-Celeb1M [20], VG-
GFace2 [7] and MegaFace [33] have been retracted. Also
considering legal policies such as [42, 34], usage of ex-
isting datasets including WebFace260M [23] and CASIA-
WebFace [18] might also become troublesome when they
are deployed in critical applications. Besides these con-
cerns, collecting large amounts of samples required to train
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Figure 2: Overall pipeline of our proposed method. Starting from datasets with demogrpahic labels. Usin StyleGAN inver-
sion, we invert the images to desired latent space. To facilitate modeling of StyleGAN latent space we build disentangled
auxilarity space. We sample the modeled space to generate desired demogrphic.

deep FR models with various balanced demographic groups
is another problem. Therefore, developing complementary
datasets that accurately represent underrepresented groups
is crucial in mitigating these issues.

The purpose of this work is the creation of balanced face
datasets to reduce the bias of the FR models. Currently, ap-
proaches for bias mitigation in FR include pre-processing,
in-processing, and post-processing. Pre-processing ap-
proaches involve modifying the input data to remove or
reduce the effects of bias [26, 41, 4]. In-processing ap-
proaches work by changing the model architecture or learn-
ing algorithm to make it more robust to bias [37, 38, 59, 58,
35, 9, 46]. However, this can compromise fairness, model
performance and can be computationally expensive. Post-
processing approaches involve adjusting model predictions
after training to make them more fair [27, 21, 44, 11, 2],
but it can also create a trade-off between fairness and model
performance and can be limited by model interpretability.

To address the lack of diversity in existing FR datasets,
recent studies propose the use of synthetic data to reduce
bias and improve accuracy [55, 56]. However, many of
these approaches rely on randomly sampling the latent
space of generator models and later attempting to steer and
edit the generated signal to meet desired demographics [13].
This can result in accumulation of errors and further bi-
ases as the generation is not initially aware of demographic
groups. To overcome this limitation and to address the lack
of diversity in existing FR datasets, in this paper, we pro-
pose a novel yet simple approach to generate such a com-
plementary dataset for FR systems. Fig. 1 show synthetic
examples generated by our proposed method. Our gener-
ation rely on StyleGAN-based [30, 32] models. This is
mostly due to privacy concerns regarding diffusion-based
generation. Indeed it was shown in [8] that training data
can be inferred from diffusion models which is a limitation
for our application scenario to generate new face images.

The proposed method can be expanded to any latent
space-based generation architecture. One can see our
method as the first step of any demographic editing meth-
ods. As we sample desired demographic groups equally,

and later on we can employ editing methods like [10, 55, 36,
13] to further generate different variations of same identity
to introduce even larger fair datasets.

In Sec. 2 we present related works in the domain of con-
trolled generation and editing of face images. In Sec. 3 we
present our approach for controlled face generation. Finally
in Sec. 4 we validate our proposed method by various face-
related tasks (e.g., demographic classification and identity
experiment).

2. Related Works

This section focuses on related works in controlled gen-
eration. Additionally, we provide a brief introduction to
StyleGAN inversion methods in Sec. 2.4. After examin-
ing these methods, it becomes clear that not all of them are
suitable for our particular needs.

2.1. Prompt-based Synthesis Methods

Recent advances in generative models especially in dif-
fusion based synthesis [51] and their ability to convert text
to often realistic images brought new ways of exploration
of generative models. As mentioned previously these meth-
ods are often pruned to privacy concerns and also exhibit
uncontrollable output.

Using off-the-shelf models (e.g. FairFace classifier [12]
and text-image encoders [45]), [62] modeled any control
(text-based using CLIP, classifier-based using FairFace clas-
sifier ) via an energy-based model and try to minimize the
divergence between the condition and the supervision of the
auxiliary models. By introducing momentum constraint,
authors in [62] represented a debiased version of an arbi-
trary generator.

2.2. Latent-Modeling Methods

Authors in [53] suggested an autoencoder using normal-
izing flows [15] to form an auxiliary linear separable space.
Later one can sample the new space and generate desired
demographic groups.

2



[61] first randomly sampled the latent space of a Style-
GAN generator and used an attribute classifier to cluster the
input space of StyleGAN. This is done based on the proba-
bilities of the classifier. Finally, using the clustered vectors
(prototype vector), authors generate images with the desired
attributes.

In this work, by employing an autoencoder with a con-
trastive loss applied to its bottleneck-layer, we were able to
model the complex latent space of any StyleGAN generator
with a much simpler modeling technique.

2.3. 3D rendering methods

Recent advances in computer graphics caused the raise
of realistic rendering methods that we often see in the gam-
ing and movie industries. Unfortunately, most of these tech-
nologies, such as [25] and [24], can not be used because
of legal restrictions even for research purposes. However,
there are some recent works that generate synthetic datasets
using 3D rendering pipelines [3, 64], but they are not as
realistic as their commercial counterparts. One benefit of
3D rendering methods is the access to the exact manifold
of the models (faces in our case) thus we could easily gen-
erate variations of the same identity. As a disadvantage, it
is complex to control demographics (e.g., ethnicity) in such
methods.

Related to synthetic face dataset generation, authors in
[5] trained an identity-conditioned StyleGAN2 [32, 29] to
alleviate the privacy concerns of current FR datasets.

2.4. StyleGAN Inversion

StyleGAN inversion is the problem of finding the latent
code of an arbitrary image, typically within the domain of
the trained network. For example, if the StyleGAN net-
work is trained on face images, the task involves finding
the latent code that produces the same image when passed
through the synthesis network with similar settings. More
specifically, given an input image i and a StyleGAN-based
generator G, the goal is to find the latent code that can re-
construct the input image as closely as possible. Inversion
methods are generally defined by: (i) latent space in which
they map the input image, spaces such as W , W+, P , S
and (ii) the method used to convert the image to the desired
space, such as optimization-based or encoder-based meth-
ods. For a more detailed survey of GAN inversion, inter-
ested readers may refer to [63].

Here we briefly describe the types of StyleGAN inver-
sion methods proposed in the literature, and we show that
not all of these methods are suitable for our application in
mind.

Optimization-based : Most of the optimization-based in-
version methods change the weights of the synthesis
network for each image. As one of the popular meth-
ods [50] optimizes the weights of the generators for

each image to steer it to a more editable part of the
latent space. In this case, we can not reliably model
the latent space since the synthesis network would be
different for each image.

HyperNetwork-based : The benefits of inversion methods
such as those found in [60] and [16] largely stem from
weight correction to the generator using an auxiliary
network called hypernetwork. This correction is per-
formed based on a per-image-basis, meaning that the
original image or its weight correction is required at
sampling time. This prevents the synthesis of images
solely from the latent space of the generator.

Encoder-based : This type of StyleGAN inversion in-
volves using an auxiliary mapping network to convert
the input image to the desired latent space (e.g., W ,
S, W+, P spaces). This includes various techniques
depending on the architecture and final latent space of
auxiliary networks. The two most renowned methods
in this category are [49] and [57].

Our key assumption is that the demographics of an im-
age will remain unchanged after inverting it into the desired
latent space and reconstructing it using StyleGAN’s gen-
erator. To verify this assumption, we conducted a quali-
tative comparison of reconstructed images obtained from
the inversion process in the Sec. 4. We conclude that the
encoder-based inversion method described in this section is
the optimal method for our application. In particular, we
used the pixel2style2pixel (pSp) [49] encoder-based inver-
sion method, due to its superior quality compared to [57].

As mentioned previously, our primary research objective
is to supplement current datasets with a balanced and fair
version. To accomplish this goal, we must also take into
account an essential aspect of the various StyleGAN archi-
tectures: the distribution of the generated images closely
resemble that of the original datasets. Several studies,
[30, 19, 17], have investigated the domain-gap issues that
arise in the frequency content of generated images produced
by different StyleGAN architectures. As it is shown, the
StyleGANv3 [30] generation method is less prone to this
problem. Thus we conclude employing this method for our
synthesis process.

3. Proposed Method
3.1. Problem Setup

Assume that we have an image dataset D with domain d
(e.g. human face images or animal images) depicted by set
{D, d} with demographic groups set A. A can be defined
as {Agender,Arace,Aage−group, ...} in which each of them
will take some discrete values (e.g. for Agender this could
be male and female and for Aage−group could be chil-
dren between age 9 to 14 or young adults between age 18
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to 30 ). Given a StyleGAN generative model, G, trained
on the same domain d as in D, our goal here is to model
the arbitrary sampling spaces of trained StyleGAN model
for being able to generate any combination of demographic
groups that were presented in D. As an example, for our
FR dataset, we want to generate as many synthetic images
of hispanic male in his youth (18-30) as we want. As men-
tioned previously, by doing so, our goal would be to allevi-
ate the bias introduced due to the disparity of demographics
in current face recognition datasets. Here we limit our ex-
periments to the human faces, the same approach also can
be used for any {D, d} and StyleGAN generator G trained
on domain d. Fig. 2 illustrates the complete architecture of
our generation pipeline for training and inference. Starting
from a dataset with demographic, labels such as MORPH
[48], UTKFace [54] or FairFace [28] with the images of
human faces, we first invert the images using StyleGAN in-
version that was trained for G (described in Sec. 2.4). More
specifically given images of D as i and inversion network
IG we compute the inverted latent code, wj , as:

∀j ∈ {1, ..., |D|};wj = IG(ij) (1)

Directly modeling the latent space of StyleGANs (e.g.,
W+) is impossible because it forms an entangled represen-
tation (i.e., latent dimensions do not control a single demo-
graphic). Therefore, we form an auxiliary space to disen-
tangle the representation and hence allow for modeling of
this new latent space. We build this auxiliary space using
the bottleneck layer of an autoencoder. Finally, by sam-
pling the models according to a specific demographic group
(e.g., white-female or hispanic-man in his 30s) and passing
the sampled latent space to our networks, we were able to
generate synthetic datasets with any specific attribute.

3.2. Latent Modeling

We first explored the possibility of modeling the W+

space (i.e. the output of StyleGAN’s inversion [49]). How-
ever, as reported in [53] and confirmed by our findings in
Sec. 4, this latent space is too complex for being able to
model it directly using either bijective transforms ( i.e. nor-
malizing flows ) or other statistical modeling schemes like
GMMs. To alleviate this complexity, we employ an autoen-
coder network. We denote it in Fig. 3. More specifically:

b = E(w),

w∗ = D(b) where: w∗ ' w.
(2)

Here E and D are the encoder and decoder parts of the
autoencoder respectively, b is the bottleneck output of the
autoencoder (i.e. output of E). To ensure the w∗ ' w we
employ an Euclidean loss between the output of D and in-
put of E (LReconstruction). To enforce the disentanglement
of the sensitive demographic groups we employed a con-
trastive loss applied to the bottleneck layer of autoencoder.

Figure 3: Disentangling latent space using autoencoder with
Contrastive Loss

For the contrastive loss, we used the LiftedStructured loss
proposed in [40] defined as follows:

LContrastive =
1

2|P|
∑

(i,j)∈P

max(0,Li,j)
2 (3)

where, P is the set of positive samples in the mini-batch and
the Li,j is defined as follows:

Li,j = log(
∑

(i,k)∈N

exp(α−li,k)+
∑

(j,l)∈N

exp(α−lj,l))+li,j

(4)
Here, the function lm,n is a distance function between m-th
and n-th samples. We set it as Euclidean distance. N is
the set of negative samples in our mini-batch, and α is the
negative margin. By applying contrastive loss on different
demographic groups separately, our overall contrastive loss
will be the combination of each loss for each demographic
group as follows :

LTotal
Contrastive =

∑
g∈A

cgLg
Contrastive (5)

Here, g ∈ A means that the contrastive loss is applied to ei-
ther of {Agender,Arace,Aage−group}, separately. In Eq. 5,
cg can be used to control the importance of demographic
factors (i.e., Lg

Constrastive). As mentioned before, for train-
ing our autoencoder we also included an Euclidean distance
as our reconstruction loss between the w and w∗, so the
total loss will be the weighted sum of reconstruction and
contrastive loss as follows:

LTotal = λ1LTotal
Contrastive + λ2LReconstruction (6)

In Eq. 6, λ1 and λ2 are to control the contribution of
contrastive and reconstruction loss respectively.

3.3. Gaussian Mixture Modeling

Assuming a disentangled space (i.e. b), we can em-
ploy traditional techniques such as Gaussian Mixture Mod-
els (GMM) [47] which is defined as follows:

M(b; θg) =

M∑
m=1

wmN (b|µm,Σm) (7)
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Figure 4: AE-Latent Disentangled Modeling and Sampling

Here, N (b|µm,Σm) is the multivariate Gaussian dis-
tribution, M is the number of mixture components, µm,
Σm and wm are mean, covariance matrix and weight of
mixture component number m respectively. The weights
must satisfy

∑M
m=1 wm = 1. θg is a set of all the men-

tioned parameters. To model the space for a given demo-
graphic group, g, we use the Expectation-maximization [39]
algorithm on the samples in g demographic group to solve
for parameters θg . As an example, we fit a GMM to the
male group and another one for a hispanic − female
demographic, respectively denoted by M(b; θmale) and
M(b; θhispanic−female). Here we can compute the like-
lihood of a sample being drawn from g as P (b|θg), like-
wise, the log-likelihood (LL) can be formulated as LL =
log(P (b|θg)).

3.4. Generating Images with the proposed approach

As shown in Fig. 4, we first sample b according to
desired demographic groups by using their corresponding
GMM parameters (i.e., θg). Then, we use decoder part of
our autoencoder (D(b)) to obtain latent code that represents
the desired demographic groups in the latent space of inter-
est (e.g. W+ latent space of StyleGANv3). Finally, we
pass these latent codes to the StyleGAN’s generator to ob-
tain face images that correspond to the desired demographic
group sampled from the GMMs. This process is illustrated
in Algorithm 1.

Algorithm 1 Generating images of desired demographic
Input: G, D, θg
Output: ig

b ∼ M(b; θg): Calculating latent according to desired
demographic
ig ← G(D(b)): Generating image from the latent

4. Experiments

In this section, we describe our setup, implementation
details, and various experiments that we employ to validate
our results.

4.1. Validation of Synthesis

To determine if the generated images are following the
desired demographic (i.e. g in ig in algorithm 1), we em-
ployed an image classification task. We used the fair clas-
sifier model provided by the [28]. We used the MORPH
dataset for training our autoencoders. Thus the G which
was trained on FFHQ [31] and our autoencoder that trained
on MORPH did not have any prior exposure to the images
used to train the FairFace classifier.

Fig. 5 and Fig. 6 shows the confusion matrix for gender
and race classification respectively. Using our method we
generate 1000 image for each male and female and perform
the gender classification. For race classification, we did
the same with White, Black and Latino-Hispanic. We did
not include Asian race demographic in this experiment as
the number of samples of the MORPH dataset which we
trained our autoencoder on them was to small. Also, note
that the MORPH dataset only has 5 demographics for race,
{Black,White, LatinoHispanic,Asian, Unkown}.
The 7 classes in Fig. 6 are shown as we used the FairFace
classifier. From the figures we can observe that the syn-
thesized face images are following the group that they are
sampled from.

Figure 5: Confusion matrix of the gender classification task
for generated images using fair classifier model

4.2. Face Recognition Experiments

Sampling demographic-specific latent b from a given
modelM(b; θg) does not necessarily guarantee that differ-
ent identities will be generated. To this end, we perform FR
experiment on synthesized images to verify two hypotheses:
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Figure 6: Confusion matrix of the race classification task
for generated images using fair classifier model

(i) the images created are part of the original data distribu-
tion of the MORPH dataset, and (ii) different identities are
produced by the proposed method. The face representation
is extracted using a ResNet50 network [22] trained on the
WebFace4M dataset [23] using the ArcFace loss function
[14]. Each pair of sample is compared using the similarity
function S (u, v) = u·v

‖u‖2‖v‖2 − 1, spanning [−2, 0].
To assess that generated samples are part of the origi-

nal data distribution, we compare the scores distribution of
the natural image of the original MORPH dataset against
the synthetically generated samples. Fig. 7a shows how the
synthetic impostors (orange) compare to the real zero-effort
impostors scores distribution (blue). The overlap highlights
that the sampled images belong to the original data distri-
bution and supports (i). With synthetically generated im-
ages using the proposed method, it is not possible to com-
pare pairs of images of the same subject, as the sampling
scheme does not allow to generate variability (i.e. pose, fa-
cial expressions, illumination) of a specific face. Therefore
we can only compare the synthetic image’s zero-effort im-
postor scores distribution to the original one to assess how
different are the generated identities are.

Fig. 7b shows how scores change when comparing syn-
thetic images with themselves. The genuine score distri-
bution is represented by a single bin because only a single
synthetic image is available per identity. The zero-effort
distribution (blue) moves toward the genuine score distribu-
tion (green). This shift indicates the identity difference is
smaller than in the original dataset. However, the distance
between the distributions remains large enough to discrimi-
nate between identities.

4.3. Demographic Preservation

Fig. 8 shows the reconstruction quality of the result of
the pSp and also the reconstruction of the output of our au-
toencoder, more specifically, second and third columns rep-
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(a) Scores of generated images against the scores of natural images
of the original dataset: Genuine pairs (green), Zero-effort Impos-
tors (blue), and Synthetic Impostors (orange).
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(b) Scores of generated images: Genuine pairs (green), Zero-effort
Impostors (blue)

Figure 7: Face recognition scores distributions

resent G(IG(i)) and G(D(E(IG(i)))) respectively. Here i is
the original image in the dataset. Qualitatively by compar-
ing columns in Fig. 8, we can observe that although some
operations (i.e., contrastive loss) are applied to disentangle
the latent space (third column), our demographic groups of
interest (e.g., age, gender and race) are preserved.

4.4. Latent Space Modeling and Visualization

In this section, we show the effectiveness of our disen-
tanglement for modeling the desired latent space.

4.4.1 t-SNE Visualization

To visually observe the complex nature for latent space
of StyleGAN, we used the t-SNE plots on the test sub-
set of MORPH dataset. In Fig. 9 we visualize the W+

of MORPH according to (a) gender and (b) ethnicity re-
spectively. We can observe that gender and ethnicities
according to different values are entangled and complex
to model. In Fig. 10 we show effectiveness of our dis-
entanglement method on the autoencoder’s (AE) bottle-
neck ( {E(IG(ij))|ij ∈ Dtest} ) and reconstruction output
{D(E(IG(ij)))|ij ∈ Dtest} with (a)-(d) and without (e)-
(h) our contrastive loss. We can observe that the AE’s latent
space with the applied contrastive loss is better disentangled
according to possible demographics.

4.4.2 Likelihood Visualization

In Fig. 11, we demonstrate the modeling of different de-
mographic groups in the latent space using likelihood plots.
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Figure 8: From left to right: the original images of MORPH
dataset; reconstruction by the pSp inversion by the Style-
GAN3’s generator and reconstruction of the pSp inver-
sion when passed through our disentangled autoencoder and
later on passed to the StyleGAN3’s generator.

(a) Original W+ space
for gender demographic.

(b) Original W+ space
for race demographic.

Figure 9: t-SNE plots for gender and race on the original
W+ latent space of the StyleGANv3.

For the sake of simplicity and comparison, we limit this ex-
periment to the gender demographic, which includes male
and female. The first row represents log-likelihood plots
for the original W+ space of StyleGAN. The first column
corresponds to the LL of the model trained on train subset

of the male demographic in the MORPH dataset and the
LL of it in comparison to the female demographic of the
train subset of the MORPH dataset. The second column
is the same experiment except that the GMM is trained on
the female demographic and the LL showned in compari-
son with male demographic. The third and fourth columns
are LL plots for models trained on the previous male and
female demographics using the train subset and the LL
plots are drawn for the test subset. The second row is the
same experiment settings as before beside we used the bot-
tleneck output of our AE as modeling space. We can ob-
serve our method is effective because the overlap between
two distributions (female and male) in test cases are sig-
nificantly reduced.

4.4.3 Implementation Details

We used PyTorch for our autoencoder implementation. For
the trained StyleGANv3 generator and inversion based on
the [49] we used the model provided by [1] paper. For the
GMMs, we used scikit-learn [43]. Autoencoder was trained
on a single NVIDIA RTX 3090Ti. We optimized our imple-
mentation to increase the training batch size as much as pos-
sible to minimize the effect caused by the unbalanced ap-
pearance of labels in contrastive loss. We did not change the
sampling procedure to make the under-represented classes
appear more frequently. We set the contribution of each de-
mographic equally (i.e. cg = 1 in Eq. 5). We experimented
with different values for λ1 and λ2 in Eq. 6 and found that
setting them to 100 and 1, respectively, worked well for a
batch size of 192. We set the number of mixture compo-
nents, M , to 1000. We determined this through qualitative
evaluation of the reconstruction quality (e.g. using grids
like in Fig. 8) as well as the contrastive loss employed in the
latent space (as depicted in 11). We experimented with two
versions of the autoencoder architecture: one using tensor-
based encoding and decoding, and the other using a flat-
tened version. We observed that the flattened version per-
formed slightly better. For the encoder part, we used linear
layers with dimensions of 8192−4096−2048−1024−512,
with LeakyReLU activations and an initial learning rate of
0.001. For the decoder part of the autoencoder, we em-
ployed 512 − 1024 − 2048 − 4096 − 8192 Linear Layers
with LeakyReLU activation functions for all of the layers
besides the last one to preserve the range of the input-output
of the autoencoder.

5. Conclusion
In this work, we present a simple yet effective method for

modeling the latent-space of any StyleGAN-based genera-
tor. In contrast to previous works that are using much more
complex modeling schemes we used simple modeling tech-
nique. Our method can be employed to model and later on
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(a) AE’s latent space with
contrastive loss for gender

(b) AE’s latent space with
contrastive loss for race

(c) AE’s reconstructed
space with contrastive loss
for gender

(d) AE’s reconstructed
space with contrastive loss
for race

(e) AE’s latent space with-
out contrastive loss for gen-
der

(f) AE’s latent space with-
out contrastive loss for race

(g) AE’s reconstructed
space without contrastive
loss for gender

(h) AE’s reconstructed
space without contrastive
loss for race

Figure 10: t-SNE plots of various latent spaces for test part of the MORPH dataset after learning t-SNE transformation using
train split of MORPH.

(a) Trained on the StyleGANs original W+ space

(b) GMMs trained on AEs latent space that itself trained with contrastive loss

Figure 11: Log-likelihood plots of 1000 component GMMs for various latent spaces and configurations.

generate synthetic images according to arbitrary demogr-
phic groups. One can categorize our proposed method as
pre-processing method for addressing bias in existing mod-
els.
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