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Abstract
As the use of machine learning models has increased, nu-
merous studies have aimed to enhance fairness. However, re-
search on the intersection of fairness and explainability re-
mains insufficient, leading to potential issues in gaining the
trust of actual users. Here, we propose a novel module that
constructs a fair latent space, enabling faithful explanation
while ensuring fairness. The fair latent space is constructed
by disentangling and redistributing labels and sensitive at-
tributes, allowing the generation of counterfactual explana-
tions for each type of information. Our module is attached
to a pretrained generative model, transforming its biased la-
tent space into a fair latent space. Additionally, since only
the module needs to be trained, there are advantages in terms
of time and cost savings, without the need to train the entire
generative model. We validate the fair latent space with var-
ious fairness metrics and demonstrate that our approach can
effectively provide explanations for biased decisions and as-
surances of fairness.

1 Introduction
With the rapid advancement of machine learning models,
the demand for fairness has grown, especially in protect-
ing sensitive features like age and gender from bias (Caton
and Haas 2024). Although recent research has incorporated
fairness metrics to ensure fairness, the sufficiency of these
metrics alone in addressing stakeholders’ concerns remains
an open question (Fig. 1A). In the US, predictive policing
tools have been criticized for disproportionately targeting in-
dividuals based on race and gender biases, sparking protests
(Richardson, Schultz, and Crawford 2019). In this context,
it is crucial for stakeholders to identify whether the deci-
sion is free from gender bias. Thus, presenting compelling
evidence to stakeholders and practitioners becomes essen-
tial when addressing sensitive issues. Practitioners can ad-
just the model based on this evidence, while stakeholders
can transparently rely on and utilize the model’s decisions,
grounded in the provided evidence (Fig. 1C-blue). In ad-
dition, when the model has been adjusted, providing as-
surances through explanations that decisions are not based
on sensitive attributes (Fig. 1C-red) is essential for building
trust in decision-making systems (Jacovi et al. 2021).
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There has been research at the intersection of fairness and
explainability, which attempts to explain the causes of un-
fairness through decomposing model disparities via features
(Begley et al. 2020) or causal paths (Chiappa 2019; Plecko
and Bareinboim 2023). However, these studies have several
limitations. Firstly, they provide explanations for the over-
all fairness of the model, which are not sufficiently persua-
sive about the fairness of individual predictions. Secondly,
although there are methods to explain the model’s decisions
(Qiang et al. 2022; Dash, Balasubramanian, and Sharma
2022), they do not fully reveal the underlying reasons be-
cause the explanations are based on variations in the model’s
outputs rather than the model’s internal behavior.

To address the aforementioned limitations and provide a
faithful explanation of decisions to each individual, we pro-
pose a novel framework that functions as a module for a gen-
erative model to construct a fair latent space. In the fair la-
tent space, where sensitive attributes are disentangled from
decision-making factors, we can elucidate why a predictor
returns a specific outcome and ensure that this outcome is
not influenced by sensitive attributes. This is achieved by
manipulating these distinct attributes within the latent space
and generating counterfactuals (Fig. 1B). As these counter-
factual explanations (simulating alternative inputs with spe-
cific changes to the original) are generated directly by the
model, they provide trustworthy explanations due to their
inherent interpretability (Rudin 2019; Joo et al. 2023).

To construct fair latent space, we conduct the training of
this module on the results of our theoretical exploration of
mutual information. The fundamental concept involves ad-
justing latent representations to effectively disentangle and
redistribute information associated with labels and sensitive
attributes. By disentangling and optimizing information re-
lated to attributes, our method not only provides explana-
tions but also consistently demonstrates a high level of fair-
ness across various metrics. In addition, while recent gen-
erative models perform well, they entail significant training
time and costs. Therefore, to reduce computational costs and
training time, we propose constructing a fair latent space
by training an invertible neural network (INN) on the latent
space of pre-trained generative models, instead of retraining
them from scratch (Fig. 1B). This approach leads to the de-
velopment of a versatile module applicable to the generative
model, which offers counterfactual reasoning.
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Figure 1: (A) Models aimed at enhancing fairness without any explanation. (B) The proposed model trains an invertible neural
network based on a pre-trained generative model to construct a fair latent space where the information of labels and sensitive
attributes is disentangled into separate dimensions. The Y-axis corresponds to the dimension of the sensitive attribute, while the
X-axis corresponds to the dimension of the label. (C) Counterfactual explanations can be generated by adjusting values in the
opposite direction within a fair latent space. Using an INN and a frozen generator, x′ and x′′ are generated from z′ and z′′.

2 Related Work
Fairness in machine learning Fairness in machine learn-
ing has gained focus in recent research. One approach
involves in-processing methods that incorporate fairness-
aware regularization into the training objective (Donini et al.
2018; Sagawa* et al. 2020; Han et al. 2024) or soften fair-
ness constraints into score-based constraints for optimiza-
tion (Zafar et al. 2017, 2019; Zhu et al. 2023). However, with
research identifying the underlying biases in training data as
the primary source of unfairness (Barocas and Selbst 2016;
Tommasi et al. 2017; Gustafson et al. 2023), there have been
notable efforts on direct interventions through augmentation
to tackle this issue (Ramaswamy, Kim, and Russakovsky
2021; Qiang et al. 2022; Zietlow et al. 2022; Zhang et al.
2024). Consequently, studies have investigated fairness eval-
uation using counterfactual samples generated by genera-
tive models (Denton et al. 2019; Joo and Kärkkäinen 2020;
Dash, Balasubramanian, and Sharma 2022). However, ex-
isting counterfactual generation methods differ from ours in
that they conduct an analysis by examining how the clas-
sifier handles counterfactual samples, rather than providing
counterfactual explanations.

Fair representation learning As fairness becomes a cru-
cial issue in the practical application of models, various ap-
proaches have been developed to learn fair representations
through disentangling. Kim and Mnih (2018) propose a di-
rect method that uses disentanglement learning, and Crea-
ger et al. (2019) isolate the latent space into sensitive and
non-sensitive components. Other approaches enforce inde-
pendence by learning target and sensitive codes to follow
orthogonal priors (Sarhan et al. 2020) or by minimizing dis-
tance covariance, offering a non-adversarial alternative (Liu
et al. 2022). However, these methodologies all rely on vari-
ational autoencoders, which are inherently limited in terms
of generalization. Furthermore, because the entire genera-
tive model is trained, image reconstruction quality is com-

promised (Shao et al. 2022).
Research has also been conducted employing contrastive

learning methods, which have proven highly successful in
learning effective representations in recent years (Chen et al.
2020; Khosla et al. 2020). Similar to our approach, these
methods learn representations by reducing the distance be-
tween positive samples and increasing it for negative sam-
ples. FSCL (Park et al. 2022) focuses on regulating the sim-
ilarity between groups, ensuring it remains unaffected by
sensitive attributes. Meanwhile, other approaches concen-
trate on enhancing the robustness of representation align-
ment (Zhang et al. 2022) or devising methods effective even
with partially annotated sensitive attributes (Zhang et al.
2023). However, methods developed after FSCL assume un-
labeled scenarios; as a result, FSCL has demonstrated the
best performance in labeled situations.

3 Method
In this paper, our objective is to achieve a fair latent space in
generative models, thereby gaining insights into the model’s
fairness through counterfactual explanations and fair classi-
fication. Therefore, we first conduct a theoretical analysis on
separating information about labels and sensitive attributes
in the latent space. Secondly, we connect this theoretical
analysis to practical training methods.

3.1 Disentangling sensitive attributes from labels
Previously, many methods concentrated on being invariant
to information associated with sensitive attributes, to depend
solely on labels for fairness in classification (Kehrenberg
et al. 2020; Ramaswamy, Kim, and Russakovsky 2021; Park
et al. 2022). On the other hand, our approach does not aim
to exclude but rather to separate information regarding the
sensitive attributes. We aim to disentangle data related to
sensitive attributes from labels and assign them to distinct
dimensions. By redistributing this data in the latent space,
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we enrich the representation with label information, thus en-
hancing the fairness of classification. Therefore, our goal is
to maximize the information associated with each assigned
attribute within its respective dimension.

Lens of the information bottleneck Let S denote a sen-
sitive attribute, such as race or gender, and Y a label. With
an invertible network fθ and pre-trained generative model
G = fdec ◦ fenc, where fenc is the encoder and fdec is the
decoder, the latent representation of image data X can be
obtained as E = fenc(X). Concurrently, the latent repre-
sentation of the invertible network is derived as Z = fθ(E).
Then, we allocate information pertaining to labels and at-
tributes in separate dimensions, denoted as ZY and ZS .

In the case of the label dimension, the objective is to max-
imize its information using the compact invertible model.
This aligns with the objective of the Information Bottle-
neck (IB) (Tishby and Zaslavsky 2015), which aims to maxi-
mize the information between the representation and the tar-
get in situations where the model’s complexity is limited,
as our training takes place in a compact invertible model.
With the lens of the IB principle, we maximize the mutual
information I(ZY , Y ) subject to a complexity constraint
specified as I(ZY , E) < b with a constant b. In this sce-
nario, we can express our objective using the loss function
LIB = I(ZY , E) − βI(ZY , Y ) with β > 1, as we focus
more on the relationship between Y and ZY . Furthermore,
substituting mutual information with entropy allows us to
reformulate the loss function using the determinant of the
covariance matrix C (Ahmed and Gokhale 1989), facilitat-
ing the transformation as follows.
Theorem 1. Let the representation ZY follow a Gaussian
distribution, and β > 1. The information bottleneck-based
loss LIB = I(ZY , E)−βI(ZY , Y ) can be reformulated as:

LIB = EY

[
log det(CZY |Y )

]
− λ log det(CZY ), λ > 0.

(1)
Additional details for the proof are provided in the Ap-

pendix. To minimize LIB, we focus on maximizing the sec-
ond term log det(CZY ), given that the first term remains
constant when optimizing the representation ZY . If we set
the dimension of fair representation as d and apply Jensen’s
inequality, the second term log det(CZY ) can be rewritten
as:

d∑
i=1

log(λi(CZY )) ≤ d log(
1

d

d∑
i=1

λi(CZY )), (2)

where λi(CZY ) is i-th eigenvalue of CZY . In Jensen’s
inequality, equality holds when all values are equal as
λi(CZY ) = λj(CZY ) for ∀j ∈ [1, · · · , d]. Given that the
covariance matrix is symmetric and positive semi-definite, it
allows for diagonalization of CZY with maximum determi-
nant through an orthogonal matrix Q (i.e. det(Q) = ±1),
resulting in diag(c, c, · · · , c) for c = λi(CZY ). Therefore,
our objective is achieved when the covariance matrix is a
diagonal matrix with identical diagonal entries.

Connection between opposite sensitive attributes In ad-
dition to maximizing mutual information along separate di-

mensions, our strategy involves directly mitigating the influ-
ence of sensitive attributes on decision-making processes.
This is accomplished by ensuring that the label dimension
corresponding to the label contains solely relevant informa-
tion. Therefore, our additional goal is to maximize the mu-
tual information between inputs with different sensitive at-
tributes within the label’s dimension.

Considering a scenario with a binary sensitive attribute,
for data with the same label y, we denote the data with a pos-
itive sensitive attribute as Xy

s1 and the data with a negative
sensitive attribute as Xy

s0 . However, directly computing mu-
tual information between two random variables is infeasible.
To address this, we employ a widely-used approach that ap-
proximates the mutual information using noise-contrastive
estimation (Oord, Li, and Vinyals 2018; Poole et al. 2019).
Given the two random variables Xy

s0 and Xy
s1 , the mutual

information lower bound is defined as follows.

INCE = E

 1

K

K∑
i=1

log
e
g(xy

s0,i
,xy

s1,i
)∑K

j=1 e
g(xy

s0,i
,xy

s1,j
)

+ log(K),

(3)
where the expectation is over K independent samples.

To maximize the mutual information I(Xy
s0 , X

y
s1), our

strategy necessitates numerically increasing g(xy
s0,i, x

y
s1,i)

while concurrently reducing g(xy
s0,i, x

y
s1,j). In our scenario,

the representation vectors are derived from a combina-
tion of a pre-trained generative model and an invertible
model. Consequently, the product between encoded repre-
sentations g(x0, x1) can be formally denoted as zT0 z1 =
fθ(fenc(x0))

T fθ(fenc(x1)) at the dimension ZY .
As a result, the term to be increased can be denoted as

(zys0,i)
T zys1,i, and the term to be decreased can be expressed

as (zys0,i)
T zys1,j . Consequently, with the objective of trans-

forming the covariance matrix into a scalar matrix, the term
to be increased is represented as a negative squared L2 dis-
tance, whereas the term to be decreased is upper bounded by
the L2 distance, in accordance with the Cauchy-Schwarz in-
equality. Detailed proofs are included in the Appendix, and
these findings lead to the following theorem.

Theorem 2. Let the mutual information I(ZY , Y ) be maxi-
mized within a network of constrained capacity. Then, maxi-
mizing the mutual information I(Xy

s0 , Xy
s1) can be achieved

by minimizing the L2 distance between samples from the
groups Xy

s0 and Xy
s1 .

We can confirm that in our scenario, reducing the L2

distance enhances the mutual information between the two
groups. This shift leads to an emphasis on accurate informa-
tion rather than spurious attributes.

3.2 Constructing fair latent space
In this section, we elucidate how the theoretical analysis in
Sec. 3.1 seamlessly translates into the proposed methodol-
ogy, resulting in the losses illustrated in Fig. 2. Our approach
involves training an invertible network fθ, thereby enabling
the acquisition of a fair representation without incurring ad-
ditional costs for a generative model.
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Figure 2: Overview of our approach connecting theoretical analysis to practical implementation, comprising three main com-
ponents. The distance loss Ldi regulates distances to respond specifically to attributes. Furthermore, the diagonalizing loss Ldg

and equalizing loss Leq transform the covariance matrix into an identical diagonal matrix.

One of our objectives is to convert the covariance matrix
of the representation into a scalar matrix, akin to dimension-
contrastive methods in semi-supervised learning (Zbontar
et al. 2021; Bardes, Ponce, and LeCun 2022), which decorre-
late each dimension. Let B = {X,Y, S} = {(xi, yi, si)}ni=1
represent the training batch, comprising images xi, labels
yi, and sensitive attributes si. Subsequently, the representa-
tion corresponding to the label in the training batch, which
is derived through the invertible network can be denoted as
ZY = fθ(fenc(X))Y ∈ Rn×dy . Then, the covariance ma-
trix for each latent dimension of this representation can be
defined as follows.

C(ZY ) = E
[
(ZY − E(ZY ))T (ZY − E(ZY ))

]
∈ Rdy×dy

(4)
To diagonalize the obtained covariance matrix, we subtract
the term that is element-wise multiplied (⊙) by the identity
matrix Idy , isolating the off-diagonal elements. This process
yields a diagonalizing loss term by summing the squared el-
ements of the obtained matrix and incorporating a normal-
ization factor of 1/dy .

Ldg(Z
Y ) =

1

dy

∥∥C(ZY )− C(ZY )⊙ Idy

∥∥2
2
. (5)

Next, we further employ a loss function to equalize the
diagonal elements. Instead of directly setting the diagonal
elements to c, this approach is inspired by the observed
performance improvements achieved by adjusting the scale
through variance (Bardes, Ponce, and LeCun 2022). Given
the covariance matrix C(ZY ) ∈ Rdy×dy , we constrain the
variance of the batch to c for each dimension. Utilizing the
ReLU activation, which computes max(0, x) for the input
x, the loss is defined as follows.

Leq(Z
Y ) =

1

dy

dy∑
j=1

max(0, c−
√

V ar(zY:,j) + ϵ), (6)

where zY:,j ∈ Rn denotes the vector of the j-th dimension in
the latent dimension of ZY , ϵ is a small constant to prevent
gradient collapse, and V ar(·) represents the variance.

Another objective is to maximize the mutual information
between groups with different values in unintended factors.
From Thm. 2, our method minimizes L2(x

y
s0 , x

y
s1), which

is a feasible strategy for maximizing I(Xy
s0 , X

y
s1) when fo-

cusing on ZY . Additionally, to enhance the influence of the
intended factor, we incorporate a term into our loss func-
tion that increases the distance L2(x

y
s , x

y′

s ) between groups
with the same sensitive attribute but different labels, where
y ̸= y′. This results in the following formulation.

Ldi(Z
Y ) =− 1∑

Mmax

n∑
i=1

n∑
j ̸=i

MmaxD(zYi , zYj )

+
1∑
Mmin

n∑
i=1

n∑
j ̸=i

MminD(zYi , zYj ),

(7)

where Mmax = δ(yi, yj)(1 − δ(si, sj)) is the mask for se-
lecting samples to maximize, and Mmin = δ(si, sj)(1 −
δ(yi, yj)) selects samples to minimize. Here, δ(x, y) is the
Kronecker delta, which equals 1 if x = y and 0 other-
wise. The loss function uses D(x, y) = log((∥x− y∥22 +

1)/(∥x− y∥22 + ϵ)), a monotonically decreasing function
with respect to the distance, instead of the L2 distance. This
modification mitigates potential instability caused by un-
bounded values as distances grow infinitely. By employing
a bounded function, we enhance training stability and focus
on regions where the L2 distance is minimized.

The loss function for constructing a fair latent space in
training the invertible network is derived by integrating these
losses. Drawing inspiration from the technique of segre-
gating information into distinct dimensions (Esser, Rom-
bach, and Ommer 2020), we decompose the latent dimen-
sions in the representation from the invertible network as
Z = [ZY , ZS ] ∈ Rd where ZY ∈ Rdy and ZS ∈ Rds . The
loss function, based on theoretical justification and designed
to construct a fair latent space, is defined as follows.

Lfair(Z
Y ) = λdgLdg(Z

Y ) + λeqLeq(Z
Y ) + λdiLdi(Z

Y ).
(8)
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Y = a, S = m Y= yo, S = m Y= b, S = m
Method EO DP WGA Acc EO DP WGA Acc EO DP WGA Acc
DiffAE 33.4 51.2 52.9 78.1 25.8 26.3 22.8 83.5 18.4 15.2 24.2 89.4
Ours 5.9 25.5 70.4 75.2 3.4 13.2 73.1 74.6 1.6 6.7 76.0 78.2
SimCLR 26.3 46.2 60.8 79.7 16.2 22.0 42.0 84.7 16.6 16.0 37.5 89.8
SupCon 28.0 47.9 60.3 79.9 20.0 23.2 32.2 85.1 16.2 14.6 32.3 90.4
FSCL 14.3 35.0 67.5 78.1 12.9 18.0 51.2 83.7 12.2 14.4 44.0 89.3

Table 1: Evaluation of the constructed latent space obtained with an invertible neural network in the CelebA. We measure EO
and DP (the lower the better) and WGA (the higher the better) and average accuracy. a, yo, b, and m account for attractive,
young, bushy brows, and male.

CelebAHQ: Y = a, S = yo UTK Face: Y= m, S = yo CelebA: Y= a, S = m&yo
Method EO DP WGA Acc EO DP WGA Acc EO DP WGA Acc
DiffAE 28.3 56.2 61.6 82.1 17.4 18.2 77.1 88.3 51.7 73.6 32.7 78.2
Ours 13.2 41.1 68.4 77.0 8.5 9.3 82.5 87.0 17.4 45.9 62.3 73.8
SimCLR 26.3 56.0 63.6 82.5 13.7 17.4 80.4 90.5 50.3 73.3 33.1 79.6
SupCon 24.8 55.0 64.6 82.7 13.0 16.6 82.6 90.7 49.5 72.1 30.6 79.9
FSCL 20.1 50.4 62.2 81.7 10.6 14.4 76.9 90.2 - - - -

Table 2: Evaluation of the constructed latent space obtained with an invertible neural network in the various settings. We
measure EO, DP, WGA, and average accuracy. The maximum values of EO and DP are reported across 4 groups defined by
two sensitive attributes at CelebA.

3.3 Gaussianizing embeddings through INN
We train an invertible neural network (INN) instead of a con-
volutional network to ensure that transformations in the fair
latent space can appropriately extend to the latent space of
the generative model. In our method, the INN fθ maps gen-
erative representation e to a fair representation z with a for-
ward mapping fθ : Rd → Rd and can also serve as an in-
verse mapping f−1

θ : Rd → Rd.
We use Normalizing Flows (NFs) for exact log-likelihood

computation and precise inference. However, they often pro-
duce severe artifacts due to exploding inverses when gener-
ating images from out-of-distribution data (Behrmann et al.
2021; Hong, Park, and Chun 2023). To bypass this, we train
NFs on high-level semantic representation (Kirichenko, Iz-
mailov, and Wilson 2020). Our model computes the base
distribution pZ(z) with an encoder distribution pE(e) in the
latent space. Given the assumption in Thm. 1 that Z follows
a Gaussian distribution, a standard Gaussian as the pZ(z)
completes our theoretical framework. We minimize the neg-
ative log-likelihood objective using the following equation,
where the Jacobian of fθ is denoted as Jfθ .

Lg = − 1

n

n∑
i=1

(
∥fθ(e)∥2 + log |det(Jfθ (e))|

)
(9)

Furthermore, we train a one-layer fully connected clas-
sifier using ZY for labels Y and ZS for sensitive at-
tributes S, employing a cross-entropy loss denoted by Lcls.
During training, the overall loss is derived by summing
Lfair(Z

Y ), Lfair(Z
S), Lg , and Lcls.

4 Experiment
We conducted experiments with the Diffusion Autoencoder
(DiffAE) (Preechakul et al. 2022), a recent encoder-decoder

structure generative model, to evaluate our proposed ap-
proach and demonstrate its practical applicability. Addition-
ally, we employed Glow (Kingma and Dhariwal 2018) as the
invertible neural network.

4.1 Experimental details
Fairness metrics The most commonly used metrics for
measuring group fairness are Demographic Parity (DP)
(Chouldechova 2017) and Equalized Odds (EO) (Hardt,
Price, and Srebro 2016). DP aims to equalize the rate of
positive outcomes irrespective of the sensitive attribute. EO
aims to equalize the true positive rate and false positive rate,
which is appropriate for problems where negative outcomes
are as important as positive outcomes, such as facial attribute
classification. Worst-Group-Accuracy (WGA) has also been
used as a fairness metric; Zietlow et al. (2022) argues that
reaching fairness by performance degradation not only for
the highest-scoring group but also for the lowest-scoring
group is received substantial criticism in other areas (Brown
2003; Christiano and Braynen 2008; Doran 2001). Follow-
ing Zhang et al. (2023), we defined EO and DP as follows.

EO =
∑

y

∣∣∣Ps1(Ŷ = y | Y = y)− Ps0(Ŷ = y | Y = y)
∣∣∣

(10)

DP =
∣∣∣Ps1(Ŷ = yp)− Ps0(Ŷ = yp)

∣∣∣ , yp = positive

(11)

Datasets We conduct experiments on DiffAE using three
datasets. In CelebA (Liu et al. 2015), which features 40
binary attribute labels, we designate S = {male} as the
sensitive attribute and classify gender-dependent attributes
(Ramaswamy, Kim, and Russakovsky 2021) such as Y =
{attractive, young, bushy brows}. In CelebAHQ (Karras
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CelebA: Y = a, S = m
Method EO DP WGA Acc

DiffAE 33.4 51.2 52.9 78.1
+INN 26.5 46.3 60.9 79.4
+Ldg,eq 17.0 37.6 66.5 78.5
+Ldi 14.8 35.6 67.3 78.5
+Lg (Ours) 5.9 25.5 70.4 75.2

Table 3: Ablation study on the components of Lfair.

et al. 2018), a high-resolution face image dataset, we clas-
sify Y = {attractive} while setting S = {young} to ver-
ify applicability at high resolution. For UTK Face (Zhang,
Song, and Qi 2017), which includes annotations for gender,
age, and ethnicity, we establish the binary S = {young}
based on an age threshold of 35 and conduct classification on
Y = {male} following previous work (Zhang et al. 2023).

4.2 Fair latent space evaluation
We evaluated the fairness of the latent space by using fair-
ness metrics. As one of our main objectives is to establish a
fair latent space, we compared our approach with methods
proposed for learning visual representations, such as Sim-
CLR (Chen et al. 2020), SupCon (Khosla et al. 2020), and
FSCL (Park et al. 2022). While there have been studies aim-
ing to train fair representations even without the notion of
fairness, to our knowledge, FSCL demonstrates state-of-the-
art performance in terms of the group fairness metric for fa-
cial attribute classification.

Gender discrimination is one of the most important top-
ics addressed in fairness. To address this issue within fa-
cial attribute classification, which is used in a wide range of
practical applications including face verification and image
search, we have designated gender as a sensitive attribute.
We conducted experiments on the CelebA dataset, focus-
ing on three attributes known to be related to gender (Ra-
maswamy, Kim, and Russakovsky 2021).

The classification results are shown in Tab. 1. Firstly, our
proposed method demonstrates significant performance im-
provements across all three metrics: EO, DP, and WGA.
Through our proposed method, we observed a significant
reduction of 86.8% in EO, 52.0% in DP, and a 39.9% in-
crease in WGA, indicating a successful transition to a fair
latent space from a previously biased one. Additionally, our
method displayed a clear distinction from FSCL, which also
aimed for fair representation.

Secondly, Tab. 2 demonstrates that our method extends
beyond a single dataset, proving effective on large-scale
image datasets like CelebAHQ. Its efficacy is further vali-
dated through experiments on the UTKFace dataset, assess-
ing performance across diverse datasets. Additionally, ex-
periments on the CelebA dataset, which includes two sensi-
tive attributes, evaluate the method’s performance in scenar-
ios involving multiple sensitive attributes.

4.3 Ablation study
In this section, we assess the alignment between our theo-
retical analysis and practical outcomes through an ablation

INN CelebA: Y = a, S = m
De Ldg Leq Ldi EO DP WGA Acc

- - - - 26.5 46.3 60.9 79.4
- ✓ - - 25.6 45.5 61.1 79.6
✓ - - - 21.6 40.4 60.8 79.5
✓ ✓ - - 19.5 39.5 64.5 78.3
✓ ✓ ✓ - 17.0 37.6 66.5 78.5
✓ - - ✓ 32.0 50.0 55.5 78.0
✓ ✓ - ✓ 25.8 40.3 54.0 72.2
✓ ✓ ✓ ✓ 14.8 35.6 67.3 78.5

Table 4: Ablation study to confirm the necessity of the the-
oretical assumptions. We denote decomposition as De.

study. Our method’s theoretical design is developed incre-
mentally, with each stage building upon the previous one.
As a result, performance improves with the addition of each
component, as shown in Tab. 3, which confirms the effec-
tiveness of the approaches discussed in Sec. 3.1 for ensuring
fairness within the latent space. Additional results for other
datasets and settings are provided in the Appendix.

We further confirm the necessity of assumptions under-
lying each theoretical analysis in Sec. 3.1. Initially, we as-
sess the necessity of decomposing (De) representation di-
mensions into labels and sensitive attributes, by comparing
scenarios in which the covariance matrix is diagonalized
without such decomposition. As shown in Tab. 4, apply-
ing Ldg without De leads to the maximization of entangled
information, which has a minimal impact on fairness. Fur-
thermore, to ensure that information is optimally structured
when transforming the covariance matrix into a scalar ma-
trix, we compare the scenarios involving Ldg and Ldg +Leq

with the application of De. The second set of rows in Tab.
4 emphasizes the importance of transforming the diagonal
matrix to ensure identical diagonal entries. Finally, we in-
vestigate the importance of maximizing mutual information
between the label Y and the representation ZY , as assumed
in Thm. 2. The third set of rows in Tab. 4 shows that without
this assumption, Ldi fails to perform accurately.

4.4 Explaining the fairness by counterfactual
In the previous section, we observed an increase in the worst
group’s accuracy after applying our framework. In this sec-
tion, we demonstrate how this improvement is reflected in
the explanations provided by our framework. With the con-
structed fair latent space, our method can generate coun-
terfactual explanations by adjusting the dimensions corre-
sponding to the label or sensitive attribute and observing the
model’s behavior. Specifically, the vector of each classifier
weight h in the latent space is the best choice for the ba-
sis corresponding to the label or sensitive attribute, as these
classifiers most clearly represent how the model differenti-
ates information. Hence, we base our counterfactual expla-
nation on the representations obtained by moving the repre-
sentation z = fθ(fenc(x)) in the direction of the classifier
weight vector ĥ = h

∥h∥ .
A counterfactual explanation of the label reveals the fac-

tors that influenced the model’s decision, while a counterfac-
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Figure 3: Counterfactual explanations with samples initially misclassified as unattractive by the original model. The x-axis
indicates changes in the latent space based on the direction of classifier ĥ. In the original model, (a) counterfactuals of attrac-
tiveness reveal a clear correlation with gender. After constructing a fair latent space by isolating ZS = male, we can observe
(b) counterfactuals of attractiveness that exhibit no gender bias, and (c) counterfactuals across genders with equal attractiveness.

Figure 4: (Left) Gender misclassification rates when rep-
resentations obtained from the CelebAHQ test dataset are
shifted along the unit vector of the attractive classifier.
(Right) Gender distribution after generating 1,000 images by
shifting the mean of a standard Gaussian distribution along
the unit vector of the attractive classifier.

tual explanation of the sensitive attribute shows whether the
model would make the same decision under different sensi-
tive attributes. Consider the attractive classification prob-
lem. If the model misclassifies data labeled as attractive,
practitioners would want to identify the factors causing the
misclassification. As shown in Fig. 3(a), practitioners can
use label-based counterfactual generation to discern that the
gender factor predominantly influences the determination of
attractiveness. By designating male as the sensitive attribute
and using our method, practitioners can exclude gender in-
formation when determining attractiveness. Indeed, when
gender information is excluded, inputs that were previously
misclassified are accurately classified, as evidenced in Fig.
3(b). With this explanation, stakeholders can verify the in-
dependence of the gender factor in decision. Furthermore,
stakeholders can confirm the excluded information assigned
to dimension ZS , which represents inputs classified as at-

tractive with the same scores, as shown in Fig. 3(c).
To evaluate the explanation quantitatively, we conducted

gender classification on the generated images using the
CLIP model (VIT/B-32) with two classifier prompts: ‘photo
of a male, man, or boy’ and ‘photo of a female, woman, or
girl’, following previous works (Cho, Zala, and Bansal 2023;
Shrestha et al. 2024). Please refer to the Appendix for more
details about the experimental setup. When we transformed
the representations obtained from the CelebAHQ test dataset
according to the unit vector of attractiveness-classifier ĥ, the
original model exhibited a clear correlation as shown in Fig.
4(L): as the representation became more attractive, males
were increasingly misclassified, whereas females were sim-
ilarly misclassified as it became less attractive. In contrast,
with the fair latent space by our proposed method, we ob-
served that this correlation between attractiveness and gen-
der was nearly eliminated.

Additionally, to verify whether the obtained fair latent
space maintains fairness during the image generation pro-
cess, we gradually transformed the representation from the
origin according to ĥ, adding noise from a standard Gaus-
sian distribution to generate 1,000 images, and then evalu-
ated their gender ratio. As shown in Fig. 4(R), the original
model exhibited a slope of 8.06 in a linear regression, indi-
cating a consistent correlation, while our method showed a
slope of 0.97, demonstrating that it is possible to enhance
attractiveness while maintaining the gender ratio.

5 Conclusions & Limitations
We propose a module that enhances the understanding of
the model’s fairness by offering explanations to individuals,
accompanied by fair decisions supported through a fair la-
tent space. However, since our model involves integrating a
module with a frozen generative model, there is a limitation
in that the average accuracy depends on the performance of
the pre-trained generative model. Despite this limitation, we
have demonstrated the practical application of provided ex-
planations and the fairness of constructed latent space.
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