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Abstract.

As Artificial Intelligence-driven decision-making systems be-
come increasingly popular, ensuring fairness in their outcomes has
emerged as a critical and urgent challenge. AI models, often trained
on open-source datasets embedded with human and systemic biases,
risk producing decisions that disadvantage certain demographics.
This challenge intensifies when multiple sensitive attributes interact,
leading to intersectional bias, a compounded and uniquely complex
form of unfairness. Over the years, various methods have been pro-
posed to address bias at the data and model levels. However, mitigat-
ing intersectional bias in decision-making remains an under-explored
challenge. Motivated by this gap, we propose a novel framework that
leverages knowledge distillation to promote intersectional fairness.
Our approach proceeds in two stages: first, a teacher model is trained
solely to maximize predictive accuracy, followed by a student model
that inherits the teacher’s representational knowledge while incor-
porating intersectional fairness constraints. The student model inte-
grates tailored loss functions that enforce parity in false positive rates
and demographic distributions across intersectional groups, along-
side an adversarial objective that minimizes protected attribute infor-
mation within the learned representation. Empirical evaluation across
multiple benchmark datasets demonstrates that we achieve a 52% in-
crease in accuracy for multi-class classification and a 61% reduction
in average false positive rate across intersectional groups and outper-
forms state-of-the-art models. This distillation-based methodology
provides a more stable optimization opportunity than direct fairness
approaches, resulting in substantially fairer representations, partic-
ularly for multiple sensitive attributes and underrepresented demo-
graphic intersections.

1 Introduction

With the increasing availability of extensive datasets, Artificial In-
telligence (AI) systems have seen rapid development in automated
decision-making processes across diverse domains such as health-
care, finance, recruitment, and criminal justice [18]. While AI sys-
tems hold promising efficiency and reducing subjectivity, they fre-
quently exhibit biases against specific demographics groups [21, 20].
Such biases generally arise from underlying discriminatory patterns
embedded within training datasets, reflecting either human or histori-
cal inequities encoded during data collection or processing [4, 18]. A
notable example of bias in automated decision making is the COM-
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PAS (Correctional Offender Management Profiling for Alternative
Sanctions) risk assessment tool, which notoriously produced higher
false-positive rates for African-American defendants, unfairly cate-
gorizing them as high-risk individuals [1]. Additionally, the Dutch
Tax and Customs Administration in 2021 improperly utilized resi-
dents citizenship data to assess fraud risks in childcare benefit claims,
leading to systemic biases in their selection processes and significant
distress for the affected individuals [10, 31].

Over the years, numerous techniques aimed at mitigating bias
have been developed to enhance the model fairness while maintain-
ing data utility. These methodologies generally fall into three dis-
tinct categories based on the stage at which fairness interventions
are applied [4]. Pre-processing technique involve adjusting the data
prior to its use in model training, thus ensuring the data itself ad-
heres to fairness standards. In-processing methods entail modifica-
tions to the model architecture of the learning process itself, guiding
the model’s outputs to comply with fairness constraints. Examples
of in-processing techniques include approaches that learn fair repre-
sentations directly from biased dataset [33, 32, 16], as well as gen-
erative models specifically designed to produce fair synthetic sam-
ples [23, 17, 29, 24, 18, 25]. Post-processing approaches adjust the
model’s outcome after the training phase, ensuring that the results
are equitable across different demographic groups [4].

While these approaches address bias along individual protected
attributes, such as gender or race, considered in isolation, discrimi-
nation often manifests at the intersections of multiple protected char-
acteristics, a phenomenon known as intersectional bias. Buolamwini
et al. [3] show that evaluations of commercial facial analysis systems
found error rates as high as 34.7% for darker-skinned females, while
lighter-skinned males had error rates as low as 0.8%. Crucially, ana-
lyzing gender and skin type separately hides these differences, only
through intersectional evaluation across these demographic combi-
nations did the true extent of bias become clear, showing how dis-
crimination can be much worse for people who belong to multiple
groups at the same time.

Ensuring fairness across multiple protected attributes (intersec-
tional fairness) is technically more complex than working with a
single attribute. First, the number of intersectional groups increases
rapidly as more attributes are considered, which often leads to data
sparsity and unreliable statistics in many real-world datasets. Second,
enforcing fairness across these overlapping groups results in compli-
cate optimization problems that are challenging to solve effectively.
Some recent works tried to address the intersectional bias issue, e.g.
Jang et al. [12] tackle fairness through representation learning using
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a non-zero-sum adversarial approach that enforces non-separability
across sensitive attributes and separability for class labels. RELIANT
[7] and FairGKD [34] use graph neural networks to mitigate biases.
However, these graph-based approaches are not directly applicable to
tabular data settings where intersectional fairness research is predom-
inantly conducted, creating a gap for intersectional fairness methods
in non-graph domains.

In this work, we introduce a novel framework for learning fair rep-
resentations that mitigate intersectional bias by bridging the trade-off
between predictive performance and fairness. Our approach lever-
ages knowledge distillation from a high-capacity teacher model into
a student model trained with explicit fairness objectives. Rather than
jointly optimizing for accuracy and fairness, a task that becomes in-
creasingly difficult in the intersectional settings, our approach decou-
ples these objectives across two models. A teacher model focuses
exclusively on learning meaningful predictive representations, un-
constrained by fairness requirements. A student model then distills
knowledge from the teacher while incorporating explicit constraints
to ensure fairness across intersectional groups. This separation of
concerns allows each model to specialize, leading to more effective
optimization and ultimately better fairness-accuracy trade-offs.

Our key insight is that knowledge distillation provides an ideal
mechanism for transferring predictive power while allowing for se-
lective adaptation to satisfy fairness constraints. Specifically, by in-
heriting useful representations from the teacher, the student can fo-
cus its learning capacity on addressing fairness considerations rather
than rediscovering predictive patterns from scratch. This approach is
particularly valuable in the intersectional setting, where the complex
interplay between multiple protected attributes creates challenges for
direct optimization approaches. While previous works have explored
knowledge distillation for model compression and efficiency, our ap-
proach represents the systematic investigation of distillation specif-
ically for intersectional fairness. We model the interactions among
multiple protected attributes through tailored loss functions designed
to mitigate bias patterns emerging from their intersectional structure.

Our framework targets two central fairness challenges in multi-
class classification: disparities in false positive rates (FPR) and vi-
olations of demographic parity across intersectional groups. These
concerns are especially critical in domains such as criminal justice
and financial services, where misclassifications can reinforce struc-
tural disadvantage. To mitigate these issues, we integrate fairness-
driven loss terms into the training objective that penalize deviations
in group-level statistics. By quantifying and minimizing gaps in met-
rics like FPR and positive prediction rates, the framework promotes
equitable outcomes across diverse sub-populations. Furthermore, its
modular design allows practitioners to tailor fairness objectives to
specific deployment contexts without altering the core architecture.

Empirically, we evaluate our framework on several bench-
mark datasets, including MIMIC-III, MIMIC-IV, COMPAS, Adult-
Income, and German Credit. Our evaluation demonstrate that knowl-
edge distillation consistently outperforms direct fairness optimiza-
tion across multiple metrics. We achieve 52% increase in accuracy
for multiclass-classification, 61% reduction in average false posi-
tive rate across intersectional groups compared to state-of-the-art
method. Beyond empirical performance, our framework offers prac-
tical advantages for deployment. The student model is more compact
than the teacher, reducing computational requirements for inference.

The contributions of this paper are as follows:

1. We propose a novel two-stage framework that leverages knowl-
edge distillation to transfer predictive performance from a teacher

model to a fair student model, ensuring high utility while enabling
fairness interventions.

2. We introduce a modular fairness constraint architecture for the
student model, incorporating multiple fairness objectives, includ-
ing false positive rate (FPR) parity, demographic parity, and con-
ditional independence (targeted specifically at intersectional sub-
groups).

3. We design an intersectional fairness loss that simultaneously pe-
nalizes disparities in group-level FPRs and demographic rates
while minimizing their absolute values, promoting both fairness
and calibration across intersectional identities.

4. We empirically demonstrate that our approach achieves a superior
trade-off between predictive accuracy and fairness compared to
prior works, including adversarial representation learning (FSNS)
[12], and diffusion-based Fair model [24] on real-world tabular
datasets.

2 Related Works

2.1 Fairness in Machine Learning

In recent years, researchers have introduced multiple approaches for
deriving fair representations from datasets exhibiting biases. For in-
stance, Learning Fair Representations (LFR) formulates representa-
tion learning as an optimization challenge, demonstrating fairness in
subsequent predictive tasks [33]. FairDisco pursues fairness by ex-
plicitly minimizing the variance correlation between sensitive and
non-sensitive attributes, thereby creating bias-free representations
[18]. Additionally, adversarial techniques have emerged, incorporat-
ing an adversary to identify and challenge potentially biased out-
comes, thus enforcing fairness constraints [8, 19, 32].

Along these approaches, a number of fair generative modeling
techniques have been introduced to synthesize data that preserves
utility while reducing bias. For instance, TabFairGAN [23] incorpo-
rates fairness constraints into the training of generative adversarial
networks to produce equitable tabular data. Similarly, FLDGMs [24]
leverage adversarial and diffusion-based mechanisms to generate fair
representation in the latent space. While these models show promis-
ing results on fairness and predictive capability but they only work
with single sensitive attributes and sometimes only on binary classi-
fication tasks [23, 18, 24].

2.2 Knowledge Distillation in Fairness Research

Knowledge distillation has emerged as a powerful approach for ad-
dressing bias. Recent works such as RELIANT [7] and FairGKD
[34] use distillation techniques to transfer knowledge from com-
plex teacher models to student architectures while adding fairness
constraints. However, these approaches primarily operate on graph-
structured data, restricting their applicability to domains where re-
lationships between entities can be naturally represented as graphs,
and neither specifically targets intersectional fairness across multiple
protected attributes. Our framework addresses intersectional fairness
in tabular data through knowledge distillation. We introduce inter-
sectional fairness constraints and use a teacher-student framework
where the teacher provides accurate representations while the stu-
dent jointly optimizes for fairness and utility.

3 Preliminaries

This section provides the foundational concepts and formal defini-
tions necessary to understand our approach to intersectional fairness
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through knowledge distillation.

3.1 Problem Formulation

We address the challenge of learning fair representations for multi-
class classification tasks and promote intersectional fairness through
knowledge distillation. Given a feature space X ⊆ R

d, a label space
Y = {0, 1, .., N − 1}, and a joint protected attribute space S =
S1×S2×· · ·×Sm, our primary objective is to learn fair and robust
representations that mitigate bias across intersectional groups.

Specifically, we aim to develop a framework where knowledge is
distilled from a high-capacity teacher model T = (fT , gT ) to a stu-
dent model St = (fS , gS), where fT : X → Z and fS : X → Z are
encoders mapping inputs to a latent representation space Z ⊆ R

k,
and gT , gS : Z → [0, N−1] are classifiers making predictions based
on these representations.

The key insight of our approach is that representation learning for
intersectional fairness can be more effectively accomplished through
distillation, the teacher model learns useful predictive representa-
tions without fairness constraints, while the student model inherits
this knowledge but adapts it to satisfy fairness requirements across
intersectional groups, defined by specific combinations of protected
attributes g ∈ S.

3.2 Fairness Definition

Artificial Intelligence-based models can retain and amplify biases
present in the training data particularly against marginalized demo-
graphic groups. We seek to mitigate these biases through various
metrics and constraints and in this study we focus on two fairness
metrics particularly relevant to decision making systems.

Definition 1 (False Positive Rate Parity). A classifier h : X →
{0, 1, .., N − 1} with N classes, satisfies false positive rate parity
with respect to sensitive attribute S if, for each class c:

Pr(h(X) = c | Y �= c, S = s) = Pr(h(X) = c | Y �= c, S = s′)

∀s, s′ ∈ S (1)

where X denotes feature, Y denotes label and Pr(.) is the proba-
bility.

Definition 2 (Demographic Parity Ratio, Weerts et al. [30]). A clas-
sifier h : X → {0, 1, .., N − 1} with N classes, the Demographic
Parity Ratio (DPR) for class c across sensitive attribute value is de-
fined as:

DPR =
Pr(h(X) = c | S = s)

Pr(h(X) = c | S = s′)

∀s, s′ ∈ S, ∀c ∈ Y (2)

3.3 Intersectional Fairness

Intersectionality refers to the unique situation when aspects of social
and political identity (e.g. gender, race) combine to create different
modes of discrimination or privilege [5]. In our study, this translates
to ensuring equal outcome across combination of sensitive attributes.

Definition 3 (Intersectional Group, Jang et al. [12]). Given m pro-
tected attributes S1, S2, ...., Sm, an intersectional group g ∈ S =
S1 × S2 × · · · × Sm represents a specific combination of sensitive
attribute values.

3.4 Knowledge Distillation

Knowledge distillation is a form of transfer learning where a com-
pact student model is trained to replicate the behavior of a larger,
pre-trained teacher model [11]. One common approach, known as
response-based distillation, involves aligning the student’s output
logits with those of the teacher, effectively encouraging the student
to imitate the teacher’s soft predictions [11, 15, 6]. This is typically
achieved by combining the standard cross-entropy loss with a Kull-
back Leibler (KL) divergence term applied to the softmax outputs of
both models.

Ldistillation = LCE(y, ŷ) + LKL(p, q) (3)

Here, LCE is the cross-entropy loss and LKL is the KL-divergence
loss.

4 Methodology

In this section, we present the detail of our framework. First we give
an overview of the framework, followed by the model architecture
(both Teacher and Student model), and then we present our fairness
loss functions.

4.1 Framework Overview

We propose a knowledge distillation framework for intersectional
fairness that operates in two phases. First, a high-capacity teacher
model is trained solely for predictive performance without fairness
constraints. Then, a student model learns from the teacher while
incorporating explicit fairness constraints for intersectional groups.
This approach separates the objectives of learning predictive repre-
sentations and ensuring fairness, leading to more effective optimiza-
tion and robust performance.

The key insight of our framework is that directly optimizing for
both accuracy and fairness across intersectional groups leads to com-
plex optimization challenges. By distilling knowledge from a teacher
model trained for accuracy, the student model inherits powerful rep-
resentations while adapting them to satisfy fairness constraints. This
approach is particularly effective for addressing false positive rate
(FPR) disparities and demographic parity disparities across intersec-
tional groups. We further incorporates an adversarial component that
operates along the distillation process to further enhance fairness.
This adversarial mechanism attempts to predict sensitive attributes
from the learned representations, while gradient reversal layer en-
courages the student encoder to produce representations that actively
resist such prediction [22]. This adversarial training dynamic creates
an implicit regularization effect that promotes the removal of sensi-
tive information related to projected attributes from the latent space.

4.2 Model Architecture

4.2.1 Teacher Model

The teacher model consists of an encoder fT and a classifier gT .
The encoder is implemented as a three-layer multi-layer perceptron
(MLP) with ReLU activation and batch normalization after each lin-
ear transformation. Formally, we define:

fT (x) = f3(f2(f1(x)))

where:
f1(x) = ReLU(BN(WT

1 x+ bT1 ))

M.F. Sikder et al. / Promoting Intersectional Fairness Through Knowledge Distillation 3429



f2(h1) = ReLU(BN(WT
2 h1 + bT2 ))

f3(h2) = WT
3 h2 + bT3

Here, Wi and bi are learnable parameters, BN denotes batch nor-
malization, and ReLU is the rectified linear activation. The classifier
gT is similarly structured where Vi and ci as learnable parameters:

gT (z) = V T
3 (ReLU(BN(V T

2 (ReLU(BN(V T
1 z+cT1 )))+cT2 )))+cT3

4.2.2 Student Model

The student model employs a more compact architecture with an en-
coder fS and classifier gS :

fS(x) = WS
2 (ReLU(BN(WS

1 x+ bS1 ))) + bS2

gS(z) = σ(V S
2 (ReLU(BN(V S

1 z+ cS1 ))) + cS2 )

The reduced architecture contributes to model efficiency while still
maintaining sufficient capacity to learn fair representations.

4.2.3 Adversarial Component

We incorporate an adversarial component to further enhance fairness.
This component, dψ : Z → R

|S|, attempts to predict protected at-
tributes from the latent representations:

dψ(z) = U3(ReLU(U2(ReLU(U1z+ e1)) + e2)) + e3

Through gradient reversal [22], the encoder is trained to produce
representations that prevent the adversary from accurately predicting
protected attributes.

4.3 Fairness-Aware Distillation

Our training process involves first training the teacher model to learn
data representation to improve predictive performance. Then we em-
ploy multiple specialized loss functions designed to balance predic-
tive performance and intersectional fairness during the student model
training (distillation process).

4.3.1 Teacher Training

The teacher model is trained to minimize standard cross-entropy loss
involving teacher encoder fT and classifier gT parameterized by θT
and φT respectively:

LT (θT , φT ) = − 1

n

n∑
i=1

C∑
c=1

yi,c log ([gT (fT (xi))]c) (4)

This ensures that the teacher learns representations optimized
purely for predictive performance.

4.3.2 Fairness Loss Functions

In this section, we present several specialized loss functions for fair-
ness:

FPR Fairness Loss This penalizes disparities in class-specific
false positive rates across intersectional groups. For a given class
c ∈ {1, ..., C} and group g ∈ S, the per-group false positive rate
is defined as:

FPRg,c =

∑
i:si=g, yi �=c

1 [argmax gS(fS(xi)) = c]∑
i:si=g, yi �=c

1
(5)

Here, 1 is an indicator function and FPRg,c measures the propor-
tion of non-class-c examples in group g that are incorrectly predicted
as class c. To encourage the FPR parity across groups and classes,
we define the following FPR fairness loss:

LFPR(θS , φS) =
C∑

c=1

[
Varg∈S(FPRg,c)︸ ︷︷ ︸

variance

+ max
g,g′

|FPRg,c − FPRg′,c|︸ ︷︷ ︸
max gap

+
∑
g∈S

wg,c · FPR2
g,c

︸ ︷︷ ︸
magnitude penalty

]
(6)

The three components of the loss function are designed to (1) min-
imize the variance of FPR across groups, (2) reduce the maximum
pairwise difference in FPR, and (3) drive the absolute magnitude of
FPR toward zero for all groups. The weightsws account for potential
imbalances in group sizes.

Demographic Parity Loss This loss penalizes disparities in class-
specific positive prediction rates (PPR) across intersectional groups.
For a group g ∈ S and class c ∈ {1, ..., C} the positive prediction
rate is defined as:

PPRg,c =

∑
i: si=g

1 [argmax gS(fS(xi)) = c]∑
i: si=g

1
(7)

This measures the proportion of group g’s samples that are pre-
dicted as class c. To promote demographic parity across all classes
and groups, we define the following loss:

LDP(θS , φS) =
C∑

c=1

[
Varg∈S(PPRg,c)︸ ︷︷ ︸

variance

+ max
g,g′∈S

|PPRg,c − PPRg′,c|︸ ︷︷ ︸
max gap

+
∑

g,g′∈S
wg,g′ · (PPRg,c − PPRg′,c)

2

︸ ︷︷ ︸
pairwise penalty

]

(8)

The three components of the loss functions are similar like the
FPR fairness loss where we minimize the variance of PPR, reduce the
maximum pairwise difference in PPR and finally applies a weighted
penalty for all group-pair differences, ensuring a smoother and more
distributed alignment of PPRs across groups.

Conditional Independence Loss This loss promotes indepen-
dence between protected attributes and representations, conditioned
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on the true label. This is motivated by the fairness criterion of Equal-
ity of Odds which requires that prediction (or representations) be in-
dependent of sensitive attributes once the true label is known [9].
Formally, the loss is defined as:

LCI(θS) =
1

|Y|
∑
y∈Y

m∑
j=1

‖Corr(fS(Xy), Sy
j )‖1 (9)

where Xy and Sy
j represent features and protected attributes for

samples with label y, and Corr(, ) computes the correlation matrix.

Adversarial Loss The Adversarial loss consists of two compo-
nents. The first trains the adversary to predict protected attributes:

Ld
adv(ψ) =

1

n

n∑
i=1

‖dψ(fS(xi))− si‖22 (10)

The second performs gradient reversal to encourage the encoder to
remove protected attribute information [22]:

Lf
adv(θS) = −λadv · 1

n

n∑
i=1

‖dψ(fS(xi))− si‖22 (11)

where λadv controls the strength of the adversarial component. The
gradient reversal is performed on the student encoder.

4.3.3 Distillation Loss Functions

We employ two distillation losses to transfer knowledge from the
teacher to the student:

Representation Distillation Loss The representation distillation
loss encourages the student’s encoder to learn representations to align
with the teacher’s. It operates on L2 normalized representation to em-
phasize angular similarity (cosine-like), independent of magnitude
[11]:

Lrepr(θS , θT ) =
1

n

n∑
i=1

∥∥∥∥ fS(xi)

‖fS(xi)‖2 −
fT (xi)

‖fT (xi)‖2

∥∥∥∥2

2

(12)

Prediction Distillation Loss The prediction distillation loss trans-
fers the teacher model’s class distribution to the student by minimiz-
ing the KL divergence between their softened predictions [11]:

Lpred(θS , φS , θT , φT ) =
1

n

n∑
i=1

τ2 · KL
(
gS(fS(xi))

τ

∥∥∥∥ gT (fT (xi))

τ

)
(13)

Here, τ > 1, is a temperature parameter that smooths the out-
put logits to better capture class similarities. The loss encourages the
student to mimic the teacher’s probabilistic output distribution, im-
proving generalization and training stability.

4.3.4 Combined Training Objective

The student model is trained to minimize a weighted combination of
all loss functions:

LS(θS , φS , ψ) =α1Lcls + α2Lrepr + α3Lpred

+ α4LFPR + α5LDP + α6LCI + α7Lf
adv (14)

Here, Lcls is the defined like Eq. 4, but applied to the student en-
coder and classifier instead of teacher’s. And, α1 through α7 are hy-
perparameters controlling the relative importance of each loss com-
ponent. We use Hyperopt [2], a bayesian optimization based grid
search library to find optimal hyperparameters for balancing accu-
racy and fairness objectives effectively. More details about the hyper-
parameters can be found in Table 5 of the supplementary document
[27].

5 Experiments

In this section, we present the experimental setup and result of our
framework that leverages an encoder to create fair representation
from an biased teacher model through distillation technique.We eval-
uated our framework using five distinct datasets, measuring the per-
formance through various evaluation metrics from the perspective
of fairness and data utility including False Positive Rate (FPR), De-
mographic Parity Ratio (DPR). We compare the performance of our
framework with several state-of-the-art models. We also perform an
ablation study to show the effectiveness and necessity of the differ-
ent loss function component we use in our framework. While training
the benchmark, we use the same hyperparameters as in their respec-
tive original publication. For loading the dataset and training, we use
a fairness benchmarking tool called FairX [26]. Evaluation is done
using held-out testing dataset.

5.1 Datasets

We evaluate on five benchmark datasets spanning diverse domains:
Adult-Income, COMPAS [1], German Credit, and healthcare datasets
MIMIC-III [13] and MIMIC-IV [14]. The MIMIC datasets are con-
figured for multi-class classification to demonstrate effectiveness be-
yond binary prediction. Additional dataset details are in the supple-
mentary material [27].

5.2 Baselines

To assess the quality of our approach, we conducted extensive com-
parisons against prominent fairness-aware frameworks across vari-
ous domains. Our evaluation benchmarks include adversarial rep-
resentation learning (FSNS) [12], which employs non-zero-sum ad-
versarial techniques to enforce attribute non-separability. Generative
approaches like TabFairGAN [23], which incorporates fairness con-
straints into GANs for tabular data, representation learning methods
such as FairDisco [18], which minimizes variance correlation be-
tween sensitive and non-sensitive attributes, and diffusion-based ap-
proaches like FLDGMs [24], which leverage latent generative mech-
anisms for fairness-aware data synthesis.

While knowledge distillation for fairness would seem a logical
point of comparison of our method, however current approaches in
this domain primarily target graph-structured data [7, 34]. For in-
stance, model such as RELIANT [7] and FairGKD [34] uses distil-
lation principles to enhance fairness, but their architectural designs
specifically target graph-structured data, which is fundamentally dif-
ferent data modality than our framework’s current focus. Conse-
quently, we have selected baseline comparators that aligns with our
data domain while still representing diverse fairness enhancement
paradigms.
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5.3 Evaluation Metrics

We evaluate the proposed framework along several primary criteria:

• Fairness: To assess fairness, we measure the False Positive Rate
(FPR) across intersectional groups and compute the Demographic
Parity Ratio (DPR) for a downstream classification task (see Def-
inition 2).

• Predictive Utility: To ensure that improvements in fairness do not
come at the expense of model performance, we evaluate predictive
utility using standard metrics: Accuracy on the downstream task.

Table 1. Multi-class Classification on MIMIC-III and MIMIC-IV dataset,
Here ‘G’ represents Gender and ‘E’ represents Ethnicity (bold indicates best

result, ↑ indicates higher as better, ↓ indicates lower as better)

Dataset Evaluation FLDGMs FSNS TabFair Ours
GAN

Accuracy(↑) 0.69 0.44 0.59 0.92

MIMIC-III DPR (G)(↑) 0.94 0.95 0.97 0.98

DPR (E)(↑) 0.20 0.03 0.58 0.70

Accuracy(↑) 0.70 0.53 0.56 0.97

MIMIC-IV DPR (G)(↑) 0.94 0.95 0.97 0.97

DPR (E)(↑) 0.41 0.06 0.00 0.71

5.4 Results

In this section, we present the empirical evaluation of our proposed
framework. We report results on both fairness and predictive util-
ity metrics, as described in Section 5.3. Specifically, we compare our
method against several baseline approaches to assess its effectiveness
in mitigating intersectional bias while preserving predictive perfor-
mance. Detailed results are provided in Table 3, 4, and supplemen-
tary Table 2 [27] for binary classification with intersectional fairness
evaluation. In addition, Table 1 along with Supplementary Table 3
and 4 [27] presents the evaluation of multi-class classification in the
intersectional fairness settings.

Our findings shows that the student models distilled with inter-
sectional fairness constraints consistently achieve lower False Pos-
itive Rate and improved Demographic Parity Ratio across sensitive
groups, while maintaining competitive accuracy relative to the base-
lines. On COMPAS, we achieve 61% reduction in FPR disparities
and 5% improvement in Demographic Parity Ratios compared to
FSNS (Table 4), with minimal accuracy trade-off (5% decrease). No-
tably, these fairness gains are achieved while preserving competitive
classification accuracy relative to state-of-the-art alternatives sug-
gests our distillation framework successfully addresses the trade-off
between algorithmic fairness and predictive performance.

Table 2. Ablation Study, COMPAS Dataset, Here ‘G’ represents Gender
and ‘R’ represents Race (bold indicates best result, ↑ indicates higher as

better, ↓ indicates lower as better)

Loss FPR GAP DPR(G) DPR(R) Accuracy
(↓) (↑) (↑) (↑)

Teacher 0.17 0.77 0.83 0.63

No Adversarial 0.05 0.00 0.00 0.62

No Adversarial +
No Fairness 0.10 0.47 0.52 0.62

Full Model 0.04 0.93 0.97 0.61

Figure 1. Robustness of our Model, Accuracy vs Noise level (0-50%) and
FPR GAP vs Noise level

5.4.1 Multi-class Classification

While most fairness methods focus on binary classification, real-
world decision-making frequently involves multi-class outcomes.
We evaluate our framework’s multi-class capability using MIMIC-
III and MIMIC-IV datasets for ICU length of stay prediction (four
classes). The non-binary “Ethnicity” attribute creates a challenging
intersectional setting.

Our model achieves strong performance on both fairness and pre-
dictive metrics (Table 1). We achieve 52% accuracy increase in
MIMIC-III compared to FSNS and 96% improvement in Demo-
graphic Parity Ratio for “Ethnicity”, demonstrating our framework’s
effectiveness beyond binary classification. Additional FPR results are
in supplementary Table 3 and 4 [27].

5.4.2 Model Robustness

We evaluate robustness under label noise (0-50%) on COMPAS and
German Credit datasets (Figure 1). Our framework demonstrates no-
table resilience: COMPAS accuracy degrades moderately from 0.60
to 0.49 (18% relative decrease) while FPR gap remains stable (0.045
to 0.084, peak 0.10 at 40% noise). German Credit shows similar pat-
terns. This stability indicates fairness guarantees are not dependent
on perfect labeling, demonstrating applicability in real-world settings
with imperfect data.

5.4.3 Ablation Study

We conduct an ablation study on COMPAS to assess component con-
tributions and presented the result in Table 2. The teacher model
achieves highest accuracy of 0.63 but violates fairness with FPR gap
of 0.17 and DPR of 0.77 (gender) and 0.83 (race). Removing ad-
versarial components reduces FPR gap but eliminates demographic
parity (DPR = 0.00), confirming adversarial training’s necessity for
balancing multiple fairness criteria. Our full model optimally bal-
ances metrics with lowest FPR gap of 0.04 and near-perfect DPR
of 0.93 (gender) and 0.97 (race), while maintaining competitive ac-
curacy of 0.61, demonstrating that all components are essential for
effective intersectional fairness.

5.4.4 Computational Efficiency

Our approach distills fairness-aware representations into compact
student models with significantly fewer parameters. For COMPAS,
the student network uses 30,016 parameters versus 76,736 in the
teacher (2.56× reduction) while maintaining competitive accuracy
and fairness performance. This compression reduces memory usage,
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Table 3. Evaluation on Adult-Income Dataset (bold indicates best result, ↑ indicates higher as better, ↓ indicates lower as better

Race Gender FLDGMs FairDisco TabFairGAN FSNS Baseline Ours

Subgroup FPRs (↓)

Non-white Female 0.21 0.14 0.20 0.02 0.10 0.00

Non-white Male 0.19 0.11 0.07 0.05 0.12 0.01

White Female 0.20 0.13 0.27 0.03 0.07 0.01

White Male 0.18 0.12 0.07 0.11 0.15 0.01

Overall Metrics

Accuracy (↑) 0.65 0.68 0.70 0.81 0.60 0.81

DPR Race (↑) 0.90 0.91 0.26 0.89 0.51 0.92

DPR Gender (↑) 0.86 0.87 0.69 0.80 0.45 0.84

Table 4. Evaluation on COMPAS Dataset (bold indicates best result, ↑ indicates higher as better, ↓ indicates lower as better)

Gender Race FLDGMs FairDisco TabFairGAN FSNS Baseline Ours

Subgroup FPRs (↓)

Male Non-Caucasian 0.82 0.91 0.10 0.22 0.36 0.04

Male Caucasian 0.83 0.91 0.36 0.08 0.26 0.06

Female Non-Caucasian 0.69 0.93 0.06 0.05 0.23 0.02

Female Caucasian 0.88 0.90 0.38 0.04 0.20 0.03

Overall Metrics

Accuracy (↑) 0.45 0.47 0.56 0.64 0.63 0.61
DPR Gender (↑) 0.85 0.83 0.90 0.89 0.76 0.93

DPR Race (↑) 0.90 0.91 0.51 0.93 0.62 0.97

accelerates inference, and lowers training costs, making our frame-
work suitable for resource-constrained environments where both fair-
ness and efficiency are critical. Additional computational details are
in supplementary Table 1 [27].

6 Discussion

Our experimental results demonstrate that knowledge distillation
provides an effective framework for addressing intersectional fair-
ness challenges while maintaining competitive predictive perfor-
mance. By decoupling accuracy and fairness objectives across
teacher and student models, we achieve more stable optimization
than direct fairness approaches, particularly in complex intersec-
tional settings.

Several key insights emerge from our findings. First, the student
model’s ability to inherit useful representations from the teacher
while selectively adapting them to satisfy fairness constraints pro-
vides a more balanced approach to the fairness-accuracy trade-off
than single-stage optimization methods. This is particularly evident
in the robustness analysis, where our framework maintains fairness
guarantees even under significant label noise, a critical considera-
tion for real-world deployments where perfect labeling cannot be as-
sumed.

Limitations & Future Works While our approach shows promis-
ing results, we currently requires explicit identification of sensitive
attributes during training, like most fairness-aware methods in the
literature [12, 18, 24]. This design choice enables precise quantifica-
tion and mitigation of disparities across intersectional groups. In our
future work, we would like to explore privacy-preserving adaptations
of our framework that operate within limited or absent demographic
information.

EU Regulatory Alignment Our framework offers particular rel-
evance in the European context, where recent regulatory develop-
ments have placed increasing emphasis on algorithmic fairness and

non-discrimination. The EU AI Act, which classifies systems used
for evaluating creditworthiness, recruitment, education access, and
criminal justice as “high-risk”, imposes strict requirements for fair-
ness, transparency, and human oversight [28]. Our approach directly
addresses these requirements through its explicit fairness guarantees.

7 Conclusion

In this work, we introduce a novel knowledge distillation framework
that effectively addresses the complex challenge of intersectional
fairness in machine learning systems. By decoupling the optimiza-
tion of predictive performance and fairness objectives across teacher
and student models, our approach provides a more stable optimiza-
tion pathway than direct fairness methods. The student model inherits
valuable predictive knowledge while incorporating specialized fair-
ness constraints, enabling superior performance across multiple fair-
ness metrics without significant accuracy degradation. Our compre-
hensive empirical evaluation demonstrates that this approach yields
significant improvements in intersectional fairness across diverse do-
mains, reducing FPR disparities and improving demographic parity
ratios while maintaining competitive accuracy. The framework’s re-
silience to label noise further underscores its potential for real-world
deployment. Moreover, the student model’s parameter efficiency of-
fers practical computational advantages for resource-constrained en-
vironments. This work opens several promising research directions,
including the development of privacy-preserving variants. By bridg-
ing the gap between fairness and utility through knowledge distilla-
tion, our framework contributes to the ongoing effort to develop AI-
based systems that make equitable decisions across all demographic
intersections.
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