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Abstract

Fairness is a critical concern in machine learning, as biases in prediction outcomes
with respect to sensitive attributes such as gender and race have raised ethical and soci-
etal issues in real-world applications. To address this, fair representation learning aims
to extract essential information from data as representations that are useful but inde-
pendent of sensitive attributes. However, existing methods often suffer from limited
predictive performance when their learned representations are applied to downstream
tasks. In this study, we propose predictive FairDisCo (PdFairDisCo), an extension of
FairDisCo to learn fair representations with variational autoencoders. PdFairDisCo
enhances predictive performance by incorporating contrastive losses into the objec-
tive function. In addition, we introduce two oversampling methods for PdFairDisCo
to mitigate bias by balancing the proportion of the sensitive attribute in training data.
We demonstrate the effectiveness of PdFairDisCo through experiments. The experi-
ments also show that the oversampling methods can further improve the performance
of fairness.
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1 Introduction

Artificial intelligence (AI) has become an essential part of our lives in recent years.
Al algorithms are used in many applications and are increasingly expected to play a
greater role in various fields. When deploying Al systems in real-world scenarios, a
significant challenge is to ensure fair algorithms [1]. For instance, it is reported that
COMPAS, the software for decision making in court, has overestimated the probability
of an African American committing a crime again [2]. In another case, advertisements
promoting job opportunities in science, technology, engineering, and math, were not
sufficiently displayed to women [3]. These biased outcomes from unfair algorithms can
be especially serious in areas with critical decision making such as politics, healthcare,
or finance.

Various studies have been devoted to achieving fair Al algorithms. In the machine
learning literature, unfair algorithms often arise in learning from biased training data,
and many studies explore approaches to eliminate biases in sensitive attributes such as
gender and race. One promising direction is the study of fair representation learning,
which aims at removing biases from representations of data [4—6]. In addition, the
proportion of sensitive attributes is sometimes imbalanced in training data, which can
be another source of biases for learning algorithms. Several studies have proposed to
increase training data with fewer sensitive attributes [7].

In this study, we focus on FairDisCo [5], a method for fair representation learning
with variational autoencoders (VAEs) [8]. This recently proposed approach uses dis-
tance covariance to learn fair representations such that they are no longer associated
with sensitive attributes. While FairDisCo provides task-agnostic and general-purpose
representations, learned representations may achieve suboptimal predictive perfor-
mance in tasks of interest. Moreover, FairDisCo can still face the imbalanced problem
of sensitive attributes. Even if FairDisCo attains nearly fair representations, small
biases could be amplified if training data are imbalanced in downstream tasks.

To address these issues, we first propose predictive FairDisCo (PdFairDisCo).
While FairDisCo remains an appropriate choice for task-agnostic representations,
PdFairDisCo is designed for learning fair and task-relevant representations when class
label information for a task of interest is available. The key idea is to exploit contrastive
losses [9, 10] such as a triplet loss [11-13] and a supervised contrastive loss (SCL) [14]
to integrate the label information into representations. We also utilize oversampling
for the imbalanced problem of sensitive attributes. Oversampling balances training
data by increasing the number of samples with a minority sensitive attribute value.
We incorporate oversampling for PdFairDisCo and propose two methods. We exper-
imentally demonstrate the effectiveness of our approaches. The results indicate that
PdFairDisCo consistently improves predictive performance and, in several cases, also
yields fairer representations. Furthermore, our oversampling methods provide addi-
tional gains in fairness.

The remainder of the paper is organized as follows. Section 2 provides background
information, and Sect. 3 describes the proposed methods, PdFairDisCo, and oversam-
pling methods. Section 4 presents the experimental results to evaluate our methods.
In Sect. 5, we review other fair representation learning methods and oversampling
methods, and finally Sect. 6 concludes the study.
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2 Background

In this section, we review FairDisCo, which is the basis of our approach. FairDisCo
builds on the VAE framework by adding a fairness constraint with distance covariance.
We first overview the notation and problem setup and then describe the formulation
of FairDisCo.

2.1 Preliminaries

Suppose that we have paired data (x,s), where x € X is a set of non-sensitive
features for a subject, and s € S represents the associated sensitive attribute (e.g.,
gender and race). In the following, we suppose that x takes a value in the subset of
the d,-dimensional Euclidean space, i.e., X C R%  but our formulation below can
hold if x takes other discrete or mixed values. Since the number of possible values of
a sensitive attribute is often finite (or grouped by several categories), we define s as a
categorical variable with K attribute values, i.e., S = {0, ..., K — 1}.

Fair representation learning considers a transformation from (x, s) to a represen-
tation z € Z, where we assume Z = R% . This transformation is designed with two
purposes: 1) to extract an informative representation from the original feature x and 2)
to remove information about the sensitive attribute s for fairness. Once such a trans-
formation is obtained, it can be applied to downstream tasks requiring fair prediction
for (x, s). Note that ignoring s cannot be a solution for the second purpose. Even if s
is excluded from the transformation, x can correlate with s, and the resulting z is still
biased against s.

To promote the fairness of a representation z, one can consider ensuring that z is
statistically independent of a sensitive attribute s. A theoretically feasible approach
to encourage this independence is to minimize mutual information defined by prob-
ability distributions for z and s. However, directly minimizing mutual information is
generally intractable in practice. Several studies have proposed surrogate measures as
an approximation or a lower bound on mutual information [4, 15, 16].

2.2 FairDisCo

Previous work has explored the use of VAEs for fair representation learning. Variational
fair autoencoders (VFAESs) [17] and other VAE-based methods [4, 15, 16] have focused
on extracting informative and fair representations. Building on this line of research,
FairDisCo [5] introduces distance covariance to further enhance fairness in the learned
representations and has demonstrated effectiveness over prior approaches.
FairDisCo constructs a transformation from paired data (x, s) to a representation z
with a probabilistic model where z serves as a latent variable. We first define a condi-
tional probability distribution pg(x|z, 5), typically implemented by a neural network
called a decoder, where 6 denotes the decoder’s parameters. We also prescribe a prior
distribution of z as multivariate Gaussian p(z) := N(0, I') with zero mean and identity
covariance. Applying Bayes’ rule, we can obtain the corresponding conditional pos-
terior distribution p(z|x, s). As this true posterior is intractable due to the complexity
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of marginalizing over z, we introduce a variational approximation g4 (z|x, s) imple-
mented by another neural network called an encoder with parameters ¢. Hereafter,
we also refer to py(x|z, s) and g4 (z|x, s) as the decoder and encoder, respectively.
In particular, we assume that the encoder g4 (z|x, s) is represented as the following
Gaussian distribution as in standard VAEs:

qp(zlx, 5) = N(ny(x, 5), diag(ay (x, ))) ()

where py(x, 5) € R% is the mean vector parameterized by a neural network that takes
(x, s) as input, and diag(oé(x, s)) is the d, x d, diagonal covariance matrix whose
diagonal elements consist of a vector 0‘5) (x,5) € R% . As in the mean vector, aé(x, s)
is also modeled by a neural network. Finally, FairDisCo performs a non-deterministic
transformation to obtain z given (x, s) by sampling from the encoder: z ~ g4 (zlx, s).

To train the above probabilistic model, FairDisCo uses an objective function similar
to that of VAEs. First, a reconstruction loss is defined as the negative expected log-
likelihood of the decoder py(x|z, s):

Lre == _]Eq¢(z\x,s) [In pg(x|z, s)]. (2)

In addition, a regularization term is employed to penalize the encoder g4 (z|x, 5):

Lxr = Dxr(q¢(z|x, 5) || p(2)), 3)

where Dxr.(q || p) is the Kullback—Leibler (KL) divergence for the probability dis-
tributions ¢ and p. The sum of these two terms corresponds to the negative evidence
lower bound for the probabilistic model, and minimizing it encourages the model to
learn representations that better explain the observed data.

FairDisCo also adopts a penalty to encourage fairness in representations. As we
explained in Sect. 2.1, mutual information can be computationally expensive to mea-
sure the independence between z and s. Instead, FairDisCo imposes a fairness penalty
based on distance covariance [18] as a surrogate for mutual information. Specifically,
let us consider some joint distribution of z and s, denoted as p(z, s), and marginal
distributions p(z) and p(s). Then, a distance covariance loss is given as follows:

Loc = Zfz P(.5) = p@)p(s)I° dz

seS
= Y p6? 56 [ p(ls) = pizls)dz. )
seS 2
where
o= X a6 pes = 2 pes). pl = B

s'eS\{s} s’eS\{s}
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Here we denote p(s’) and p(z, s") the same distributions as p(s) and p(z, s), respec-
tively. In FairDisCo, p(s) and p(s) are estimated as empirical distributions of training
data. The integral of z can be computed as a closed form by approximating p(z|s) and
p(z|s) with the encoder g4 (z|x, s). See Section 3.2 of [5] for more detailed compu-
tation of Eq. (4).

The final objective of FairDisCo is defined as follows:

LFairDisCo = Lre + Lx1L + BLac, Q)

where 8 > 0 is a hyperparameter to control the trade-off between the distance covari-
ance loss and the other two losses. Given a training dataset of (x, s), this objective
function can be minimized with the mini-batch stochastic gradient descent method. In
practice, each term can be computed approximately or exactly for each mini-batch of
the dataset.

3 Proposed Method

In this section, we present PdFairDisCo and the oversampling methods that build on
it. Both approaches share a common goal of improving the performance of down-
stream tasks after representation learning. We first describe the motivation behind
these approaches and then formulate them.

3.1 PdFairDisCo

We consider a two-stage setting in which we first learn representations and then train
a model for a downstream task using the learned representations. As illustrated in
Sect. 2, FairDisCo learns a representation z that preserves information about fea-
tures x and considers fairness regarding a sensitive attribute s. This representation is
general-purpose and applicable irrespective of the subsequent task, which are often
formulated as supervised learning problems following representation learning. How-
ever, such task-agnostic approach could offer suboptimal predictive performance even
when target tasks are already evident at representation learning. In this study, we focus
on classification problems as the downstream task and develop PdFairDisCo that lever-
ages label information when it is available during representation learning. Although
the resulting representations are no longer task-agnostic, PdFairDisCo makes the rep-
resentations more task-relevant and predictive while still maintaining fairness.
Although we consider a two-stage setting, a natural alternative in task-specific
scenarios is an end-to-end approach that directly optimizes the target task. While end-
to-end deep learning has become common in recent years, additional data are often
obtained after the initial training in practice. In such situations, it can be preferable
to update the model by leveraging only the newly obtained data, for example to save
computational resources. Under this setting, a two-stage framework like ours can still
be a practical option for incorporating the new data, which we view as the downstream
task. Although end-to-end models can also be retrained on the additional data, our
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Fig.1 A conceptual diagram of the effect of the triplet loss

approach offers several features compared to end-to-end frameworks. We provide
further discussion in Sect. A.2.1.

Suppose that a pair of (x,s) in Sect. 2.1 is annotated to form a tuple (x, s, y),
where y € ) is a categorical label with L classes, i.e., ) = {0, ..., L — 1}. This label
y is associated with a downstream classification task, and we aim to learn a better
representation z such that y is more predictable.

Our proposed approach enhances FairDisCo by introducing an additional loss term
that improves the predictive performance of the representations. In particular, we
employ contrastive losses [9, 10], commonly used in deep metric learning, where the
typical objective is to learn representations under supervision of distances between
data. These losses typically use label information as explicit supervision, and we inte-
grate them into FairDisCo so that z is encouraged to become closer to representations
with the same label y and farther from those with different labels. As a result, we
expect the learned representations to be more predictive in downstream classification
tasks.

Formally, we consider the following form of contrastive losses. We first assume
that we have a tuple (x“, s¢, y*), which we refer to as an anchor. Next, we assume
that we have a positive tuple (x™, s+, yT) such that y¥ = y* and a negative tuple
(x7,s7,y7) where y* # y~. The corresponding representations are obtained from
the encoder:

2%~ gp(zlx?, sY), 2t ~quzlxt,sT), 27 ~gulzlxT,s7).

We further define the finite sets of positive and negative representations as a positive set

Z* and anegative set Z~,i.e.,z" € ZT andz~ € Z~,respectively. Then, contrastive
losses are defined as the following expectation with respect to these representations:

Leontrastive := Eza z+ z- [K(Za, Zt, Zi)] ) (6)
where £(z%, 2T, Z27) represents an individual loss term for the samples z¢, Z*t and
Z-.

The form of a contrastive loss is determined by £(z%, Z*, Z7), and we instantiate
two specific losses. The first one is the SCL [14]:

exp(sim(z9, z17) /1)
Z log

1
ESCL Za,Z+,Z_ = —— : 7
o : Y zez+uz- exp(sim(z?, z)/7)

271 @

ztezZ+
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where sim(z¢, z) denotes a function measuring the similarity between two represen-
tations z¢ and z T, e.g., cosine similarity, and T > 0 is a temperature parameter. This
loss encourages the anchor representation z¢ to move closer to all representations in
Z7T and farther away from all representations in Z~.

Another loss we focus on is the triplet loss [11-13]. This loss is defined when the
positive and negative sets consist of only one representation, i.e., Z* = {z ¥} and
Z~ = {z7}, respectively, as follows:

triplet _ _
Gl @z 27y = max (Jlz° =z, — Iz — 27 |l +m, 0), (8)
)4 P p

where || - ||, denotes the L, norm with p > 1, and m > 0 is a margin hyperparameter.
This loss imposes a penalty when the distance between z¢ and z 1 exceeds that between
z% and z~ by more than the margin m. Minimizing the triplet loss encourages z¢ to
be closer to zT than to z~, as illustrated in Fig. 1. By substituting Eq. (7) or Eq. (8)
into £ in Eq. (6), we obtain the corresponding contrastive loss.

The final objective of PdFairDisCo is defined by adding a contrastive 10ss Lcontrastive
to the objective of FairDisCo in Eq. (5), as follows:

EPdFairDisCo = Ere + EKL + ﬂcdc + Olﬁcontras’[ivev (9)

where o > 0 is a hyperparameter that controls the contribution of the contrastive loss.
In practice, PdFairDisCo is trained using the mini-batch gradient descent method in
the same manner as FairDisCo. The detailed training procedure is shown in Algo-
rithm 1. Given a training dataset D = {(x,,, s», yn)},}l\’=1 of size N, we choose from D
a mini-batch Dy = {(x;, s;, y,‘)}[B:1 of size B (B < N). Next, we randomly sample
representations z; (i = 1, ..., B) from the encoder g4(z|x;, s;) and then compute
each loss term in Eq. (9). After performing iterative gradient updates, we obtain the
learned parameters ¢ of the encoder g (z|x, ).

If we use an SCL on a mini-batch, the loss is computed using Algorithm 2. Given
a mini-batch of representations and labels Deongrasiive = {(Zi, yi)}le, we first select
an anchor representation z and classify the remaining representations into a positive
set Z1 and a negative set Z~. Repeating the above procedure, we finally obtain the
average SCL loss of the mini-batch.

Similarly, a triplet loss for a mini-batch is computed using Algorithm 3. After
selecting z%, Z*, and Z~, we sample a positive representation z and a negative rep-
resentation z~ uniformly from Z% and Z~, respectively, and then compute a triplet
loss value. In this way, computing a triplet loss requires selecting positive and nega-
tive representations. Although we adopt uniform random sampling to select positive
and negative representations in Algorithm 3, we can also utilize more sophisticated
sampling strategies [19]. Note that the SCL does not require any sampling strate-
gies because it uses all positive and negative representations at the same time. In the
following experiments, we mainly use the triplet loss and Algorithm 3 to evaluate
PdFairDisCo.

@ Springer
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Algorithm 1 Training algorithm of PdFairDisCo

Require: A dataset D = {(x,, sn, y,,)}lll\’:1 , hyperparameters « and f.
Ensure: Encoder parameters ¢.
1: Initialize ¢ and 6.
2: for Dj, = {(x;.5i. y)}E., S Ddo
3. for (x;,s;,y;) € D do
Sample z; from gy (z|x;, 5;).
end for

4

5:

6:  Compute Ly from {(x;, z;, 5;)}2
7

8

i=1"
Compute Lki, from {(x;, si)}lB:l.
Compute L from {(x;, Si)},-B:] .
9:  Compute Leontrastive from {(z;, yi)},le .

10: L < Lre + LKL + BL4c + @ Locontrastive-

11:  Update parameters ¢ and 0 by gradient descent for L.
12: end for

Algorithm 2 Computing an SCL for mini-batch data

B
i=1

Require: A mini-batch Deontrastive = {(2i, yi)}
Ensure: A contrastive 10ss Lcontrastive-

a hyperparameter t.

1 Leontrastive < 0.
2: for (z;, ¥i) € Deontrastive 40
30 2% <z

4. Zt <

50 ZT <« 0.

6:  for (z;,y;) € Deontrastive \ (zi, yi) do
7: if y; = y; then

8: Zt « 2t Ulz)).

9: else

10: Z7 « 27 Ulzj)

11: end if

12:  end for

13: Leontrastive < Lcontrastive + e_LS_CL (29, 2%, Z7).
14: end for

15: Leontrastive < Leontrastive/ B-

3.2 Oversampling with PdFairDisCo

PdFairDisCo imposes a fairness constraint with distance covariance as an additional
penalty on the objective function, in the same manner as FairDisCo. Although this
softly constrained approach does not overly restrict the model architecture and the
training algorithm, the resulting representations may still contain residual biases, i.e.,
remaining information about a sensitive attribute, which can be problematic in cer-
tain applications. In particular, we focus on downstream tasks where the values of a
sensitive attribute are imbalanced in the training data: the samples corresponding to
certain sensitive attribute values are fewer than others. Learning from such sensitive
attribute-imbalanced data tends to excessively focus on the samples corresponding
to majority sensitive attribute values and thus potentially amplifies biases even if the
representations are nearly fair.

To address this challenging situation, we employ oversampling, a simple but widely
applicable approach to the class imbalance problem [20]. Oversampling increases the
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Algorithm 3 Computing a triplet loss for mini-batch data

Require: A mini-batch Deoprastive = {(Zi» ,Vi)},B:p hyperparameters p and m.
Ensure: A triplet 10ss Lcongrastive -

I: Leontrastive < 0-

2: for (z;, ¥;) € Deontrastive 40

3 7% <« z;.

4 Zt <.

50 ZT <« 0.

6:  for (zj,y;) € Deontrastive \ (zi, yi) do

7 if yj = yj then

8 Zt « 2T Ulzj)

9: else

10: Z7 <« 27 Ul

11: end if

12:  end for

13: Select z+ from Z71, and select z~ from Z~ uniformly at random.
14: Leontrastive <= Leontrastive + [t]?,%ﬁ % z",27).
15: end for

16: Leontrastive <= Lcontrastive/ B-

number of samples before training a prediction model by (1) replicating a randomly
selected sample with a minority class and (2) adding the replicated sample to train-
ing data. This method balances classes and prevents the training process from being
dominated by majority classes.

For our attribute imbalance problem in downstream tasks, there are two ways to
apply oversampling to PdFairDisCo. In the first method, paired data (x, s) are trans-
formed into a representation z with the encoder of PdFairDisCo, and then oversampling
is performed for z if s takes a minority sensitive attribute value. In the second method,
oversampling is first performed for (x, s) of a minority sensitive attribute value, and
then the encoder transforms (x, s) into z as well as the replicated sample of (x, s).

Figure 2 shows the two oversampling methods for a binary sensitive attribute. Each
circle or pentagon represents a data point: circles denote (x, s) and pentagons denote
z. Dark blue and orange indicate samples with majority and minority sensitive attribute
values, respectively. A pair of closely overlapped points denotes (x, s) (or z) and its
replicated sample that takes the same value as the original. While the first method
(upper row) performs oversampling after transforming with the encoder, the second
method (lower row) does it beforehand with the transformation. Hence, we call the first
method post-oversampling and the second method pre-oversampling. Compared to
post-oversampling, pre-oversampling avoids adding exactly the same representations
to the training data because (x,s) and its replicated sample are transformed into
different representations due to independent sampling process.

To see the difference between the two methods more precisely, we consider obtain-
ing two representations z and z* from (x, s). In post-oversampling, (x,s) is first
transformed into z by sampling from g¢(z|x, s). This sampling can also be repre-
sented through the reparameterization trick:

z=mn(x,s)+o(x,s)O€, €~N(O,1I), (10)
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Fig.2 Illustration of two oversampling methods using PdFairDisCo

where © denotes the elementwise product, and € € R% is Gaussian noise. Although
the reparameterization trick is primarily required during training, we use it here for
clarity: Eq. (10) indicates that the transformation can be viewed as adding Gaussian
noise € scaled elementwise by o (x, s) to the mean vector p(x, s). After sampling z,
the oversampling simply replicates it to obtain z*. As a result, the two representations
are identical, i.e., 7 = z*.

In contrast, pre-oversampling first replicates (x, s) to obtain (x*, s*). Then (x, s)
is transformed into z by Eq. (10), while (x*, s*) is transformed into z* using another
independent sampling process:

25 =pu(x*, s +o(x*, s O, € ~N(,I), (11)

where €* is also Gaussian noise. Because €* differs from €, the resulting representations
are no longer identical, i.e., z # z*.

4 Experiments

We conducted experiments to verify the effectiveness of PdFairDisCo and the over-
sampling methods. In this section, we first explain the common experimental setup
and present the experimental results.

4.1 Experimental Setup

We prepared four datasets for binary classification: the Adult dataset [21], the German
dataset [22], the COMPAS dataset,! and the Default dataset [23]. Each dataset is
widely used in fairness research [5, 7, 24] and consists of tabular data for multiple
subjects. We used gender as the binary sensitive attribute (male or female) in all the
experiments. The statistics of the datasets are shown in Table 1.

1 https://github.com/propublica/compas-analysis.
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Table 1 Statistics of the four datasets

Number of samples Number of features Ratio of male to female
Adult 48,842 14 67:33
German 1000 20 69:31
COMPAS 7214 5 81:19
Default 30,000 23 40:60

Table 2 Confusion matrix

The model predicts 1 (y = 1) The model predicts 0 (y = 0)
True valueis 1 (y = 1) True positive (TP) False negative (FN)
True value is 0 (y = 0) False positive (FP) True negative (TN)

To evaluate a representation learning model (e.g., PdFairDisCo), we split each
dataset into three parts for training, validation, and a downstream task. Initially, we
trained the model with the training data and selected the number of training epochs
with the validation data. The last part for the downstream task was further divided into
three splits. For the splits, we trained, validated and tested two classifiers whose set of
input features x was transformed to a representation z beforehand by the encoder of the
pre-trained representation learning model. The first was the label classifier to predict
a class label y, and the other was the sensitive attribute classifier to predict a sensitive
attribute s. We used random forests for both classifiers, following the experimental
setup in [5]. The detailed procedure is described in Sect. A.1.

4.2 Evaluation Metrics

We evaluated the learned representations using four metrics: label accuracy, sensitive
attribute accuracy, equal opportunity [25, Section 2.1], and equalized odds [25, Sec-
tion 2]. Label accuracy and sensitive attribute accuracy are defined as the proportions
of correct predictions made by classifiers trained to predict the label and sensitive
attribute, respectively. High label accuracy indicates that the learned representations
perform well in the downstream tasks, while low sensitive attribute accuracy (closer to
0.5 in binary classification) indicates that the representations contain little information
about the sensitive attribute, and therefore achieve higher fairness.

To define equal opportunity and equalized odds, we first describe the confusion
matrix, shown in Table 2, which defines the components used to compute true positive
and false positive rates for each sensitive attribute.

Based on this, the true positive rate (TPR) and false positive rate (FPR) are defined
as:

TP FP

TPR = ————, FPR= ————.
TP +FN FP + TN
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Let TPR;_; and FPR_; be the rates for the sensitive attribute s = k. Then the fairness
metrics are calculated as:

Equal opportunity = |[TPR;=; — TPR;—¢|,
Equalized odds = |TPR;=1 — TPR;—¢| 4 |[FPR;—=1 — FPR;—¢]|.

Smaller values indicate better fairness, with zero meaning identical classification
behavior across sensitive attributes. We repeated independent training and evaluation
10 times and report the mean and standard deviation of the four metrics.

4.3 Evaluation of PdFairDisCo
4.3.1 Comparison with FairDisCo and VAEs

In this experiment, we compare PdFairDisCo with FairDisCo and VAEs to evaluate
how our proposed approach can improve the existing one. The objective functions of
FairDisCo and PdFairDisCo are given by Eq. (5) and (9) respectively. We set 8 = 103
for both by following the experiments in [5]. As mentioned above, we used the triplet
loss for PdFairDisCo. To determine the strength of the triplet loss in PdFairDisCo, we
selected « from {1, 2, ..., 9} that achieved the lowest equalized odds on validation
data in each downstream task. As a result, we chose « = 3 for the Adult dataset,
o = 1 for the German dataset, « = 5 for the COMPAS dataset, and « = 9 for the
Default dataset. We also evaluate a standard VAE (i.e. 8 = 0 and o = 0) with the
same architecture and experimental settings as PdFairDisCo for reference. Details of
the training, validation and test procedure are provided in Sect. A.1.1.

Table 3 shows the mean and standard deviation of the four metrics for FairDisCo,
PdFairDisCo, and the VAE. We first compare the VAE with the other two methods. We
confirm that this simple VAE tends to yield worse fairness performance. In particular,
the results of the VAE show high accuracy for sensitive attribute (e.g. 0.931£0.002 for
the Adult dataset). This means that we can easily reconstruct sensitive attributes from
representations of the VAE. The results indicate that representation learning without
fairness considerations could lead to bias in downstream tasks. Regarding label accu-
racy, the VAE generally outperforms FairDisCo but does not reach the performance of
our PdFairDisCo. Because the VAE is less constrained, it may learn representations
better suited for label classification than FairDisCo. However, the VAE does not match
the predictive representations with PdFairDisCo. It should be noted that the VAE per-
forms relatively well for the German dataset. The number of samples in the German
dataset is much smaller than the other datasets as shown in Table 1. This could make
the training process of more constrained FairDisCo and PdFairDisCo less stable.

Next, we compare PdFairDisCo with FairDisCo in more detail. We observe that
PdFairDisCo consistently achieves higher label accuracy than FairDisCo across all
datasets. In particular, PdFairDisCo outperforms FairDisCo for the Adult and COM-
PAS datasets by a large margin. These results support the effectiveness of PdFairDisCo,
which enhances the representations and thus provides improved predictive perfor-
mance in downstream tasks. Three fairness metrics exhibit different trends for each
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Table 3 Comparison of four metrics among FairDisCo, PdFairDisCo, and a VAE
FairDisCo PdFairDisCo VAE
Adult
Label accuracy 0.798 £ 0.003 0.835 £ 0.003 0.813 £ 0.003
Sensitive attribute accuracy 0.646 £ 0.003 0.640 £ 0.003 0.931 £ 0.002
Equalized odds 0.329 +0.026 0.066 £ 0.023 0.099 +£0.014
Equal opportunity 0.030 & 0.007 0.029 £ 0.004 0.056 £ 0.006
German
Label accuracy 0.687 £+ 0.025 0.707 £0.019 0.762 £+ 0.020
Sensitive attribute accuracy 0.502 £+ 0.027 0.620 £ 0.025 0.662 £+ 0.017
Equalized odds 0.439 +£0.123 0.522 £0.110 0.378 £ 0.219
Equal opportunity 0.414 £0.119 0.481 £0.105 0.333 £0.211
COMPAS
Label accuracy 0.585 +0.021 0.632 +0.015 0.629 £ 0.010
Sensitive attribute accuracy 0.781 £ 0.002 0.778 £ 0.002 0.999 £ 0.001
Equalized odds 0.170 £ 0.062 0.154 £ 0.049 0.399 £ 0.057
Equal opportunity 0.128 +0.057 0.040 £ 0.023 0.282 4 0.061
Default
Label accuracy 0.789 £ 0.004 0.800 £ 0.004 0.794 £ 0.003
Sensitive attribute accuracy 0.557 +0.009 0.561 £ 0.008 0.849 £ 0.004
Equalized odds 0.026 + 0.019 0.027 £0.013 0.035 £0.013
Equal opportunity 0.019 +£0.017 0.018 = 0.011 0.027 £0.010

The best results are highlighted in bold

dataset. PdFairDisCo improves all fairness metrics in the Adult and COMPAS datasets,
whereas the metrics worsen for the German dataset. The results are mixed for the
Default dataset, though all the differences are quite small. There may be multiple
causes that could explain these results. On the negative side, one might expect that
PdFairDisCo inevitably suffers from a trade-off between label accuracy and fairness.
Adding the triplet loss could result in underestimates of the distance covariance loss.
On the positive side, improving label accuracy may also contribute to enhancing equal
opportunity and equalized odds. The two metrics depend on the predictive perfor-
mance of the label classifier, and more accurate label predictions with PdFairDisCo
could reduce the disparities between the differences in TPRs and FPRs for differ-
ent sensitive attribute values. Again, for the German dataset, the small sample size
could make the training of more constrained PdFairDisCo unstable and the learned
representations more susceptible to bias.

We note that the above experiments are not intended to achieve state-of-the-art
performance, but are not conducted under overly restrictive settings. To support this,
we also evaluated the label accuracy for a random forest trained directly on the input
features. The results are 0.831 £ 0.001 for the Adult dataset, 0.838 = 0.010 for the
German dataset, 0.652 £ 0.007 for the COMPAS dataset, and 0.790 & 0.002 for the
Default dataset. By comparing to the results in Table 3, PdFairDisCo generally obtains
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performance similar to the random forest (e.g. 0.835 &£ 0.003 vs. 0.831 &£ 0.001 for
the Adult dataset), though we only observe a performance gap in the German dataset
(i.e., 0.707 £ 0.019 vs. 0.838 £ 0.010).

To further verify the effectiveness of our approach, we compared PdFairDisCo
with an MLP as an end-to-end baseline and with a variant that adds a cross-entropy
(CE) loss term to FairDisCo instead of the contrastive loss. Details are provided in
Sects. A.2.1 and A.2.2.

4.3.2 Exploring Roles of Triplet Loss

We further analyze the impact of the triplet loss in PdFairDisCo. Although we selected
a based on equalized odds for validation data in Sect. 4.3.1, we also evaluated the other
candidate values of « and investigated how the strength of the triplet loss influences
both label accuracy and fairness in more depth.

The results are shown in Fig. 3. The left side illustrates the results of label accuracy
and sensitive attribute accuracy, and the right side depicts the results of equal oppor-
tunity and equalized odds. Note that the results of « = 0 indicate the performance
of FairDisCo. First, the results of label accuracy for nonzero « are generally better
than o = 0. We observe clear improvements in the Adult and COMPAS datasets and
slight gains in the Default dataset for all comparisons. The German dataset also shows
improvements except for certain two values of «. For the Adult and COMPAS datasets,
the improvements decreased as « increased. It is consistent with our expectations; too
large o could lead to an underestimate of the reconstruction loss and the regularization
term in Eq. (9).

Next, we assess fairness metrics. We confirm that there are two trends for sensitive
attribute accuracy. While the results worsen as « increases for the Adult and Ger-
man datasets, the results show little change for the COMPAS and Default datasets.
The trends of equal opportunity and equalized odds are more complicated. In the
Adult and COMPAS datasets, the equal opportunity and equalized odds values tend to
decrease initially and then increase as « increases, while those values tend to fluctuate
with different values of « for the German and Default datasets. These diverse trends
may be due to multiple causes with the triplet loss, as discussed in Sect. 4.3.1. In
particular, equalized odds and equal opportunity could be affected by the positive and
negative aspects. One possible implication of the results above is that a good model
can be selected by choosing o based on either of fairness metrics. Since the results of
label accuracy shows relatively stable improvements, choosing « according to fairness
metrics would likely facilitate consistent improvement in all metrics, as demonstrated
in Sect. 4.3.1.

To further understand the learned representations, we visualize them using the t-
SNE algorithm [26]. Figure 4 shows the representations of « = 0 and ¢ = 5 in
the Adult dataset. We can observe that the representations of the minority class (red
plots) for « = 5 tend to become more concentrated on the left-hand side than o = 0.
Note that we do not expect the representations to be clearly separated because they
are subject to the prior distribution p(z). Although t-SNE cannot fully preserve the
original representations, the results modestly suggest that PdFairDisCo successfully
learned more predictive representations.
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Fig.3 Results of FairDisCo (« = 0) and PdFairDisCo on four metrics for different values of «
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Fig.4 Visualization of representations with t-SNE for the Adult dataset

4.3.3 Effect of Different Batch Sizes

Training with a triplet loss is known to be sensitive to batch size, as informative
triplets—i.e., those for which the loss is non-zero and gradients are meaningful—
must be sampled from within each mini-batch [19]. When such triplets are rare, the
loss tends to be zero, and the representation learning may stagnate. To evaluate this
effect, we compared the performance across batch sizes of 32, 64, 128, and 256. Other
settings are same as the experiment in Sect. 4.3.1.

Figure 5 presents the results. While some variation was observed depending on
the dataset, overall performance remained relatively stable across batch sizes. In the
Adult and Default datasets, label accuracy showed little sensitivity to the batch size.
The German and COMPAS datasets exhibited moderate fluctuations, but without a
consistent advantage for larger or smaller batches. This robustness may be attributed
to the number of classes in the datasets and the regularization effect of the Gaussian
prior.

4.3.4 Comparison with SCL

In the previous experiments, we used the triplet loss as our contrastive loss. To examine
whether the choice of contrastive losses affects the performance of PdFairDisCo,
we additionally compare the triplet loss with the SCL. Specifically, we trained and
evaluated an additional version of PdFairDisCo by replacing Eq. (8) with Eq. (7) and
keeping all other experimental settings identical to those in Sect. 4.3.1.

Table 4 shows the experimental results. We can observe that the label accuracy
and fairness metrics of the triplet loss were similar to or slightly better than those of
the SCL in many cases, although the SCL showed performance gains in the German
dataset. Since the SCL uses all positive and negative pairs within each batch, it could
be more effective for the German dataset, whose number of samples is much smaller
than the other datasets. Overall, these results suggest that our method is not overly
sensitive to the specific choice of contrastive losses, at least in our experimental setup.
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4.3.5 Transferability to Related Tasks

Standard representation learning seeks reusable representations across tasks. Although
our PdFairDisCo learns representations that are specific to a target task, the learned
representations can also be transferred to other related tasks. In the experiment below,
we demonstrate that PdFairDisCo can be effective for transfer to one such related task.

We used the Adult dataset and considered a setting where the label y of age is not
available at representation learning. Instead, we used another related label y’ of income
for representation learning with PdFairDisCo. We followed the same data splitting and
evaluation protocol as in Sect. 4.3.1. In representation learning, we removed the feature
corresponding to income from x and used it as the label y’ to compute the contrastive
loss of PdFairDisCo. We then trained random forests on the learned representations
z obtained with FairDisCo and PdFairDisCo to predict y, and compared these results
with a baseline in which a random forest was trained directly on x with the income
feature removed.

As shown in Table 5, PdFairDisCo attains better label accuracy, equalized odds,
and equal opportunity than FairDisCo. Compared to direct training of the random
forest, the label accuracy is comparable, with a small improvement in the mean, while
equalized odds and equal opportunity for both FairDisCo and PdFairDisCo are lower
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Table 4 Comparison of four metrics between triplet loss and SCL
Triplet loss SCL
Adult
Label accuracy 0.835 £ 0.003 0.832 £0.003
Sensitive attribute accuracy 0.640 £ 0.003 0.658 £ 0.004
Equalized odds 0.066 £ 0.023 0.102 £ 0.021
Equal opportunity 0.029 £ 0.004 0.031 £ 0.005
German
Label accuracy 0.707 £0.019 0.769 £+ 0.027
Sensitive attribute accuracy 0.620 £ 0.025 0.658 £+ 0.027
Equalized odds 0.522 £0.110 0.432 +0.070
Equal opportunity 0.481 £0.105 0.381 £ 0.064
COMPAS
Label accuracy 0.632 £0.015 0.625 £0.016
Sensitive attribute accuracy 0.778 £ 0.002 0.780 £ 0.007
Equalized odds 0.154 £+ 0.049 0.157 4 0.060
Equal opportunity 0.040 £ 0.023 0.113 £0.054
Default
Label accuracy 0.800 £ 0.004 0.786 £ 0.004
Sensitive attribute accuracy 0.561 £ 0.008 0.575 £ 0.007
Equalized odds 0.027 £ 0.013 0.027 £0.016
Equal opportunity 0.018 £ 0.011 0.023 £0.014

The best results are highlighted in bold

Table5 Comparison of four metrics among FairDisCo, PdFairDisCo, and random forest for transfer learning

of the Adult dataset

FairDisCo PdFairDisCo Random forest
Label accuracy 0.810 £ 0.002 0.824 £ 0.003 0.819 £ 0.002
Sensitive attribute accuracy 0.645 £ 0.004 0.662 £ 0.003 -
Equalized odds 0.140 £ 0.020 0.060 £ 0.018 0.174 +£0.013
Equal opportunity 0.033 £ 0.005 0.026 £ 0.005 0.046 4 0.003

The best results are highlighted in bold

than those of the random forest. It should be noted that sensitive attribute accuracy
is omitted for the random forest, since it does not perform representation learning
and thus has no representation z to use for predicting sensitive attribute s. Overall,
these results suggest that the representations learned by PdFairDisCo can be reused
for transfer learning across related labels in this setting.
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4.4 Evaluation of Oversampling

In this experiment, we evaluate the effectiveness of the two oversampling methods
proposed in Sect. 3.2. We performed similar experimental procedures as in Sect. 4.3
for PdFairDisCo with the two oversampling methods. o was fixed to the same value in
Sect. 4.3.1, and we used the same training settings, e.g., optimizer and batch size, as in
Sect. 4.3. Details of applying the oversampling methods are provided in Sect. A.1.2.

Table 6 shows the results for PdFairDisCo with the two oversampling methods.
As a reference, we also copied from Table 3 the results of PdFairDisCo without
oversampling, denoted as no-oversampling. We first compare the oversampling meth-
ods to no-oversampling. To begin with, we observe that oversampling has little
effect on label accuracy. The differences between the oversampling methods and no-
oversampling remain within 0.01 except for pre-oversampling in the German dataset.
As we have repeatedly stated, the number of samples of the German dataset is much
smaller than the others. Such a limited sample size could increase the instability of
training algorithms and their predictions, and thus cause the drop in the label accu-
racy of pre-oversampling. Regarding fairness metrics, we find that the oversampling
methods improve the performance over no-oversampling in multiple cases. Post-
oversampling outperforms no-oversampling in 8 cases among 12 comparisons, while
pre-oversampling consistently achieves the best sensitive attribute accuracy. These
findings suggest that our proposed oversampling methods can generally contribute to
improving fairness.

Next, we examine the differences between post-oversampling and pre-oversampling
in more detail. Post-oversampling substantially improves the fairness metrics of no-
oversampling. Pre-oversampling sometimes boosts the performance of fairness. In
particular, pre-oversampling shows the best results across all datasets for sensitive
attribute accuracy. However, there are also cases where pre-oversampling performs
worse than the others. It yields the worst values for equalized odds and equal oppor-
tunity on three datasets and causes a substantial drop in label accuracy mentioned
above. One possible reason for this instability is that pre-oversampling does not merely
replicate data. As explained in Sect. 3.2, pre-oversampling produces two similar rep-
resentations with independent noises drawn from the Gaussian distribution. While
this data augmentation-like process can sometimes work well, the variability intro-
duced by independent sampling may negatively affect the results in certain cases. In
summary, if stable improvement in fairness metrics is desired, post-oversampling is
recommended. If larger improvements of sensitive attribute accuracy are sought and
some instability can be tolerated, pre-oversampling may also be considered.

5 Related Works

Recent studies on fair representation learning have explored various types of
approach [4, 17, 24, 27, 28]. One common approach is to employ adversarial learning,
in which two models are jointly trained so that one model tries to predict a sensitive
attribute from a representation, and the other makes the prediction difficult [29, 30].
For example, FSNS [6] provides an improved approach that learns a discriminative
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representation for a class label while reducing information about sensitive attributes.
While adversarial learning has also been used in many other contexts, it sometimes
suffers from optimization instability and sensitivity to hyperparameters [15, 24]. In
this paper, we explore FairDisCo and PdFairDisCo, VAE-based approaches that do
not use adversarial learning.

Oversampling has been broadly used as a preprocessing step in the class imbalance
problem. SMOTE [20] is a popular method that generates synthetic samples by inter-
polating between two data. SMOTE has been extended in various contexts, including
fairness [7, 31]. In this study, we develop oversampling methods that simply replicate
existing representations or produce similar representations with Gaussian noise rather
than interpolation.

6 Conclusion

We proposed PdFairDisCo, an extension of FairDisCo for learning fair representations.
The key idea of PdFairDisCo was to incorporate contrastive losses into the objective
function in order to improve predictive performance in downstream tasks. We also
introduced two oversampling methods for PdFairDisCo to address the imbalanced
problem of sensitive attributes. Experimental results demonstrated that PdFairDisCo
improved label accuracy and, in some cases, fairness metrics. The oversampling meth-
ods further improved fairness metrics without significantly degrading label accuracy.
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Appendix A Supplements to the Experiments
A.1 Experiment Procedure

In this section, we explain the concrete procedure of experiments mentioned in Sect. 4.

A.1.1 Evaluation of PdFairDisCo

In the experiment reported in Sect. 4.3, the entire dataset is first divided into three
parts: Diain (70%), used for training PdFairDisCo; Dyglig (15%), used for determining
the number of training epochs of PdFairDisCo; and the remaining 15%, reserved for
downstream tasks. The downstream portion is further split into: ﬁtmin (55%), ﬁvalid
(15%), and Diest (30%). Using these splits, the overall procedure is as follows:

1. Train PdFairDisCo on Diin using Algorithm 1 for each o € {1, ..., 9} respec-
tively. The number of training epochs is determined based on the validation loss
computed on Dyyjig-

2. For each trained encoder corresponding to @ € {1, ..., 9}, we train a downstream
label classifier on @train and evaluate its fairness using equalized odds on ﬁvalid.
The value of « that yields the lowest equalized odds is then selected.

3. We have the training dataset D' = Dyain U Dyatia = {(#n, 5n, in)},’f; for training
and evaluation of downstream tasks. Note that N/ = N'ain 4 nvalid yherpe ptrain
(N2id) means the number of Dirain (ﬁvaﬁd).

4. Fixing « to the selected value from step 2, apply the encoder f to {(X,, 5,)} ,1:7:/ | to

obtain the representations {Z,, } ,1,\7:’1 . Then, we have the set of tuple {(Z,,, 5,1, ¥n)} ,’,V:/l .

5. Train the label classifier with {(Z,,, )7,1)},11\’; 1~ In the same way, train the sensitive
attribute classifier with {(Z,, 5,)}_ .

6. Encode f)test with the encoder fj and evaluate the trained classifiers using both
accuracy and fairness metrics.

Further implementation details, including the hidden layer sizes and the number
of training epochs for both PdFairDisCo and downstream classifiers, are provided in
Appendix A.3.

A.1.2 Evaluation of Oversampling

The three methods compared in Sect. 4.4 are no-oversampling, post-oversampling,
and pre-oversampling. Both post-oversampling and pre-oversampling apply random
oversampling to correct the imbalance in the number of data. In post-oversampling,
oversampling is performed after transformation, whereas in pre-oversampling, it is
applied beforehand while avoiding duplication of the oversampled data. The no-
oversampling method is included for comparison and does not apply any oversampling.

No-oversampling corresponds to step 1 to 6 in Sect. A.l.1. Post-oversampling
investigates the effect of the first method described in Sect. 3.2. In this method, after

@ Springer



New Generation Computing (2026) 44:16 Page230f28 16

executing step 4 in no-oversampling to obtain the representations, random oversam-
pling is applied using the procedure in step A. This process is repeated until the number
of tuples (z, s, y) with the minority and majority values of the sensitive attribute
becomes equal.

A Let s, be the minority value of the sensitive attribute. ~
Sampling atuple (Z;, 5;, y;) uniformly at random, where j € {1,2, ..., N’}, from
the set {(Z, S = S, &n)}f:’;y Then, add the sampled tuple to the set and update
it accordingly. Each time this step is executed, the number of training samples N’
is incremented by one.

Similarly, pre-oversampling examines the effect of the second method described in
Sect. 3.2. In this method, before executing step 4 in no-oversampling, random over-
sampling is applied using the procedure in step B. This oversampling is repeated
until the number of training samples for each value of the sensitive attribute becomes
equal.

B Let s, be the minority value of the sensitive attribute.
Sampling a tuple (X j, §j=s;, ¥;) uniformly at random, where j € {1, 2, ..., N},
from D’. Then, add the sampled tuple to the set and update it accordingly. Each
time this step is executed, the number of training samples N’ is incremented by
one.

A.2 Additional Comparisons
A.2.1 Comparison with End-to-End Baseline

As discussed in Sect. 3.1, although end-to-end approaches are widely used in task-
specific settings, additional data are often obtained after initial training in practice.
In such situations, it can be preferable to update the model by leveraging only newly
obtained data; in this setting, we treat this update as the downstream task.

We describe several features of our approach compared to retraining end-to-end
models under the above setting. First, our framework allows a broader range of mod-
els for the downstream task to be considered. For example, our experiments use random
forests, and tree-based classifiers have been reported to sometimes outperform deep
models in certain settings [32]. Second, in terms of fairness, another feature of our
approach is that fairness constraints do not need to be explicitly handled when training a
downstream classifier on additional data. Since our PdFairDisCo transforms inputs into
fair representations, we can use a broader class of classifiers without fairness-aware
training. In contrast, when retraining an end-to-end model under fairness considera-
tions, fairness must still be carefully considered. This can increase the practical effort
required to retrain models under fairness considerations.

We additionally compare PdFairDisCo with an end-to-end baseline. An MLP with
the same structure as the encoder of PdFairDisCo is used, and jointly optimized pre-
dictive performance and fairness using the following objective:

Eend»to»end = £CE + ,Bﬁfair ) (12)
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where Lc is the CE loss for predicting the label and Lg,;;, is a fairness penalty. We
do not employ distance covariance for the end-to-end baseline. Distance covariance
relies on a closed-form expression under the assumption that g4 (z|x, s) follows a
Gaussian distribution, and it is not straightforward to apply it to the end-to-end baseline
without introducing additional distributional assumptions. Instead, we use maximum
mean discrepancy (MMD) as L. MMD is a differentiable, sample-based penalty
that can be computed from mini-batch samples, and it has been used to promote
fairness in prior work on VAE-based fair representation learning [17]. In addition,
FairDisCo [5] discusses MMD as a related loss that, like distance covariance, aims to
promote independence. In our implementation, we compute MMD on the intermediate
representations {z;} (the MLP features before the final linear layer) and define Ly, as
the average MMD between sensitive attribute values within each mini-batch, using a
radial basis function kernel.

We followed the same data split and evaluation protocol as in Sect. A.l.l.
Concretely, for the end-to-end baseline, we trained the model using the portions cor-
responding to Dipin, Dtram, and 'Dvahd, selected hyperparameters based on Dyyjig, and
reported the final performance on Diest. We tuned by the same selection procedure
as in Sect. 4.3.1 from B8 € {0.1, 1, 5, 10, 30, 50, 100}. For the German dataset, we
observed unstable behavior for larger 8 values, and we therefore excluded such unsta-
ble configurations and selected 8 from {0.1, 1, 5, 10}. As a result, we chose 8 = 50
for the Adult dataset, 8 = 5 for the German dataset, 8 = 50 for the COMPAS dataset,
and B8 = 1 for the Default dataset.

The results are shown in Table 7. We observe different trends across dataset. Except
for the German dataset, the differences are generally small, and neither method is
consistently superior across all metrics. For the Adult and the Default datasets, the
end-to-end baseline achieves slightly higher label accuracy and sensitive attribute
accuracy, whereas PdFairDisCo attains lower equalized odds and equal opportunity.
For the COMPAS dataset, PdFairDisCo performs slightly better on label accuracy,
equalized odds, and equal opportunity, while the end-to-end baseline achieves better
sensitive attribute accuracy. In contrast, on the German dataset, the end-to-end base-
line performs better across all metrics, suggesting that the two-stage pipeline may
be less effective when the sample size is small. In summary, PdFairDisCo achieves
performance comparable to the end-to-end baseline on Adult, COMPAS, and Default,
while a notable gap is observed on German. As noted in Sect. 4, the German dataset
contains relatively few samples and tends to exhibit different behavior from the other
datasets.

A.2.2 Comparison with CE Loss

In our task-specific setting, label information is available. Therefore, in addition to
contrastive losses, one can alternatively use a standard classification loss such as
CE loss. To examine how this direct objective compares with contrastive losses, we
introduce an additional comparison model, FairDisCo-CE, and evaluate it under the
same experimental protocol as in Sect. 4.3.1.
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Table 7 Comparison of four metrics between PdFairDisCo and end-to-end baseline
PdFairDisCo End-to-end
Adult
Label accuracy 0.835 £ 0.003 0.845 £ 0.003
Sensitive attribute accuracy 0.640 £ 0.003 0.630 = 0.012
Equalized odds 0.066 £ 0.023 0.097 £ 0.046
Equal opportunity 0.029 £ 0.004 0.035 4+ 0.021
German
Label accuracy 0.707 £0.019 0.815 £ 0.018
Sensitive attribute accuracy 0.620 £ 0.025 0.500 £ 0.055
Equalized odds 0.522 £0.110 0.254 +0.102
Equal opportunity 0.481 £0.105 0.152 +0.070
COMPAS
Label accuracy 0.632 £0.015 0.624 £0.032
Sensitive attribute accuracy 0.778 £ 0.002 0.759 £ 0.022
Equalized odds 0.154 £ 0.049 0.167 4 0.062
Equal opportunity 0.040 £ 0.023 0.063 £ 0.053
Default
Label accuracy 0.800 £ 0.004 0.808 £+ 0.003
Sensitive attribute accuracy 0.561 £ 0.008 0.545 £ 0.013
Equalized odds 0.027 £ 0.013 0.033 £0.016
Equal opportunity 0.018 £ 0.011 0.023 £0.015

The best results are highlighted in bold

FairDisCo-CE augments the FairDisCo objective with a CE loss term computed
from a linear prediction head attached to the representation z:

LFairDisCo-CE = LFairDisCo + ¢ LCE, (13)

where Lcg is the cross-entropy loss for predicting the label from z, and « controls the
strength of the CE term. This can be viewed as FairDisCo-CE replacing the contrastive
loss term in PdFairDisCo with a CE term. We tuned « € {1, 2, 3, 4, 5} using the same
selection procedure as in Sect. 4.3.1. Consequently, « = 1 was selected for the Adult,
German, and Default datasets, and « = 5 was chosen for the COMPAS dataset.
Table 8 summarizes the experimental results. First, PdFairDisCo achieves higher
label accuracy than FairDisCo-CE across all datasets. Intuitively, contrastive losses
encourage representations z of samples that share the same label to be closer than
those with different labels, which can promote more discriminative representations
and thereby improve predictive performance in our experiments. Next, the fairness
metrics vary across datasets. PdFairDisCo performs better than FairDisCo-CE on the
COMPAS dataset in both equalized odds and equal opportunity, whereas FairDisCo-
CE yields better fairness results for the German and Default datasets. Overall, these
results suggest that contrastive losses are consistently more effective for predictive
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Table 8 Comparison of four metrics between PdFairDisCo and FairDisCo-CE

PdFairDisCo FairDisCo-CE

Adult

Label accuracy 0.835 £ 0.003 0.815 £ 0.003

Sensitive attribute accuracy 0.640 £ 0.003 0.641 £ 0.004

Equalized odds 0.066 £ 0.023 0.194 +£0.015

Equal opportunity 0.029 £ 0.004 0.005 £ 0.003
German

Label accuracy 0.707 £ 0.019 0.689 £ 0.034

Sensitive attribute accuracy 0.620 £ 0.025 0.607 £ 0.037

Equalized odds 0.522 £0.110 0.359 +0.126

Equal opportunity 0.481 £0.105 0.276 = 0.102
COMPAS

Label accuracy 0.632 £0.015 0.617 £0.016

Sensitive attribute accuracy 0.778 £ 0.002 0.778 £ 0.003

Equalized odds 0.154 £ 0.049 0.290 4 0.051

Equal opportunity 0.040 £ 0.023 0.176 £ 0.047
Default

Label accuracy 0.800 £ 0.004 0.787 £ 0.003

Sensitive attribute accuracy 0.561 £ 0.008 0.551 £+ 0.008

Equalized odds 0.027 £0.013 0.018 = 0.010

Equal opportunity 0.018 £0.011 0.008 £+ 0.008

The best results are highlighted in bold

performance in our experiments, while their impact on fairness is dataset-dependent
and does not show a clear advantage over using a CE term.

A.3 Experimental Settings

The hyperparameters of the model and training for FairDisCo and the down-
stream tasks were generally determined by referring to the experiments conducted
by Liu et al. Only the number of training epochs was determined using the validation
dataset. The triplet loss parameters are the default values of TripletMarginLoss” from
Pytorch [33]. Also, the SCL parameters follow the default settings provided in the
official implementation.3 For the downstream tasks, we used RandomForestClassi-
fier* from scikit-learn [34], with default values for all parameters. The specific values
are shown in Table 9.

2 https://pytorch.org/docs/stable/generated/torch.nn. TripletMarginLoss.html.
3 https://github.com/HobbitLong/SupContrast.
4 https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html.

@ Springer


https://pytorch.org/docs/stable/generated/torch.nn.TripletMarginLoss.html
https://github.com/HobbitLong/SupContrast
https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifier.html

New Generation Computing (2026) 44:16 Page270f28 16

Table 9 Hyperparameters used in experiments

Description Value
Number of layers in encoder and decoder 2
Dimension of hidden layers in encoder and decoder 64
Dimension of the representations 8
Batch size 64
Training epochs (German dataset) 400
Training epochs (other dataset) 1000
Optimizer Adam
Training rate 10~3
Margin of the triplet loss 1.0
Degree of norm of the triplet loss 2
Temperature scaling of the SCL 0.07
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