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Abstract

As machine learning (ML) algorithms are increasingly used
in social domains to make predictions about humans, there is
a growing concern that these algorithms may exhibit biases
against certain social groups. Numerous notions of fairness
have been proposed in the literature to measure the unfair-
ness of ML. Among them, one class that receives the most
attention is parity-based, i.e., achieving fairness by equaliz-
ing treatment or outcomes for different social groups. How-
ever, achieving parity-based fairness often comes at the cost
of lowering model accuracy and is undesirable for many high-
stakes domains like healthcare. To avoid inferior accuracy, a
line of research focuses on preference-based fairness, under
which any group of individuals would experience the highest
accuracy and collectively prefer the ML outcomes assigned
to them if they were given the choice between various sets
of outcomes. However, these works assume individual de-
mographic information is known and fully accessible during
training. In this paper, we relax this requirement and propose
anovel demographic-agnostic fairness without harm (DAFH)
optimization algorithm, which jointly learns a group classifier
that partitions the population into multiple groups and a set of
decoupled classifiers associated with these groups. Theoreti-
cally, we conduct sample complexity analysis and show that
our method can outperform the baselines when demographic
information is known and used to train decoupled classifiers.
Experiments on both synthetic and real data validate the pro-
posed method.

1 Introduction

Machine learning (ML) and automated decision-making
systems trained with real-world data can have inherent
bias and exhibit discrimination against certain social groups
(Barocas, Hardt, and Narayanan 2023; Zhang et al. 2019;
Zhang, Khalili, and Liu 2020; Zhang et al. 2020; Zhang and
Liu 2021). One common approach to mitigating the issue
is to impose certain fairness constraints while making ML
predictions. Among all fairness notions proposed in the lit-
erature, a class that has received the most attention is based
on parity (equality) in treatment or outcomes for different
social groups, e.g., demographic parity (Dwork et al. 2012)
and equalized odds (Hardt, Price, and Srebro 2016) that re-
quire (true/false) positive rates to be equalized across differ-
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ent groups. However, enforcing these parity-based fairness
notions often comes at the cost of lowering model accuracy,
resulting in an inherent trade-off between fairness and accu-
racy (Menon and Williamson 2018; Pang et al. 2024; Khalili,
Zhang, and Abroshan 2021, 2023; Zuo, Khalili, and Zhang
2023; Pham, Zhang, and Zhang 2023; Zuo et al. 2024; Zuo,
Zhu, and Khalili 2025; Abroshan, Elliott, and Khalili 2024).
In safety-critical domains such as healthcare, sacrificing pre-
dictive accuracy in exchange for fairness is undesirable as it
violates both beneficence (i.e., do what is best for patients)
and non-maleficence (i.e., do no harm) principles required in
healthcare ethics (Beauchamp and Childress 1994).

To avoid harming model accuracy, a few studies focus on
preference-based fairness (Zafar et al. 2017; Ustun, Liu, and
Parkes 2019). The idea is to train decoupled ML models
for different social groups so that each group of individu-
als would collectively prefer the model assigned to them to
other models. In other words, if individuals were allowed
to choose among a set of ML models, a majority of them
would still stick to the assigned model. Unlike parity-based
fairness, preference-based fairness aims to achieve fairness
without harm and avoids inferior accuracy for each group.

In this paper, we focus on a preference-based fairness no-
tion similar to the one proposed in (Ustun, Liu, and Parkes
2019), which requires that the decoupled ML models trained
for different social groups satisfy two properties: rationality
and envy-freeness. The former ensures that the accuracy of
the decoupled model evaluated on the associated group is
higher than that of the pooled model trained with data from
all groups, while the latter ensures each group’s model has
better accuracy than the models assigned to other groups. In
addition to (Ustun, Liu, and Parkes 2019), some subsequent
works proposed other variants of preference-based fairness
and developed algorithms to train models satisfying the pro-
posed fairness, which we discuss more in Section 2.

However, existing methods for achieving preference-
based fairness typically assume that individual demographic
information (i.e., sensitive attributes such as race and gen-
der) is available during training or can be inferred from side
information (Zhu et al. 2023), so that the decoupled mod-
els can be trained on the groups partitioned based on the
sensitive attributes (Ustun, Liu, and Parkes 2019). Unfor-
tunately, individuals’ sensitive attributes are not always ac-
cessible in practice, either because regulations mandate par-
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Table 1: Comparison with related works: Zafar et al. (2017) and Ustun, Liu, and Parkes (2019) consider preference-based
fairness to avoid harm on specific groups, but both require knowledge of sensitive attributes to generate group partition. Islam,
Chen, and Cai (2024); Lahoti et al. (2020) consider parity-based fairness without accessing sensitive attributes, but they violate
no harm constraint. Pang et al. (2024) introduces fairness-without-harm when sensitive attributes are inaccessible, but based on
parity-based fairness metric. In contrast, our work aims to avoid harm without accessing sensitive attributes, and also deals with
the intersectionality caused by the existence of multiple sensitive attributes.

ity of treatment, prohibiting the use of sensitive attributes
in decision-making (Barocas and Selbst 2016), or due to
user privacy concerns that prevent the disclosure of such
attributes. For example, when ML models are trained on
patient data from multiple hospitals, protected information
must be de-identified to comply with regulations such as
the Health Insurance Portability and Accountability Act
(HIPAA) (U.S. Congress 1996). Similarly, in applications
like speech or face recognition, sensitive attributes such as
race and gender may be unknown, yet it remains desirable
to achieve high accuracy across all demographic groups.

Even when sensitive attributes are available, partitioning
groups based on them may not lead to more accurate decou-
pled models. Because individuals are often associated with
multiple sensitive attributes such as gender, race, and age,
models that are fair with respect to one sensitive attribute can
easily violate fairness when assessed on more fine-grained
intersectional groups (Kearns et al. 2018). Training decou-
pled classifiers for all intersectional groups is also unrealis-
tic because each intersectional can have limited data sam-
ples and the resulting decoupled classifier can easily over-
fit. More importantly, sensitive attributes alone cannot ade-
quately capture the full heterogeneity of the population. This
motivates a central question: Can we identify a better group
partition under which decoupled models satisfy preference-
based fairness, without accessing sensitive attributes?

To achieve this, we propose a demographic-agnostic fair-
ness without harm (DAFH) optimization algorithm that
jointly learns (i) a group classifier that finds the group par-
tition for fairness without harm constraint (including both
rationality and envy-freeness); and (ii) a set of decoupled
classifiers with each a model assigned to a group partitioned
based on the group classifier. Indeed, we can consider our
approach as extending the previous methods of partition-
ing groups based on sensitive attributes to a more complex
representation-based partition. Because our approach, by au-
tomatically learning individual representations, can more ef-
fectively capture population heterogeneity than fixed sensi-
tive attributes. We theoretically show that our method can
match or surpass the performance of trivial group partition-
ing based on sensitive attributes.

A comparison between our approach and representative
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related works is summarized in Table 1. Our main contribu-
tions are as follows:

1. We propose the measure of fairness without harm when
sensitive attributes are inaccessible, which is defined
based on rationality and envy-freeness criteria.

2. We formulate a demographic-agnostic fairness without
harm (DAFM) optimization algorithm with a novel ob-
jective function directly measuring the rationality and
envy-freeness, which find group partition and decoupled
classifiers that yield higher probability of satisfying fair-
ness without harm.

3. We theoretically show that our algorithm can better cap-
ture the data heterogeneity and achieve the same and even
better performance than trivially partitonaing the dataset
based on sensitive attribute.

4. We conduct experiments on synthetic and real datasets,
and show that our algorithm can outperform baselines
which have access to sensitive attributes.

2 Related Work

Preference-based fairness. Zafar et al. (2017) propose
the first preference-based fairness notion by introducing the
concept of envy-freeness from economics (Berliant, Thom-
son, and Dunz 1992; Varian 1973), which implies that no
participant prefers the resources assigned to others. The re-
source is defined as the decoupled classifiers, and the utility
of classifiers is often defined as the accuracy of the assigned
classifier. Ustun, Liu, and Parkes (2019) propose using a de-
cision tree to partition the group according to multiple sen-
sitive attributes, until the divided group can best satisfy fair-
ness without harm. Hossain, Mladenovic, and Shah (2020)
defines similar concepts of group envy-freeness and equi-
tability based on the utility of classification outcomes, and
allow groups to be defined arbitrarily, not just based on sen-
sitive attributes. Saito and Joachims (2022) formulate fair-
ness in ranking as a resource allocation problem, where each
individual must be assigned a position that satisfies two key
criteria: envy-freeness and dominance over a uniform rank-
ing, i.e., no individual will benefit by swapping positions
with another or by switching to a uniform random ranking
policy. Shah (2023) provides a survey of preference-based



notions of fairness rooted in the literature of computational
social choice, including envy-freeness, and emphasize their
relevance to various decision-making applications such as
recommendation and classification.

Fairness without demographic data. Achieving fairness
without accessing sensitive attributes is crucial when indi-
vidual demographic data is not readily available (Andrus
et al. 2021). However, the research on this topic has been
largely focused on parity-based fairness (Ashurst and Weller
2023); this is fundamentally different from our work which
aims to achieve preference-based fairness without access-
ing sensitive attributes. To attain fairness in the absence of
demographic data, many studies attempt to infer sensitive
attributes, e.g., by learning proxy models from a separate
training dataset that includes demographic data, in order
to predict the sensitive attributes in the target dataset for
downstream tasks like debiasing (Grari, Lamprier, and De-
tyniecki 2021; Islam, Chen, and Cai 2024). However, em-
pirical results have shown that relying on proxy variables
to measure fairness can lead to biased outcomes (Zhu et al.
2023; Awasthi et al. 2021). Other approaches minimize the
risk of disparity when group partitions are unknown (La-
hoti et al. 2020; Hashimoto et al. 2018), akin to our method,
which also does not require an additional dataset contain-
ing demographic information. Pang et al. (2024) proposed
a parity-based fairness without harm, where new data sam-
ples without sensitive attributes are actively acquired dur-
ing training to mitigate fairness parity. While they avoid
harming accuracy by filtering fresh samples, we prevent
harm by assigning decoupled classifiers to each group. Some
works leverage properties of representations or performance
on downstream tasks to identify group partition. Sohoni
et al. (2020) increases the worst-case accuracy for subclasses
with unknown labels by leveraging the separable represen-
tations in the feature space. Veldanda et al. (2024) uses
incorrectly classified samples as proxies for disadvantaged
groups. While these works focus on parity-based fairness,
their method can be integrated with our framework to guide
the design of our group classifier.

3 Problem Statement

Consider a dataset D = {(x;,y;)}"_; with n independent
samples drawn from the same joint distribution (z;,y;) ~
P(X,Y), where x; € X are individual’s features and y; €
Y := {£1} is the binary target variable to be predicted. We
consider practical settings where individuals’ demographic
information (i.e., sensitive attributes such as race, gender,
and age) are unknown and not included in D.

Since individuals’ sensitive attributes are unknown, we
introduce a group classifier 0 : X — K from hypothe-
sis class HY that maps the input features x; to group label
k € K := [K]. For samples assigned to each group k, let
hy : X — ) be the corresponding decoupled classifier from
hypothesis class H? that predicts the target variable based
on the input feature X. Given a classifier h : X — ), its

empirical risk R(h) and true risk R(h) associated with 0-1
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loss are defined respectively as follows:
R(h) - - Z ]I xz # yz

R(h) Ex,y[ (h(X) # Y],
where [ is the indicator function. Further define the pooled
classifier hg as the classifier from #” that minimizes the
true risk, i.e., hg = arg min, R(h). Given a classifier
h : X — Y, define the group-specific empirical risk as the
empirical risk evaluated on samples assigned to group k&, i.e.,

Ri(h) = —

n

> [16(s) = k) Lh(w:) # 1),

n
k =1

where nj, is the number of samples assigned to group k.
Likewise, denote the group-specific true risk of group k as

Ry(h) = Ex yjocx)=k [I(M(X) # Y)].
Our goal is to train the group classifier € and a set of decou-

pled classifiers {hy. } pc(x) that satisfy fairness without harm
requirement, as defined below.

Definition 1 (Fairness without harm). A group classifier 6
and decoupled classifiers {hy. } ek satisfy fairness without
harm if the resulting group-specific true risks satisfy both
rationality and envy-freeness properties:

1. Rationality: Ry(hy) < Ry(ho), Vk € [K].
2. Envy-freeness: Ry (hi) < Ry(h;), Vk,j € [K].

Definition 1 implies that for individuals in each group k,
the true risk is lowest under the associated decoupled clas-
sifier hy. In other words, if individuals are given opportuni-
ties to choose their own classifiers from ho and {h4 }re[k]s
a majority of individuals in each group will prefer their as-
signed decoupled classifiers to the pooled classifier (ratio-
nality) and the decoupled classifiers assigned to other groups
(envy-freeness), given their preference to lower true risk. We
adopt the same definitions of rationality and envy-freeness
as presented in (Ustun, Liu, and Parkes 2019), with one key
distinction: we define these notions over group partitions in-
duced by a learned group classifier, rather than by sensitive
attributes. It is worth noting that our definition does not re-
quire every individual to prefer their assigned classifier.

We approximate the degree of rationality violation by
evaluating the difference in empirical risk between the
pooled classifier and the assigned classifier for each group.
Similarly, we estimate the degree of envy-freeness violation
by examining the difference in empirical risk between the
decoupled classifiers for each group. The goal is to find
group classifier 6 and decoupled classifiers {hy.},e[x] that
maximize the probability that individuals satisfy rationality
or envy-freeness, as defined in Definition 1. We formulate
this as the following optimization:

TS (s 0 o 4
max ’;{ {Rk(h/ﬂ) — Ry, (h) }

Rationale

ﬁ[m )~ ]} (1)

Envy-freeness

where hy = arg min,, R(h) is the classifier minimizing the
empirical risk over all samples. Although the objective func-
tion (1) is a direct combination of two criteria (rationality



and envy-freeness), optimizing it is non-trivial due to the
following challenges: (i) Objective (1) is a function of pa-
rameters in group classifier and decoupled classifiers; both
must be trained jointly since the samples used for training
each decoupled classifier depend on the outputs of the group
classifier. (ii) Objective (1) is a highly non-convex and non-
differentiable function, as it involves differences in empiri-
cal risks across multiple pairs of groups.

4 Proposed Algorithm

Next, we introduce our approach that solves optimization
(1). We first derive a lower bound on the objective function
(1) that is easier to optimize using the training data. Then, we
approximate this new objective function using differentiable
functions and find the optimal group classifier § and decou-
pled classifiers { Ay } pc [k iteratively using gradient ascents.

Simplify objective function (1) with a lower bound.
Given group classifier § : X — [K] and training dataset
D = {(wi,yi)}",, denote ¥ I(6(x;) = k) as the
indicator of group assignment for i-th sample. We have

K ok = 1,Vi. Let LY = I(ho(z;) # y;) and LF =
H(hk(xz) # yi) denote the losses of the sample (z;, yi) un-
der pooled classifier ~y and decoupled classifier hy, respec-
tively. Then we can have the following proposition:

Proposition 1. By replacing ny (the number of samples as-
signed to group k by 0) in (1) with n (the total number of
samples), we obtain the the following lower bound on the
objective function (1):

oibj + constant terms

where we define

n K
QZZ @

i=1 k=1

— 2K7fLY)

Proof. The objective function in (1) can be equivalently
written as:

> ki-Lh).

Since the decoupled classifiers in each group can achieve at
least the same accuracy as the pooled classifier and decou-
pled classifiers assigned to other groups, assume each group
satisfies rationale and envy-freeness, therefore it has the fol-
lowing lower bound:
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constant term ob j

Then we can prove the proposition.
O

It is worth noting that we replace n in (1) with n to im-
prove optimization stability. Since nj, appears in the denom-
inator of (1), it introduces non-differentiability and requires
approximation—an issue that becomes particularly unstable
when group sizes are small. Therefore, rather than directly
optimizing the objective (1), we optimize the surrogate ob-
jective (2), which serves as a valid and more stable proxy.

Discussion on objective function. It is worth noting that
the objective function in (2) is related but different from the
overall accuracy. Specifically, let the overall accuracy of de-
coupled classifiers on the assigned groups be defined as:

acc = ZZ

11k1

(1—1Lk). (3)

Then, maximizing (2) is equal to maximizing the following:

n K
obj = —achr—Zkz

Compared with the overall accuracy defined in (3), our ob-
jective function (2) also considers the performance of de-
coupled classifiers on groups that they are not assigned to.
As we will show in Section 5 and 6, the group classifier 6
found under our method better captures the data heterogene-
ity and can result in more accurate decoupled classifiers.

Approximation using differentiable functions. We fur-
ther use differentiable functions to approximate (2). Specifi-
cally, instead of hard group indicator 71' =1(0(z;) = k), we
consider soft assignment and define 7% = Pr(6(x;) = k) as
the predicted probability that a sample belonging to group
k. Let group classifier 6 be a neural network which softmax
layer its outputs, then we use k-th output of its softmax layer
(denoted as 0(z)[k]) to compute 7¥. Similarly, instead of 0-1
loss LY, we use hy(x)[1] to denote the predicted probability

“4)



Algorithm 1: Stochastic gradient ascent to optimize Oij

1: Input: Training data D = {(z;,y;)}~,. differentiable
function obj, learning rate «, hyperparameter \

2: Initialize group and decoupled classifiers 0, {hy } pe|x)
3: while obj not converge do
4 fori=1,--- ,ndo

5 0 < 6+ aVg obj(0, {hr}re(k], i, Yis A)
6: forkzzl,-~-,Kd0N
7 hy < hi 4+ aVp, obj(0, {hi}trer), Tir Yis A)
8 end for

9:  end for
0: end while
1: Output: 0, {hy } e

that a sample « has label 1 and approximate 0-1 loss with a
Sigmoid function L¥ as follows.

£t = Sigmoid (u(e) 1] - 3 ) ~

%f = 0(x;)[k].

During the empirical studies in Section 6, we observe that
the group classifier learned based on 7%, L¥ tends to assign
a majority of training samples to the same group. To enforce
balanced group size, we add a penalty term to the objective
function, which is calculated as the KL-divergence between
the group classifier output and uniform distribution, denoted
as I'(6), times a hyperparameter A\. Combine the above, we

have the following:

1 n K ~ o~
— ; ; (Lf - 2K7rfL§$) FAD(D). (5

obj =

Since obj is a differentiable function of parameters in 6 and
hi, we can find optimal parameters that yield the highest de-
gree of fairness without harm using stochastic gradient as-
cent as shown in Algorithm 1. Here, we slightly abuse the
notation by using ¢ and hj, denote the model parameters as-
sociated with group classifier and decoupled classifier. Let

(;[)/j(& {hi}rek), i, yi, A) be calculated as in (5).

5 Theoretical Analysis

This section theoretically analyzes the performance of the
proposed method. While our algorithm is trained by maxi-
mizing empirical performance on training data, we conduct
analysis to show the generalization ability. We also show that
{hi}re |k trained under our method are guaranteed to out-
perform decoupled classifiers trained by partitioning groups
based on sensitive attributes. Unless otherwise stated, we fo-
cus on hyperparameter A = 0 in (5).

5.1 Generalization

We first show that the difference between objective func-
tions calculated through empirical risks and true risks is up-
per bounded. Define the true degree of fairness without harm
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as:

K

b= L5 (Reho) - Ba(h] + LS [Ru(hs) — Ruch
OJ—§Z{[ k(o) — Ri( k)]Jr}j;[ i (hy) — Rk k)}}’

k=1

while the empirical degree of fairness is the objective func-
tion of (1) defined as:

P Py ) 135, R
obj = = I;{ [Rk.(ho) - Rk(hk)] + ?; {Rk(hj) - Rk(ka)] }

Assume that the group size decided by the group classifier
has a lower bound, i.e. Vk € [K], n; > n. We now show that

the difference between obj and obj is upper bounded.

Theorem 1. Let ny be the number of samples assigned to
group k under group classifier 6 and denote the lower bound
of group size as n. For any € > 0, with probability at least
1 —2K(K + 1) exp{—2€%>n/9}, we have

‘obj — o/b\J‘ <e.
Proof. For any hypothesis € HP, denote | Ry (h)— Ry (h)|
as Ag(h). Then we have:

K

)obj - oAbj\ < [1(; {Ak(ho) + 20k (hy,) + ;im(h»}

According to Hoeffding’s Inequality (Shalev-Shwartz and
Ben-David 2014), for any € > 0, we have:

Pr[Ag(h) > €] < 2exp{—2¢?n;} < 2exp{—2¢>n}.

Vk € [K],j € {0,---, K}, denote Ay(h;) > € as event
Ay, then we have the following:

Pr ﬂfm = Pr UAkj =1-"Pr UAkj

k,j kg k,j
K K

>1- ZZPr [Ag;] > 1 —2K (K + 1) exp{—2€°n}.
k=1j=0

Event (1), ; Ay; means that Vk, j, Ag(h;) < e, which indi-

cates that [obj — obj| < 3¢, hence we can know that:

Pr Hobj — obj‘ < 36] > Pr DTM
J
> 1 - 2K (K +1)exp{—2¢°n}.

Now we can prove the theorem by replacing € with 5.
O

5.2 Feasibility

Suppose each individual has a hidden sensitive attribute
S € S indicating the demographic information (e.g., race,
gender, age). We then prove that our algorithm can achieve
at least the same performance as directly using the sensitive
attribute .S to divide the dataset.



Specifically, denote P, = Pr(X,Y|0(X) = k) as the
data distribution of group k£ determined under group clas-
sifier 0, and let P} Pr(X,Y|S k) be the distri-
bution of group k partitioned based on sensitive attribute
S. For any two classifiers h,h/ € HP, let the difference
between their performance on P, and P} be defined as
Dy (h, 1) = Ex~p, [I(h(X) # h'(X))] and D} (h, k') :=
Ex~py [I(h(X) # h'(X))], respectively.

Suppose the population is partitioned based on the sensi-
tive attribute S, and define {1, } (k] as the set of classifiers
that attains the maximal true degree of fairness without harm
objp. under { P} } ek

1 K K
obir- = g 3 {1Ri0) - RG]+ 1D (R
k=1 j=1

Denote the maximal objective value of our classifiers
{hi}rer) assessed on {Py}re(k) derived by our group
classifier as:

K
.1
objp = 7 Z{[Rk(ho) Ry (hi)) + — Z Ri(h
k=1

_ R hk)}}

= Ry, hk)}}

Theorem 2. Assume the loss function { is symmetric and
obeys triangle inequality, i.e., Yy1,y2,y3 € YV, L(y1,y2) <
Uy, y3) + L(ys, y2), and for every pair of P} and Py, there
exists h € HP, such that R}(h) = Ry(h), then we have:

objp« — objp < 3ml?xdisc(Pk,P,:),

where disc(Py, P;) measures the discrepancy between two
distributions Py, and P} and is defined as:

. *\ / * /
disc(Py, Py) pmax | D (h, k") — Dy (h,h')|.
Proof. Define f : X — ) as the labeling function, i.e.,
for each sample (z,y), we have f(x) y, then true
risk Ry (h) can be represented as Dy (h, f). Define group-
specific true risk on distribution P} as R} (h) = Dj}(h, f) =
Ex,yis=k [((h(X),Y)]. Without lossing generality, we can
assume Dy (h, f) > Dj(h, f). For any classifier h € HP
and group index k, according to the triangle inequality of
the loss function, we have:

|Ry(h) — Ry.(h)| = |Di(h, f) — Di(h, f)|
<[ [Di(h, 1) + Di(W', £)] = [Di(, ) — Di(h, )] |
< |Di(h,h') = Di(h, B)| + | D (W', f) — Di(R', £)I,
where A’ can be any hypothesis in P . Since there exist

B’ such that Dy (R, f) = Dy(k, f), and according to the
definition of discrepancy distance, we can have:

[ Di(hs f) = Di(h, f)] < disc(Py, Py).

Let {h}} be the set of classifiers that attains the maximal
true degree of fairness without harm objp« under distribu-
tion { P} }rc[x]- Let objp be the true degree of fairness at-
tained with the same set of classifiers {/} } under distribu-
tion { Py }1¢[x] determined by our group classifier, i.e.,
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Hyperparameter Values
Batch size 256, 1,024
Training iterations 2,3,4
Learning rate for group classifier 1074, 1073
Learning rate for decoupled classifiers 1072, 107"
Momentum for decoupled classifiers 0.9

Penalty parameter A 0,1, 10, 100

Table 2: Hyper-parameters used in experiments

K
’ 1 * 1 * *
Objp — E Z{[Rk(h()) - Rk(hk)] + E Z [Rk(hj) - Rk(hk)} }
k=1 Jj=1
According to our definition, objp > obji;. Then we can
know that the difference between objp+ and objp is upper
bounded:

K

objp+ — objp < objp+ — objp
< 3mlilx disc(Py, Py)

O

Given a hypothesis class, distance metric disc(-, -) mea-
sures the difference between two distributions: with a higher
distance, it is more likely that the same hypothesis has di-
verse outputs (Mansour, Mohri, and Rostamizadeh 2009).

Theorem 2 shows that the performance gap between
our method and the optimal models trained by partitioning
groups based on sensitive attributes is bounded by the dif-
ference between P, and Pj;. Suppose there is a ground truth
function ¢ : X — S such that ¢(z) = s and ¢ € HY, the
following result is straightforward.

Corollary 1. If ¢ € HY and we can find a group classifier
0 such that disc(Py, Py) = 0,Vk, then objp > objp-.

6 Experiment
6.1 Dataset

Synthetic dataset. We generate the synthetic dataset as
follows. Each data point has two sensitive attributes s, s €
{%1}, two features x1, zo, and label y € {£1}. The syn-
thetic dataset comprises 20,000 samples, with each sample
being randomly assigned with sensitive attributes and a la-
bel. Features are associated with both sensitive attributes and
the label:

1 NN(sl + A5132y70)a
xy ~ N (s2 4+ Asi52y,0),

where A = 0.4,0 = 0.3. The synthetic dataset simulates
a setting where features can act as proxy variables of sensi-
tive attributes, and different subgroups divided by two sensi-
tive attributes follow different distributions. A visualization
of a randomly sampled subset of the dataset is depicted in
Fig. 1, where points with positive (resp. negative) labels are
denoted by circles (resp. crosses), and different colors corre-
spond to groups divided based on sensitive attributes (or the
group classifier in our method).



Hyperparameter Adult Arrest Violent German Bank
Batch size 1,024 1,024 1,024 256 1,024
Training epochs 3 3 3 3 2
Learning rate for group classifier 1073 1073 1073 1073 1073
Learning rate for decoupled classifiers 1072 1072 1072 1072 1072
Momentum for decoupled classifiers 0.9 0.9 0.9 0.9 0.9
Penalty parameter A 10 10 10 100 10

Table 3: Final hyper-parameters selected for each dataset

Acc = 72.82%

Pr=74.43%, Acc = 62.17% Pr = 96.08%, Acc = 94.84%

Pr =67.22%, Acc = 57.98%
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(a) Without partition (b) Partition by attribute s;
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(c) Partition by attribute s2 (d) Finding optimal partition

Figure 1: Ilustration of different methods on synthetic data. Circles (respectively, crosses) represent positive (respectively,
negative) points. Lime (respectively, orange) points are mapped to the group associated with classifier denoted by the green
(respectively, dark orange) line. Features x; and o are correlated with s, so, and the label, so using a pooled classifier or
dividing the group based on a single attribute, cannot achieve desirable performance. In contrast, our method can identify the
optimal group partition, achieving the highest probability of fairness (denoted by “Pr”’) and accuracy (denoted by “Acc”).
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Figure 2: Convergence of our method on the Violent dataset:
mean values of performance metrics during training, with er-
ror bars indicating standard deviation. Our algorithm grad-
ually improves fairness without harm and accuracy, outper-
forming the Trivial partition in fewer than 15 steps.

Real datasets. We use five real datasets, as detailed below:

1. Adult (Becker and Kohavi 1996): Census data to predict
whether an individual’s income exceeds $50K per year.
It includes 48,842 instances, each has 14 features and we
choose race as the sensitive attribute.

. Arrest (Angwin et al. 2022): Data used by the COM-
PAS algorithm to score the criminal defendants’ risk of
recidivism. It includes 7,214 instances, each has 52 fea-
tures and we choose race as the sensitive attribute.

. Violent (Angwin et al. 2022): Data used by the COMPAS
algorithm to predict the criminal defendants’ risk of vio-
lent recidivism. It includes 4,743 instances, each has 53
features and we choose race as the sensitive attribute.
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Figure 3: Physical meaning of the learned group partition
on Arrest dataset: the group classifier is used to divide the
dataset into two sets. The probability of different subgroups
defined by 3 attributes race, sex, and age is visualized. Re-
sults show that different groups have diverse distribution on
features.

. German (Hofmann 1994): Credit data used to predict in-
dividuals’ credit risks (as high or low). It includes 1,000
instances, each has 20 features and we choose sex as the
sensitive attribute.

. Bank (Moro, Rita, and Cortez 2012): The dataset fo-
cuses on bank marketing campaigns conducted via phone
calls, aiming to predict whether clients will subscribe to a
bank’s term deposit product. It includes 45,211 instances,
each has 16 features and age is the sensitive attribute.

6.2 Baseline Methods

We compare our method with the following baselines:



DAFH (Ours) Trivial partition Pooled classifier
Dataset Pr of w/o harm Accuracy Pr of w/o harm Accuracy Pr of w/o harm Accuracy
Adult  90.70% + 0.88% 83.36% =+ 0.43% 91.64% + 0.86% 80.70% + 0.51% N/A 81.29% + 0.41%
Arrest 87.05% + 1.21% 65.72% + 1.36% 78.60% + 1.54% 62.01% + 1.43% N/A 63.84% + 1.30%
Violent 91.74% + 1.49% 81.91% + 1.53% 91.14% + 1.78% 79.88% =+ 1.94% N/A 81.35% + 1.58%
German 90.64% + 1.65% 74.24% + 0.82% 78.88% =+ 2.42% 65.92% + 1.51% N/A 70.72% + 0.93%
Bank 97.71% =+ 0.34% 90.20% =+ 0.10% 93.42% + 0.72% 88.77% + 0.55% N/A 88.91% + 0.54%

Table 4: Comparison with baselines (7rivial partition and Pooled classifier) on five real datasets: “Pr of w/o harm” measures
the probability that samples in the testing set satisfy both rationality and envy-freeness, given the group partition and decoupled
classifiers (Pooled classifiers do not have group partition, hence we put “N/A”). “Accuracy” is the overall accuracy of classifiers
on associated samples. Results show that we can outperform other baselines in both fairness and accuracy in most cases.

Pr of w/o harm Accuracy

62.54% + 1.70%
62.01% + 1.43%
64.72% + 1.12%

81.39% + 2.39%
78.60% + 1.54%
85.72% & 1.14%

Manual partition
Trivial partition
Our algorithm

Table 5: Comparison with Manual partition and Trivial par-
tition on Arrest dataset: we manually partition the dataset
into 2 groups according to 3 attributes race, sex, and age,
which mimics the physical meaning we observe in the
group partition generated by our group classifier, and train
decoupled classifiers associated with each group. Results
show that manually partitioning the dataset based on our
group classifier can help derive decoupled classifiers with
higher performance, compared with trivially partitioning the
dataset based on the chosen sensitive attribute.

1. Pooled classifier is the classifier trained on the complete
training set through structural risk minimization, and is
applied to all samples in the testing set.

2. Trivial partition first splits each dataset according to the
chosen sensitive attribute into two groups, and then trains
decoupled classifiers accordingly through structural risk
minimization. Typically it is restricted to the setting when
the number of assigned groups K = 2.

3. Clustering first partitions the dataset through a cluster-
ing algorithm (e.g., K-means in our experiments), then
trains decoupled classifiers based on each partitioned set
through structural risk minimization.

4. LR-All (Ustun, Liu, and Parkes 2019) partitions the
dataset by the intersection of multiple attributes, and
trains decoupled classifiers for each group.

5. TreeLR (Ustun, Liu, and Parkes 2019) recursively grows
a tree to find the group partition that best fulfills rational-
ity and envy-freeness, with each group being assigned a
decoupled classifier.

In all baselines, we use the logistic regression as decoupled
classifiers, the same as our method for fair comparison.

6.3 Experimental Setup

Implementation details. Experiments are conducted on
a personal computer with Intel Core i5-10210U CPU, 16
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GB RAM, and Windows 11 operating system. Our algo-
rithm and baselines are implemented with PyTorch 2.1.0 and
scikit-learn 1.3.2. We use multi-layer perceptron with a hid-
den layer of 100 neurons as the group classifier, and logis-
tic regression models as decoupled classifiers. Because our
method does not require access to individuals’ demographic
information, we remove the sensitive attributes from input
features when training our models. We iterate over all sam-
ples in the training set to build the computation graph of the
objective function, automatically calculate the gradients for
classifier parameters using autograd, and update parameters
using stochastic gradient ascent to maximize the objective.

Evaluation metrics. We measure the performance of our
algorithm by the following metrics:

1. Probability of fairness without harm: It is the proba-
bility that a sample satisfies both rationality and envy-
freeness. Given a group classifier 6, pooled classifier hy,
and decoupled classifiers {h.}re(x], a sample (x4, ;)
satisfies both rationality and envy-freeness if the 0-1 loss
of the assigned classifier hg(,,) is not higher than the
pooled classifier hy and any other decoupled classifier
hi, 1.e., €(h9(¢7)(x2),yl) < €(hk(x1),yz), Vk € {0} U
[K]. The probability of fairness without harm equals the
number of samples that satisfy fairness without harm di-
vided by the size of the dataset.

2. Accuracy of decoupled classifiers measures the propor-
tion of samples in the dataset that are correctly classified
by the assigned classifier, i.e, Pr(hg(x)(X) =Y), given
a group classifier 6 and decoupled classifiers {hy. }re(x]-

3. # of violations is the number of groups that violates ra-
tionality, plus the number of pairwise comparison among
all groups that violate envy-freeness.

4. max gain is the maximal difference between the true
risk of pooled classifier and decoupled classifiers,
maxye(k](Rx(ho) — Ri(hi)), which is the higher the
better.

5. min envy is the maximal difference between the true
risk of decoupled classifiers and the assigned classifier,
maxy, yre[k]( Rk (hir) — Ri(ht)), which is the higher the
better.

6. A disparity is the disparity when using decoupled clas-
sifiers minus the disparity of using pooled classifier only,



Dataset Algorithm Pr of w/o harm Accuracy Pr of w/o harm Accuracy Pr of w/o harm Accuracy
DAFH (Ours) 90.70% =+ 0.88% 83.36% + 0.43% 94.55% + 1.31% 82.82% +0.17% 93.98% + 0.47% 80.98% =+ 0.54%
Adult )
Clustering 88.79% £ 0.58% 82.90% £ 0.28% 87.43% £ 0.53% 82.83% +0.23% 86.00% £ 1.19% 82.59% + 0.52%
DAFH (Ours) 87.05% + 1.21% 65.72% + 1.36% 88.06% + 1.06% 65.82% =+ 0.98% 88.78% + 1.18% 65.77% + 0.80%
Arrest )
Clustering 84.23% +1.43% 64.86% + 0.89% 74.52% +2.43% 65.38% £+ 0.81% 72.12% + 1.84% 65.42% + 0.38%
. DAFH (Ours) 96.28% =+ 0.53% 83.18% £ 1.53% 95.38% + 1.24% 83.16% + 1.69% 96.42% + 0.68% 84.54% + 0.74%
Violent .
Clustering 87.96% + 2.68% 83.82% £+ 1.36% 85.27% + 1.82% 83.58% + 1.56% 84.02% + 1.58% 83.64% + 1.54%
DAFH (Ours) 90.64% + 1.65% 74.24% + 0.82% 90.00% + 2.16% 76.00% + 3.27% 89.12% + 1.32% 73.52% + 1.42%
German .
Clustering 84.40% £ 1.12% 73.16% £ 2.38% 78.96% £ 2.43% 71.92% £ 1.51% 79.04% £ 2.05% 73.36% £ 1.69%
DAFH (Ours) 97.71% =+ 0.34% 90.20% + 0.10% 97.34% + 0.32% 90.06% + 0.28% 97.09% + 0.23% 90.11% + 0.30%
Bank .
Clustering 90.18% +0.21% 88.92% + 0.25% 89.67% + 0.25% 89.07% £ 0.16% 89.29% =+ 0.43% 88.84% + 0.24%

Table 6: Comparison with Clustering baseline on five real datasets when the number of decoupled classifiers K = 2, 3, 4: results
show that we can outperform Clustering on both fairness and accuracy in most cases, indicating that our learned classifier can
extract more information than merely the similarity in distance between different groups to improve performance.

where disparity is the maximal difference in accuracy be-
tween different groups, which is the lower the better.

We randomly split each dataset into 75%-25% training-
testing set for 5 times. For the first two metrics, we report
the mean and standard deviation of metrics. For the follow-
ing four metrics, we report the results when the optimal ac-
curacy is achieved on the testing set.

Hyperparameter selection. We test all combinations of
hyperparameter values shown in Table 2, and choose the
combination that can attain the highest probability of fair-
ness without harm on each dataset to show the results. No-
tably, we choose different learning rates to update parame-
ters of group classifier and decoupled classifiers. We use the
same learning rate to update parameters of the pooled classi-
fier and decoupled classifiers in both our algorithm and other
baselines. The chosen hyper-parameters on each dataset are
as shown in Table 3.

6.4 Results

Synthetic data. Fig. 1 evaluates our method on synthetic
data. The performance metrics for each method are shown in
the title of each figure. In Fig. 1a, a pooled classifier (green
line) is applied to all samples. Since the distribution between
different groups differs significantly, a single classifier can-
not achieve desirable accuracy. In Fig. 1b and Fig. 1c, we
partition the dataset based on sensitive attributes s; and so,
respectively, and train decoupled classifiers on the divided
groups. In particular, lime (resp. orange) points represent
points belonging to Group 1 (resp. Group 2) and are assigned
with the classifier denoted by the green (resp. dark orange)
line. Since the difference in distribution results from both s;
and so, partitioning groups based on only one of them leads
to inferior fairness and accuracy. In contrast, by using an ad-
ditional group classifier to search for the optimal partition,
our algorithm shown in Fig. 1d can attain the best fairness
and accuracy. This further indicates that our method can ef-
fectively tackle intersectional group fairness and has greater
capacity to explore data heterogeneity to enhance fairness
and accuracy.
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Real data. Table 4 compares our method with Trivial par-
tition and Pooled classifier when the number of decoupled
classifiers K = 2. Results show that we can achieve a com-
parable or even higher probability of fairness without harm
compared with Trivial partition on most datasets, indicating
that our algorithm can find better group partition to capture
the data heterogeneity. Because the Pooled classifier is ap-
plied to the whole dataset without any partitioned groups,
we put “N/A” in Table 4. Moreover, our method can also
achieve higher accuracy than Trivial partition and Pooled
classifier, which means that our algorithm can increase the
overall accuracy by exploring the data heterogeneity, even
when we did not directly optimize for the accuracy metric.

Fig. 2 further shows the convergence of our algorithm on
Violent dataset, where we use dashed horizontal lines to in-
dicate the Trivial partition and use solid polylines to denote
ours. We report the mean values with errorbars denoting
standard deviation of 5 repeated experiments. Results show
that our algorithm improves fairness without harm and ac-
curacy on both training and testing sets by maximizing the
objective function, and can outperform Trivial partition in
less than 15 steps of mini-batch gradient ascent operations,
with each batch containing 1,024 samples.

We explore the group partition generated by the learned
group classifier based on the Arrest dataset, to find whether
there are any physical meaning, as depicted in Fig. 3. We
evaluate the proportions of different subgroups of people in
the two generated groups, with each subgroup being defined
by the intersection of three attributes: race (“White’ or ‘Non-
White’), sex (‘Female’ or ‘Male’), and age (‘Less than 25,
25 - 45°, or ‘Greater than 45”). Notably, the proportion of
non-white male less than 45 in Group 0 is especially higher
than that in Group 1. The proportion of non-white female
from 25 to 45 in Group 1 is especially higher than that in
Group 0. To test whether these insights can enhance fairness
and accuracy, we manually partition the Arrest dataset into
two groups. We assign all non-white males under 45 to one
group, all non-white females aged 25 to 45 to another group,
and randomly distribute the remaining individuals between



Dataset Metrics Trivial Partition LR-All TreeLR DAFH (Ours)
# violations 1 1 0 0
Adult max gain 2.9% 17.6% 4.1% 11.11%
min envy 2.9% 333% 11.8% 5.56%
A disparity 0.6% 0.4% -0.4% -2.91%
# models 2 12 7 2
# violations 0 3 1 0
Arest | Max gain 7.7% 11.5% 9.0% 10%
min envy 7.7% 154%  12.8% 30%
A disparity -0.1% 1.0% -2.7% -7.9%
# models 2 6 4 2
# violations 1 0 2 0
Violent  ™Max gain 9.3% 13.6% 9.3% 10.61%
min envy 7.6% 17.0% 7.6% 13.64%
A disparity -9.7% -14.0%  -9.8% -10.29%
# models 2 6 2 2

Table 7: Comparison with algorithms proposed in Ustun, Liu, and Parkes (2019) which rely on sensitive attributes to generate
group partition. Metrics that are higher than those of other algorithms achieving the same # of violations on each dataset
are boldfaced. Results show that we can ensure no rationality or envy-freeness violation across all three datasets. We can also
achieve lower A disparity, indicating that our algorithm can satisfy parity-based fairness criteria even without access to sensitive

attributes.

these groups. We compare this Manual partition algorithm
with Trivial partition baseline and also our algorithm. Re-
sults in Table 5 show that Manual partition achieves a higher
probability of fairness without harm and accuracy compared
with Trivial partition, which indicates that using a single
sensitive attribute is insufficient for capturing the nuances
between different groups. Our Manual partition approach,
which also considers age and sex in addition to race, under-
scores the importance of the intersectionality of attributes.
While Manual Partition does not outperform our algorithm,
which leverages a broader set of attributes through the group
classifier, it still shows significant benefits.

We also test the performance of our algorithm on the same
datasets when the number of groups K exceeds 2. Partition-
ing datasets into more than two groups based on sensitive
attributes can result in some training sets being too small,
potentially leading to overfitting. Therefore, we use Clus-
tering baseline to generate a more balanced group partition.
Results in Table 6 show that our algorithm outperforms the
Clustering baseline in most cases in terms of probability of
fairness without harm and accuracy, indicating that our al-
gorithm can extract more information than merely similar-
ity between different samples, thereby forming better group
partition and increasing fairness and accuracy.

Finally, we compare our algorithm with three algorithms
proposed in Ustun, Liu, and Parkes (2019): Trivial Partition
(referred as LR (One attribute) in Ustun, Liu, and Parkes
(2019)), LR-All, and TreeLR. We record the values of four
metrics when each algorithm achieves optimal testing ac-
curacy, evaluated across different numbers of models. The
results in Table 7 demonstrate that our approach ensures no
violations of rationality or envy-freeness across all datasets,
i.e., every group satisfies fairness without harm, a standard
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that other algorithms fail to meet. Additionally, compared to
algorithms with the same number of violations, our DAFH
algorithm achieves lower A disparity, highlighting its capa-
bility to satisfy parity-based fairness criteria. While other al-
gorithms may achieve higher maximum gain or lower mini-
mum envy, this is likely due to their ability to leverage sen-
sitive attributes, enabling them to better capture groups with
differing data distributions.

7 Conclusion

In this work, we propose a novel approach to achieve fair-
ness without harm, a preference-based fairness notion, with-
out acccessing demographic data. Differs from parity-based
fairness concept, we do not have to trade accuracy for fair-
ness. Instead, we can train decoupled classifiers for divided
groups and ensure each group prefer their own assigned clas-
sifier in terms of accuracy. Previous works require access to
sensitive attributes to form group partition, which is not al-
ways feasible. Therefore, we propose the first approach that
can achieve fairness without harm while not knowing sen-
sitive attributes. Experiments show that our algorithm can
achieve superior fairness and accuracy compared with base-
lines which have access to sensitive attributes.
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