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Abstract—Deep neural networks (DNNs) are suffering from
ethical issues such as individual discrimination. In response,
extensive NN repair techniques have been developed to adjust
models and mitigate such undesired behaviors. However, existing
fairness repair methods are typically data-centric, which often
lack provable guarantees and generalization to unseen samples.
To overcome these limitations, we propose PROF, a novel
fairness repair framework with provable guarantees. The key
intuition of PROF is to leverage interval bound propagation
(a widely used NN verification technique) to soundly capture
model outputs over the whole set S(x) around a biased sample
x. The derived bounds are utilized to guide fairness repair
which encourages the model to produce consistent outputs on
S(x). Specifically, we integrate fairness constraints and model
modifications into a unified constraint-solving formulation, which
can be transformed to a Mixed-Integer Linear Programming
(MILP) problem solvable by off-the-shelf solvers. The solution
to the MILP problem effectively induces a repaired model with
guaranteed fairness over the whole set S(x). We evaluate PROF
on four widely used benchmark datasets and demonstrate that
it achieves provable fairness repair, with generalization of up to
95.93% on full datasets and 93.16% on the entire input space.
Notably, PROF can be easily configured to support multiple
sensitive attributes and more practical fairness definitions, while
providing provable repair guarantees and delivering around 90%
fairness improvement. Qur code is available in this repository.

Index Terms—neural network repair, fairness, interval bound
propagation

I. INTRODUCTION

Deep neural networks (DNNs) have demonstrated impres-
sive performance in a wide range of applications such as
computer vision [1], natural language processing [2], and
autonomous driving [3]. Despite the remarkable success, their
increased adoption in sensitive domains (e.g., crime risk as-
sessment [4], public policy [5], and credit scoring [6]) has
raised concerns that DNNs learning from biased data can
produce unfair results. Individual discrimination has become
one of the most critical problems, where input pairs differing
only in sensitive attributes (e.g., gender, age, etc.) receive
different predictions [7]. In response to this threat, numerous
studies on DNN fairness testing [8], [9], [10], [11], [12]
and verification [13], [14], [15] have been proposed. These
techniques aim to either uncover unfairness by generating dis-
criminatory instances or to provide guarantees through formal
methods. However, their analysis results cannot provide further
solutions as they do not directly mitigate the unfairness. This
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raises a crucial question: how to repair the model (ultimately
with provable guarantee) once biased behavior is identified?

A typical method for DNN fairness repair is to retrain the
model with a set of discriminatory inputs. While retraining
is easy to deploy, it inherently faces challenges in real-world
applications due to its high costs and the necessity of accessing
the original training set, which may be impractical when the
model is obtained from a third party or the training data are pri-
vate. For more effective and efficient repair, researchers have
proposed various methods that aim to adjust the parameters
of a biased NN to eliminate discriminatory behaviors. Among
them, a common paradigm inspired by traditional software
programs debugging is to first identify the key units in the
model that are responsible for discrimination. For example,
CARE [16] constructs the causal model between neurons and
model outputs to pinpoint problematic neurons, followed by
using a heuristic algorithm to generate neuron-level patches to
modify their parameters. In addition, some other approaches
achieve repair through more efficient ways: RUNNER [17]
design a loss function to iteratively optimize the identified
biased neurons via gradient descent, while IDNN [18] directly
isolate them. NeuFair [19], on the other hand, leverages the
simulated annealing algorithm to provide statistical guarantees
for group fairness repair. More recently, GRFT [9] has been
proposed for more effective fairness testing and repair. It
achieves state-of-the-art performance by directly minimizing
the distance of model outputs between discriminatory inputs
and their similar instances.

Research gap - While prior repair methods have shown
effectiveness in certain cases, they suffer from two funda-
mental limitations. First, the repair techniques they employ
(e.g., heuristic algorithms, gradient-based parameter tuning, or
neuron isolation) are empirical in nature and lack deterministic
guarantees. Even on the discriminatory pair (x,’) used in
repair, these techniques may not ensure that the model’s
outputs satisfy fairness constraints. Second, these approaches
use a set of discriminatory input pairs (xz, ') to analyze and
repair model behavior, where &’ is chosen from S(x) (the set
of all instances similar to x). As such, they only observe and
correct unfairness over a limited region of S(x). Consequently,
the repaired model may still exhibit unfair behavior on unseen
or unsampled inputs, resulting in limited generalization.

Our insight - To address the above challenges, our key idea
is to leverage interval bound propagation (a widely used NN



verification technique) to soundly capture model outputs over
S(x). The derived bounds can be utilized to guide fairness
repair, which encourages the model to produce consistent out-
puts across all similar instances. To further provide guarantees
for repair, our intuition is to exploit these bounds as a bridge to
integrate fairness constraints and model modifications to con-
struct a unified constraint-solving formulation. The solution
to this problem can induce a repaired model with guaranteed
fairness over S(x).

Our solution - Based on the above insight, we propose
PROF, a novel provable NN fairness repair framework. As
illustrated in Fig. 2, PROF consists of two core components.
Given a DNN f (which can be sliced as the first L — 1 layers
f1.1, and the last layer f1,), the first step applies interval bound
propagation to calculate the concrete bounds that soundly cap-
ture the outputs of f1., (i.e., outputs in feature space). These
bounds define axis-aligned hyperrectangles, which enables us
to directly tighten them to mitigate feature differences. In
the second step, a naive approach would be to use these
concrete bounds to construct a constraint-solving problem,
where the parameter changes of the final layer f, are treated
as optimization variables. However, since concrete bounds
are often overly conservative, PROF synthesizes symbolic
bounds to formulate a more precise problem, thereby avoiding
excessive modifications. To make the new problem solvable
by off-the-shelf solvers, we introduce the dual theorem to
eliminate nonlinear operations while preserving soundness. Fi-
nally, PROF establishes a Mixed-Integer Linear Programming
(MILP) problem, ensuring that the solution induces a repaired
model that is provably fair over the given set S(x).

We have implemented PROF as a self-contained toolkit
and evaluated it on four popular datasets involving various
sensitive attributes. The results demonstrate its effectiveness
in correcting the unfairness over the given set S(x) with
provable guarantees, and its substantial improvements in gen-
eralization over existing state-of-the-art repair methods. On
average, PROF achieves 95.93% and 93.16% relative fairness
improvement on the full dataset and the full input space,
where the best baseline achieves only 71.44% and 72.67%.
For the setting with multiple sensitive attributes and more
practical fairness definition, PROF also exhibits remarkable
generalization, keeping around 90% fairness improvement.
Additional experiments with four state-of-the-art fairness test-
ing frameworks further confirm its consistent effectiveness.

To summarize, this paper makes the following contributions:

« We present PROF, a novel framework for provable neural
network fairness repair with three key technical innovations:

1) We leverage interval bound propagation to soundly cap-
ture the model outputs, and design a bounds tightening
process to effectively mitigate biased behavior.

2) We synthesize symbolic bounds to precisely encode fair-
ness constraints and model modifications into a unified
constraint-solving formulation with provable guarantees.

3) We leverage the duality theorem to eliminate nonlineari-
ties and construct an MILP tractable by existing solvers.

e« We evaluate PROF on four widely adopted benchmark
datasets and demonstrate that it significantly outperforms
the state-of-the-art in terms of provable guarantees and
generalization to unseen samples.

« We release the code, scripts, and supplementary materials
for this paper at this repository to facilitate future studies.

II. PRELIMINARY

DNNs. In this work, we focus on DNN models for binary
classification tasks. A DNN can be represented as a function
f:R™ — R, which maps a high-dimensional input € R™
to an output f(x) € R. It typically consists of an input layer
f1, several hidden layers {f2, -, fL—1}, and an output layer
fr. The first L — 1 layers, denoted as fy.1, = fu—10---0 f,
transform the input into a d-dimensional feature space, i.e.,
fi.L(x) € RY, while the final layer fi, makes the classification.
The model predicts the positive class if f(x) > 0 and the
negative class otherwise. Given a training dataset Dy,;,, a DNN
is trained by minimizing binary cross-entropy (BCE) loss ¢:
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where o and y® € {0,1} denote the sigmoid function and the
true label for the input a2, respectively.

Interval Bound Propagation. Owing to its efficiency in
computing NN output ranges, interval bound propagation is
widely used in NN verification [20], [21], [22], [23], [24], [25].
The core idea involves propagating interval bounds layer-wise
through the model, starting from predefined input domains.
In contrast to exact verification methods [26], [27], [28]
that rely on SAT solvers, interval arithmetic offers scalable
approximations by symbolizing each neuron’s value as an
interval derived from its predecessor layer. Here we briefly
describe how it propagates the bounds through the linear layer
and the activation layer (using ReLU as an example). For a
neuron h after a linear transformation with weights W and
bias b, its output bounds are computed as:

h=b+ Z (max(0, W;) - z; + min(0, W;) - z;) ,
i (1

B

~

h=b+ Z (max(0, W;) - Z; + min(0, W;) -

where z;,7; are the bounds of the i-th neuron in the prede-
cessor layer. For an unstable ReLU neuron h = ReLU(z)
with input interval [I,u] where | < 0 < u, a sound interval
propagation can be derived via linear relaxation in various
ways [21], [29]. Here we show a simple triangular form:
oghggi?@—njgm:mﬂq @)
Example 1. Fig. [ illustrates interval bound propagation on
a simple NN, where the brown equations denote the neurons’
symbolic bounds and the black square brackets are concrete
bounds. The input x1 and x5 are bounded by [0, 8] and [—1,1].
Using Eq. (1), the interval propagation for the first layer
concretizes the symbolic expressions s = x1 + 6xo and
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Fig. 1: Interval bound propagation on an example NN. All

neurons have zero bias except the output neuron (bias=1).

x4 = x1 — 6xg to concrete bounds [—6,14] and [—6,14].
Then the triangular relaxation from Eq. (2) is used to calculate
the bounds of hy and hs, refining both to [0,14]. The output
y finally yields the bound [—1.8,1]. Notably, this bound is
usually conservative due to the input dependencies [30], [31]
of interval arithmetic, which assumes that the propagation
of each neuron is independent. For example, the minimum
y = —1.8 implies hy ho 14, where no valid input
(21, x2) can simultaneously achieve hy = 14 and hy = 14. We
analyze how this issue impacts the repair process and present
our solution in Sec. I1I-C and Sec. III-D.

Individual Fairness. As established in prior work [8], [12],
[32], individual fairness (IF) requires a model to produce
consistent predictions for similar individuals who differ only
in sensitive attributes. Let © = (21, z2, - ,Z;) € R™ be an
input. We define S(x) as the set of all inputs similar to «:

S(x)={z' |3j P, z; #2};Vj e NP, z; =/}
where z; and x; denote the values of the j-th attribute in
and x’, P is the set of sensitive/protected attribute indices,
and NP represent the set of non-sensitive attribute indices.
Recent work [13], [33] further relaxes this notion by allowing
small perturbations on non-sensitive attributes. Specifically, a
relaxed neighborhood S(x) is defined as:

S(x) = {a'|3j € P, z; # 2; Vj € NP, |z; — 2| < ¢;}

where €; > 0 limits allowable variations on non-sensitive at-
tribute j, reflecting that small differences (e.g., age differences
of a few years) may not violate the fairness relation.

Building on above notions, we define an input « as an Indi-
vidual Discriminatory Instance (IDI) if there exists ' € S(x)
such that: (f(z) > 0A f(z') <0)V (f(z) <O0A f(z') > 0).
Such a pair (x, ') is referred to as an IDI pair. Given a NN
f, we further define U(f,x,S(x)) as the set of all inputs in
S(x) that result in unfair classification under f:

U(f,z,8()) ={z' € S(x) | (f(x) 20 f(z') <0)
V(f(®) <0A f(a') = 0)}

Example 2. Let us revisit Fig. 1. Suppose we have an input
x = (4,0) with f(x) = 0.2, where x1 is the protected attribute
ranging over [0,8], and o is a non-sensitive attribute with
€ = 1. The neighborhood S(x) is thus defined as {x’' | 0 <
x) <8, =1 <z < 1}. It is easy to verify that there exists
x' € S(x) such that f(x') < 0; for example, *' = (8,1)
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yields f(x') = —0.6. Therefore, x constitutes an IDI, and f
violates individual fairness at this input.

Problem Formulation. We now formalize our repair problem.

Definition 1 (The IF repair problem). Given a DNN f and
a repair set D, = {z*,22,...,x"}, where x' denotes the i-th
input. The goal of provable repair is to find a modified DNN
f that guarantees IF over S(x?) for every ' € D,, that is:

Ve € D,, Vo € S() : U(f,x, S(x")) =0 (€]

We also aim for the repair to exhibit generalization by miti-
gating unfairness on inputs beyond D,. Consistent with prior
repair work [18], [16], we assume access to a small set D, of
training data to preserve the model’s original performance.

III. METHODOLOGY
A. Overview

Fig. 2 presents PROF, our provable fairness repair frame-
work for DNNs. It consists of two main components: (1) unfair
feature extractor calibration via concrete bounds tightening,
and (2) provable repair through symbolic bounds synthesis
and constraint-solving. The first step operates in the feature
space: by propagating interval bounds through the network,
PROF establishes sound over-approximation for the features of
all similar individuals. Then a progressively bounds tightening
process is designed to rectify the biased feature extractor,
promoting feature consistency on similar individuals. In the
second step, symbolic bounds (which are tighter than concrete
bounds) are synthesized and combined with the fairness con-
straints to formulate a more precise constraint-solving problem
that provides guarantees for repair. To eliminate the nonlinear
operations, we introduce the dual theorem and transform the
original problem into an MILP, while preserving soundness.

B. Correcting Biased Feature Extractor

The objective of this phase is to calibrate the model’s feature
extraction part fi., so that it produces features as consistent as
possible for all inputs in the similar set S. The ideal scenario
is that for any inputs =, ' € S(x*), f1.1 produces identical
features and thus f makes the same classification, i.e.,

Ve, z' € S(z'): fin(z) = frr(x) ®)

Some prior works [17], [18], [9] pursue similar goals by
either: (1) biased neuron identification via differential analysis
on given IDI pairs followed by parameter modification, or
(2) retraining the models to minimize the distances between
features extracted from the IDI pairs. In other words, they
aim to reduce the distances between specific feature pairs
(discrete point pairs in the purple region in Fig. 2, Step 1).
However, these approaches rely on IDI pair (x,x’) gener-
ated either by sampling within the similar input set S(x)
or existing testing methods [8], [10]. This sampling-driven
nature inherently suffers from incomplete coverage of S(x),
as finite samples cannot exhaustively represent the entire set.
Consequently, some uncovered instances may still retain large
feature discrepancies and thus lead to unfair classifications.
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Fig. 2: The overview of PROF framework. For notational simplicity, we use f1.;, to denote f1,_1 o--- o f1 hereafter.

To address this problem, we propose utilizing interval bound
propagation to soundly characterize and mitigate the feature
differences across the neighborhood set S(z). Unlike dis-
crete sampling methods, our approach over-approximates the
model’s feature-space outputs. Specifically, we employ auto-
LiRPA [34] to calculate! the concrete bounds [hi,ﬁl] c R?
for each set S(x*), such that:

©6)

where [n] denotes the set {1,2,...,n}. As shown in Fig. 2

Vie[n], zeS@): funlz)e [hﬁ]

(Step 1, blue region), the derived interval [hi,ﬁl] forms an
axis-aligned hyperrectangle that provably encloses the exact
feature set H' = {f1.1.(x) | € S(x')} (purple region). The
axis-aligned property enables us to upper bound the maximum
distance L4;, between features in H’:

Lais = max || fir(z) — frn(@)|s
x, ' €S(x")
d
= max ||h—h|; < max |h; — hj| 0
h,h/€Hi S e
<|Ih’ — n'||

With the derived upper bounds in hand, we design a progres-
sive bounds tightening process to mitigate the bias in fy.p,.
This procedure iteratively reduces the ¢;-norm of the concrete
bounds, thereby contracting the maximum feature distance.
As detailed in Alg. 1 (Lines 2-4), the process begins by
computing initial concrete bounds for each input a’ € D,
over its neighborhood set S(x*). It then updates the concrete
bounds and minimizes a normalized objective, which measures
the relative ¢;-norm reduction between current and original
bounds. This ratio, bounded within [0, 1], directly quantifies
the degree of bias mitigation, where zero corresponds to the
ideal scenario described in Eq. (5). We aggregate these ratios

I'There are several other interval propagation tools, such as DeepPoly [20]
and DeepZ [35], which vary in precision. We choose auto-LiRPA [34] due to
its balanced trade-off between efficiency and precision.
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Algorithm 1: Biased Feature Calibration

Input: Biased NN f = fi, o fi.1, repair set D;, a small set

of training data D., maximum iteration T

Output: Repaired feature extractor fi.r,
1 for i < 1 to |D,| do
S(xh) &
5]
OriDiff; « HH N

Set of all inputs similar to x*
< CONCRETEBOUNDS( f1.1,, S(z"))

2

3

4

1

for iter «+— 1 to T do
for i + 1 to |D,| do

L [E,K’} < CONCRETEBOUNDS(f1.1,, S(x*))
|7 -
1

/+ Upd
, B o I | §

L < 107 2051 " o,

Ebce — ﬁ Z(@y)gpc Z(U(f(m))7 y)

f1:, < GRADIENTDESCENT( f1.1; Ltair + Lbce)

o »n

ate the concrete bounds =/

8

9

10

11 return fi..,

across all inputs in D; to construct the fairness loss L, (Line
8 of Alg. 1). To preserve the model’s performance, the BCE
loss Lye is computed on a small set of training data D..
We optimize the model parameters to minimize the combined
objective £ = Ly + Loce through gradient descent.

Remark: While the above process can effectively mitigate bias
in the feature extractor (see Section IV-E), the fixed-number
gradient descent steps do not guarantee provable repair. The
repaired feature extractor may still yield L > 0, indicating
potential feature discrepancies within some S(z?) that could
lead to unfair classifications. To address this problem, we
proceed to repair the final layer fi, in the following sections.
We first present a naive method that directly utilizes the
concrete bounds, followed by our proposed advanced approach
that incorporates symbolic bounds for enhanced precision.



C. A Naive Provable Repair Method with Concrete Bounds

In this section, we present a naive repair method for the final
classification layer f1,. Our core idea is to formulate the repair
as a constraint-solving problem and leverage existing solvers
to obtain the solution with provable guarantees. Formally, the
fairness repair on f1, is formulated as follows:

Alnin [AW|[1 + [|Ablly ®)

st.Vie[n], H = {fir(x) | x € S(x')} ©

Vi € [n], min fr(h) >0V max fi(h) <0  (10)
heH* heH*

Here, fi. denotes the feature extractor calibrated by Alg. 1
and fr,(h) = (W+AW)h+b+Ab is the repaired final layer,
where W 4+ AW ¢ R'™? and h € R% Eq. (8) minimizes
parameter modifications while Eq. (10) and Eq. (9) enforce
fairness through output consistency across all inputs in S(z?).

We identify that existing solvers cannot directly handle the
formulated problem due to two inherent complexities: (1) f1.1,
includes multiple nonlinear layers and thus the exact feature
set H! is highly non-convex, and (2) the constraint in Eq. (10)
introduces multiplication terms AWh, which are non-linear.
To address the former, a straightforward method is to use the
concrete bounds again to over-approximate H®. Specifically,

we simplify Egs. (9) and (10) as follows:
Vie[n,b+Ab+ min (W+AW)h >0

1t

he [hi,h ]

Vb+Ab+ max (W+AW)h <0

he [y & ]

(1)

Since [hi,ﬁl] over-approximates H!, Eq.(11) consists of

strengthened constraints that imply Eqs.(10) and (9). More-

over, the above simplification enables us to introduce two sets

of variables {P; ;}c[q and {Q; ;}je[q) to capture the extreme

values of (W + AW)h in each dimension:

a2
J

Pij < (W;+AW;)hj AP ; < (W) + AW))
Qij > (W; +AW,)hi AQ; ; > (W; + AW))

where hé- and HLJ are the j-th dimensional endpoints of the

hyperrectangle [hi,ﬁl]. Therefore, the summations over j
of P;; and Q;; can provide lower and upper bounds for

(W + AW)h across the whole hyperrectangle [h’, h'] while
avoiding the multiplication between h and AW, i.e.,
min

> P < L
je@  he[pR]

Z inj > max

jeld) he[n'h']

(W + AW)h

13
(W + AW)h 4

def

Let LB, £ b+ Ab+ >, 1P and UB; = b+ Ab +
> jeld] Qi,j, we then transform the repair problem as:

min [|[AW]|; + [[Ab]/,
AW.Ab

(14)
s.t.Vi € [n] (12), LB; > 0V UB; < 0
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Fig. 3: Comparison of repair with concrete bounds and sym-
bolic bounds. Purple region shows the true feature set .

Note that the disjunction (V) can be handled using Big-
M method (detailed in the next section). The upper half of
Fig. 3 revisits Example 1, where the blue values indicate the
parameter modifications from solving Problem (14), which
enforces Vhy € [0,14], hy € [0,14] : (135 —0.1) x hy + (135 —
0.1) x ho + 1 > 0 to ensure fairness. The provable guarantees

achieved by solving Problem (14) are formally stated as:

Theorem 1. Let D, = {x'}?, be a set of inputs, each
associated with a similarity neighborhood S(x'), and let
f = fuofi.L be a DNN. Then any feasible solution (AW, Ab)
to the problem (14) induces a repaired final layer f1, such that
the composite model [ = fLofLL provably satisfies individual

fairness on all S(z'), i € [n].

Proof. We refer the reader to the supplementary material. [

D. Provable Repair with Symbolic Bounds

We now identify a crucial problem of the proposed naive
method: the concrete bound [hi,ﬁl] is typically too conser-
vative to capture the exact feature set H’ (purple region in
figure). This leads to unnecessary modifications of the final
layer in order to enforce fairness across the entire box [h’, HZ]
rather than just the exact set 7. As illustrated in the upper half
of Fig. 3, such conservativeness results in excessive changes
that account for spurious points outside H®. This issue is
exacerbated when the repair set D, contains multiple inputs,
requiring simultaneous satisfaction of fairness constraints over
multiple sets S(x) (see Section IV-E).

As discussed in Example 1, the imprecision of concrete
bounds fundamentally stems from their assumption of inter-
neuron independence during propagation, which discards cru-
cial variable dependencies. To capture H’ more precisely, we
propose synthesizing symbolic bounds, where each neuron’s
bounds are characterized as a linear combination of preceding
variables, thereby preserving the dependencies. Given a set



S(x?), we first utilize auto-LiRPA (other bound propagation
tools are also applicable) to calculate the linear bounds be-
tween h and , and further incorporate the input bounds to
synthesize the symbolic bounds for repair as:

’ﬁig{h’oz?:ch,@;ghga?av:+,3i27

. (15)
Sp(x’) <z < SU(a;Z)}

where a?, ,8?, oziZ and ﬁiz are linear coefficients and biases,
Sr(x) and Sy (z?) denote the lower bound and upper bound
of S(z?), respectively. The brown equations in Fig. 3 denote
the symbolic bounds for our running example:

Hi={h|0 <h; <0.7(x; +6x2) +4.2,0 <y <8
0<hy < 0.7(.1'1 — 61‘2) +4.2,—1 <5 < 1}

We can see that the region formed by Hi (the brown area) is
more precise than the one formed by concrete bounds.

Once the symbolic bounds is obtained, the repair can be
formulated to guarantee that fairness constraints hold over H:

i A A
A{Q{Ab\| Wil1 + [|Ab]f;
s.t. min fr(h) > 0V max fr(h) <0
heH? heH?

(16)

However, while symbolic bounds provide tighter approxima-
tions, they consist of a set of general linear constraints on
x and h, forming a polytope with fundamentally different
geometric structure from hyperrectangles. Note that one of the
core challenge of provable repair stems from the non-linear
term AWh in fairness constraint min,(W + AW)h > 0V
maxp (W +AW)h < 0, where h € [h’,h'] or 7. Although
Section III-C handled this issue by exploiting the axis-aligned
nature of [h’, HZ}, the polytope ¢ lacks this nature and renders
the endpoint analysis in Eq. (12) inapplicable.

We leverage Lagrangian duality to address this problem. In
the following, we take miny 7, fu(h) > 0 as an example to
illustrate. The key idea is to recast the minimization over h
as a maximization over dual variables A, thereby decoupling
the multiplication between AW and h while preserving
soundness. Specifically, we first rewrite min, . ; (W+AW)h
as follows:

minC'p st A;p <D, (17)
p

where C = [W—&—AW,lem}T € Rim+d)x1 o — l;) c

R+ A; € R@m+2d)x(m+d) and D, € R?™+24 are constant
matrices that encode the definition of H', constructed as:

-I; af -85
A= Ly _aiz , Dy = '62'2 '

0 *Im *SL(Iﬂl)

0 Im SU(:IIZ)

IL is evident that A;p < D; is equivalent to the definition of
H' given in Eq. (15).

Recalling Eq. (17), we observe that the variable AW in
C can be temporarily treated as a constant, since the feasible
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set {p | A;p < D;} is independent of AW. In other words,
problem (16) can be viewed as first solving the worst case
p* under a given AW, then optimizing AW accordingly.
Under this observation, Eq. (17) becomes a standard linear
programming (LP). We define the Lagrangian function L and
the dual function g to construct the dual problem of this LP:

L(p,X)=C'p+ A/ (Aijp—D;), \; >0

g(X) = igfL(I% i) (18)

where \; € R?"+2¢ are dual variables. By maximizing the
dual function, we obtain the optimality condition 2% = C +
AX; =0= A\ = —C and construct the dual problem:

op
(Primal Problem) (Dual Problem)

. T 2TD.
e pay A D (19)
st. A;p<Dy st. AN\ =-C

In the dual problem, the non-linear term AWh is decoupled,
as only A; are variables and both D;, A; are constants. We
further note that the primal and dual problems attain the same
optimal value due to the strong duality [36] for LP:

(20)

min
A;p<D;

S/i\milar to the previous section, we now define the variable
LB; to soundly lower bound the model’s output over #;:

LB; =b+ Ab+ (-A/ D))

< b+ Ab + max -\, D; Az‘T)‘i =-C
XA st 0 Q1)

=b+4+Ab+ min C'p ‘-
A;p<D;

Note that the upper bound (for b+ Ab+maxa,p<D, C'p)
can similarly be derived using another set of dual variables
n; € R?™+2¢ We can now recast the problem (16) as
following MILP:

min

o AW+ AD]:
B 2L, AT

-
st.Ze{0,1)", C= w4+ Aw,olxm}

-1, of -B7
I, -of >

m L 22)
0 Im SU(:BZ)

Vie[n]{ Af A =—-C, A; >0
Alni=C,m>0
LB; =b+ Ab+ (-A/ D;)
UB; = b+ Ab + (5, D))

LB;>-M-(1-2Z)AUB; <M-%;

In the last row we employ the Big-M method to convert the
disjunction operation to conjunction, where M is a sufficiently
large constant. This MILP formulation eliminates the non-
linear term AWh while maintains soundness through strong
duality. The provable repair guarantees achieved by solving



Problem (22), along with its superiority over Problem (14) in
terms of objective value, are formally stated as follows:

Theorem 2. Let D, = {z'}, be a set of inputs, each
associated with a similarity neighborhood S(z'), and let
f fL o fl:L be a DNN. Then any feasible solution
(AW, Ab,Z,\,n) to the problem (22) induces a repaired
final layer f1, such that the composite model f = f1, o f1.1,
provably satisfies individual fairness on all S(z%), i € [n].
Moreover, the optimal solution of problem (22) is guaranteed
to be no worse than that of problem (14) (i.e., it achieves an
objective value that is no larger).

Proof. We refer the reader to the supplementary material. [

The overall algorithm of PROF is shown in Algorithm 2.

It first calibrates the feature extractor fi.r, then synthesizes
symbolic bounds to formulate an MILP problem, which is
solved by Gurobi [37] to achieve provable repair.
Remark: While our illustration focused on binary classifi-
cation, we can naturally extend PROF to multi-class tasks
by adapting the second step. For each input z?, instead
of computing scalar lower/upper bounds for a single output
neuron, we compute vectorized bounds (LBZ7 UB € RN) for
all N classes. We then vectorize the integer variables Z; in
a one-hot manner to represent the multi-class decision, i.e.,
Z; € {0, 1}V, >_; Zi,j = 1. These modifications enable us to
soundly formulate the MILP for multi-class task.

IV. EVALUATION

In this section, we evaluate PROF through extensive exper-
iments and answer the following research questions.

RQ1: How effective is PROF in repairing NN unfairness?
RQ2: Can PROF handle multiple protected attributes and
more practical fairness definition?

RQ3: How effective is PROF compared to baselines when
evaluated by existing fairness testing frameworks?
RQ4: How do the two key steps of PROF contribute to
the repair performance?

A. Experimental Setup

1) Datasets and Models: We conduct experiments on
four datasets including Adult (Census Income) [38], German
Credit [39], Bank Marketing [40] and Compas [41], which
are commonly used in fairness testing [8], [11], [10], [12] and
repair [16], [9]. @ Adult is a dataset to predict whether a
person earns more than $50 000. The protected attributes are
gender, race, and age. ® Bank is a dataset for predicting if
the bank client will subscribe a term deposit, with age being
the sensitive attribute. ® German Credit is a dataset to assess
creditworthiness based on personal and financial records. It
has two protected attributes: gender and age. @ Compas is
a dataset for assessing the likelihood of a criminal defendant
reoffending. The protected attributes are gender, race, and age.

The biased NNs for repair are sourced from previous
fairness verification works Fairify [13] and FairQuant [14].
These models consist of various number of layers and neurons.
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Algorithm 2: PROF

Input: Biased NN f = fi, o fi.1, repair set D;, a small set
of training data D, maximum iteration T
Output: Repaired model f
1 f1.1, + BIASEDFEATURECALIBRATION( f, Dr, D.,T)
/% Rep: fiL by Alg. 1

1ir */
2 for i < 1 to |D;| do

3 S(z') = & Set of all inputs similar to

4 Hi SYMBOLICBOUND( f1.1,, S(?))

5 Construct the MILP problem M according to Eq. (22)

6 AW, Ab,Z, X, n « Solve(M)

7 fu < Linear(W + AW, b + Ab)

8 return fr, o fi.,

2) Repair Setup: The original datasets Dy, are divided into
the training set Dyy,in and the test set Dy Then we randomly
select 100 instances from Dy, to construct the repair set D;.
We also provide a small set D, C Dy, for all methods to
preserve model’s performance. Table I shows the size of these
sets and the original accuracy of the DNN for each dataset.

TABLE I: Details of datasets involved in repair and evaluation.

Dataset | Drn | Duain D; D. | Dest | Original Acc
Adult | 48842 | 38438 100 500 | 6784 85.24%

Compas | 6172 | 4937 100 500 | 1235 73.85%

German | 1000 700 100 100 | 300 72.67%
Bank 45211 | 36168 100 500 | 9043 89.53%

3) Baselines: We select the following NN individual fair-
ness repair methods as baselines for comprehensive compari-
son: @ Flipping-based fine-tuning. This is a basic method for
flipping the protected attributes (e.g., changing the gender from
female to male) in each input while maintaining the ground
truth labels. Through this learning paradigm, the biased model
learns to make predictions that are insensitive to variations
in protected attributes. ® CARE [16]. This method utilizes
the causal model to pinpoint key neurons that are responsible
for unfairness, followed by the PSO algorithm to generate
neuron-level patches for repairing the model. ® GRFT [9]. As
the latest state-of-the-art individual fairness repair framework,
GRFT designs a loss function aimed at directly reducing
differences in model outputs between IDI pairs.

Our method involves two hyperparameters: the number of
iterations T in Step 1, and the learning rate. We fix them to
200 and 0.001 across all scenarios.

4) Evaluation Metrics: We evaluate the repaired models
from two perspectives: improvement in fairness and preserva-
tion of original performance. We also record the time costs of
all methods. Details of fairness metrics are described below:
Fairness improvement. Three metrics are considered for the
fairness evaluation. The Certified Unfair Rate (CUR) assesses
the percentage of inputs x in the repair set D; for which the
repaired model f still produces biased outputs over S(x):

| D]

CUR_|D‘Z]I< (f, 2", S(z ));«é@)



TABLE II: Fairness improvement results for single-attribute repair. The best values are highlighted in bold.

Metrics  Methods Compas Adult e ‘ Bank ‘ Avg (Relative Drop)
gender race age gender race age gender age age
Original | 5.00%  9.00%  42.00% | 3.00% 2.00% 14.00% | 3.00%  4.00% | 1.00% | 9.22% (-)
FLIP 0.00%  6.00% 2.00% 2.00%  4.00% 8.00% 7.00% 1.00% | 2.00% | 3.56% (61.45%)
CUR CARE 0.00% 2.00% 17.00% | 2.00%  2.00% 6.00% | 0.00% 1.00% | 0.00% | 3.33% (63.86%)
GRFT 0.00% 1.00% 16.00% | 0.00% 1.00%  7.00% | 0.00% 0.00% | 0.00% | 2.78% (69.88%)
Ours 0.00% 0.00% 0.00% | 0.00% 0.00% 0.00% | 0.00% 0.00% | 0.00% | 0.00% (100.00%.)
Original | 625%  8.77% 44.86% | 2.74% 4.15% 21.64% | 2.60%  2.90% | 1.12% | 10.56% (-)
FLIP 1.80% 825%  4.83% 295%  5.56% 8.14% 430% 040% | 0.93% | 4.13% (60.91%)
IDI-D CARE 3.19%  575% 16.96% | 1.89%  2.69% 5.60% 0.10%  3.30% | 1.39% | 4.54% (56.99%)
GRFT 000% 237% 1991% | 098%  0.64%  2.38% 020%  0.10% | 0.56% | 3.02% (71.44%J)
Ours 0.00% 0.00% 049% | 0.79% 1.48%  0.83% | 0.00% 0.00% | 0.29% | 0.43% (95.93%)
Original | 1.76%  2.73% 10.94% | 0.65%  0.53% 3.65% 743%  877% | 6.67% | 4.79% (-)
FLIP 0.63% 1.61% 3.08% 0.43%  0.33% 1.25% 299%  3.716% | 3.06% | 1.90% (60.27%)
IDI-S CARE 0.75%  093% 11.36% | 0.75% 0.28%  3.30% 246%  7.14% | 4.40% | 3.49% (27.24%))
GRFT 0.00%  0.50% 1.74% 0.59%  0.48% 2.51% 1.98%  231% | 1.67% | 1.31% (72.67%l)
Ours 0.00% 0.00% 096% | 0.12% 0.30%  0.26% | 0.00% 0.00% | 1.31% | 0.33% (93.16%,)

where I is the indicator function and U is the set of all IDI
instances in S(x) as defined in Eq. (3). For finite S(z?) (e.g.,
the protected attribute is gender and all non-sensitive attributes
are fixed), we enumerate all possible items to check whether
U(f,x',S(x)) is empty. For infinite cases, we employ the
method from [42] that certify the model by solving an MILP.
This MILP precisely computes the model output ranges so that
we can verify whether f is fair over S(x'). A provable repair
must guarantee that [ achieves zero CUR.

An effective repair should generalize to unseen inputs. We
assess this using two metrics: IDI-D, the proportion of inputs
in the entire dataset Dy, that are IDIs; and IDI-S, the pro-
portion of inputs identified as IDIs in a set Dgymple consisting
of 100000 instances randomly sampled from full input space,
following prior work [8], [11], [12]. To compute IDI-D and
IDI-S, we enumerate all similar inputs in S(z) for each
instance & € Dy Or Dggmple When S(x) is finite; otherwise,
we conduct uniform sampling over S(x) to obtain statistically
significant estimates. For both metrics, lower values indicate
better fairness improvement after repair.

In addition to the above metrics, we further incorporate four
state-of-the-art fairness testing frameworks to evaluate PROF
and all baselines: ADF [8], EIDIG [11], NeuronFair [12], and
GRFT [9]. We configured these frameworks following their
technical papers and used them to generate IDIs for both the
original and the repaired models. Fewer IDIs detected on the
repaired models indicate better repair effectiveness.

B. RQI: How effective is PROF in repairing NN unfairness?

To answer this research question, we evaluate the perfor-
mance of all repair methods. The results are summarized in
Table II. As we can see, all methods lead to a notable reduction
in the Certified Unfairness Rate (CUR), while PROF consis-
tently achieves provable fairness guarantees, reducing CUR to
0 across all settings. In contrast, existing baselines provide no
theoretical guarantees and only reduce CUR by approximately
60-70%. In terms of generalization to unseen inputs, our
method also outperforms all baselines. On both the full dataset
Drynr and the sampled set Dgypie, the models repaired by PROF
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TABLE III: Accuracy of repaired models, where colors denote
accuracy loss: green (<3%), orange (3—5%), red (>5%).

Dataset  Prot. Attr. ‘ FLIP CARE GRFT Ours
Compas gender 7239%  73.44%  72.71%  72.06%
Compas race 72.87%  71.42%  73.60%  72.47%
Compas age 70.53%  65.43% 63.24% 70.28%
Adult gender 83.65% 84.39%  82.06%  82.50%
Adult race 83.58%  84.52% 81.07%  82.05%
Adult age 84.51% 80.78%  80.26%  83.67%
German gender 68.67%  69.33%  70.00%  69.67%
German age 70.33% 72.67% 70.00%  69.67%
Bank age 89.28%  88.80% 89.33%  89.35%
Average 7131%  76.75% 75.81% 76.86%
Accuracy Change -1.81% -237% -332% -2.27%

yield extremely low unfairness: the average IDI-D and IDI-S
rates are reduced to just 0.43% and 0.33%, corresponding to
relative reductions of 95.93% and 93.16%, respectively. The
best-performing baseline, GRFT, only achieves 71.44% and
72.67% reductions in IDI-D and IDI-S.

Regarding performance preservation, we present the accu-
racy of the repaired models in Table III. We find that all
methods introduce some accuracy degradation. Among them,
FLIP and PROF exhibit more stable performance, with average
accuracy losses of 1.81% and 2.27%, respectively. By com-
parison, CARE and GRFT can have a notable negative impact
on model performance in certain scenarios. For instance, when
repairing the Age attribute on the Compas dataset, they result
in accuracy drops of nearly 10%.

As for efficiency, both FLIP and GRFT introduce negligible
time overheads, taking around 1 second per setting. PROF also
maintains a desirable runtime of 18 seconds on average. On the
other hand, CARE incurs more time consumption (averaging
244 seconds) due to its reliance on the PSO algorithm, which
often demands extensive iteration for convergence.

C. RQ2: Can PROF handle multiple protected attributes and
more practical fairness definition?

To answer this question, we conduct experiments on repair
with multiple sensitive attributes simultaneously. CARE is



TABLE IV: Results of fairness improvements with multiple attributes and relaxed fairness properties (G, R and A denote
Gender, Race and Age). Details specifications of all relaxed fairness are provided in the supplementary material.

Dataset  Attr CUR IDI-D IDI-S
" | Original FLIP GRFT Ours Original FLIP GRFT Ours Original FLIP GRFT Ours
Compas G-R | 19.00% 7.00% 3.00% 0.00% 16.92%  7.63% 6.59% 0.00% 4.49% 1.94% 1.30% 0.00%
Compas  G-A | 49.00% 13.00%  20.00%  0.00% 51.65% 1.57% 25.84%  1.62% 12.71%  3.57% 1.57% 1.33%
Compas R-A | 55.00% 13.00%  13.00%  0.00% 55.54%  7.18% 15.04%  3.68% 13.56% 2.91% 1.91% 2.56%
Adult G-R | 7.00% 1.00% 2.00% 0.00% 7.59% 6.80% 3.21% 1.78% 1.18% 0.73% 1.11% 0.39%
Adult G-A | 16.00% 6.00% 6.00% 0.00% 23.01% 10.51%  7.60% 3.13% 4.31% 1.16% 3.74% 0.78%
Adult R-A | 17.00%  8.00% 7.00% 0.00% 23.01% 12.62%  7.51% 2.71% 4.20% 1.36% 3.52% 0.78%
German  G-A | 4.00% 13.00%  0.00% 0.00% 6.10% 8.90% 0.40% 0.00% 16.11%  9.91% 4.39% 0.00%
Average 23.86% 8.71% 7.29% 0.00% 26.26%  8.74% 9.46% 1.85% 8.08% 3.08% 2.51% 0.83%
Relative Drop | - 63.47%] 69.46%) 100.00% | - 66.70%] 63.99%| 92.97%] | - 61.88%] 69.00%] 89.67%.
Adult  G-¢4 | 3.00% 6.00% 1.00% 0.00% 3.26% 4.97% 1.43% 1.22% 0.73% 0.52% 0.67% 0.18%
Adult  A-¢p4 | 14.00%  6.00% 5.00% 0.00% 21.98%  6.67% 6.68% 0.61% 3.73% 0.90% 3.07% 0.32%
Adult  R-¢4 | 2.00% 4.00% 1.00% 0.00% 4.70% 6.42% 1.78% 1.20% 0.62% 0.39% 0.60% 0.32%
Bank  A-¢p | 2.00% 5.00% 2.00% 0.00% 3.56% 3.72% 2.04% 0.11% 2375% 18.80%  6.82% 2.75%
German G-¢¢g | 3.00% 8.00% 0.00% 0.00% 3.10% 5.30% 0.20% 0.00% 7.98% 4.01% 2.07% 0.00%
German A-¢g | 4.00% 0.00% 0.00% 0.00% 3.50% 0.10% 0.10% 0.00% 9.35% 1.99% 2.39% 0.00%
Average 4.67% 4.83% 1.50% 0.00% 6.68% 4.53% 2.04% 0.52% 7.69% 4.44% 2.60% 0.59%
Relative Drop | - -3.57%) 67.86%] 100.00%] | - 32.22%) 69.49%] 9217%. | - 42.34%] 66.18%) 92.27%

excluded from this evaluation since its current implementation
does not support this setting.

As shown in the upper panel of Table IV, the original
models exhibit higher unfairness prior to repair. This is
expected since multiple protected attributes can combine to
form a larger set of similar individuals, making it naturally
more challenging for the model to satisfy fairness constraints.
Despite this increased challenge, PROF consistently achieves
provable repair by completely eliminating unfair behaviors on
the repair set (i.e., CUR = 0). Models repaired by FLIP and
GRFT, however, often continue to exhibit discrimination, with
CUR reductions under 70%. Our method also demonstrates
remarkable generalization compared to existing approaches.
It attains significantly lower IDI-D and IDI-S scores across
all settings, with average mitigations of 92.97% and 89.67%,
respectively, except for the “Compas + Race-Age” scenario,
where its performance is only 0.6% below the best method.

To further examine the effectiveness of all methods under
more practical fairness definitions, we conduct a set of exper-
iments on repairing models with relaxed fairness properties.
Following Fairify [13], we define small perturbations on one
non-sensitive attribute so that two individuals are considered
similar even if they are not exactly equal on this attribute.
These individuals are still expected to be assigned to the same
class. For instance, the specification ¢4 indicates that for the
Adult dataset, individuals are considered similar as long as
the value of “hours-per-week” attribute differ by at most 1,
regardless of their values on sensitive attributes.

The results are shown in the lower panel of Table IV.
We observe that FLIP suffers a significant performance drop
compared to the previous repair setting; in some cases, the
unfairness of the repaired model even increases. This may be
because it does not account for similarity between individuals
whose non-sensitive attributes differ slightly and thus fails to
enforce fairness under relaxed definitions. GRFT maintains
similar performance as before, achieving around 70% reduc-

tion in unfairness metrics. In contrast, PROF consistently out-
performs existing approaches across all scenarios, achieving
complete unfairness elimination on the repair set, along with
over 90% reduction in both IDI-D and IDI-S.

In terms of accuracy, all methods exhibit slightly increased
performance degradation compared to the single-attribute re-
pair setting. Both FLIP and PROF maintain stable perfor-
mance, with average accuracy losses of 2.12% and 2.90%, re-
spectively, which are significantly better than GRFT (5.03%).

D. RQ3: How does PROF perform under various testing
frameworks?

To answer this research question, we employ four state-
of-the-art NN fairness testing frameworks to evaluate PROF
and all baselines. Specifically, we follow the original config-
urations of these frameworks and used them to generate IDIs
for both the original and the repaired model. We denote the
number of IDIs detected on the original model as N,; and
those detected on the repaired model as Niepqir. To measure
repair effectiveness under each testing framework, we report
the ratio Niepair /Nori, where a smaller ratio indicates that fewer
IDIs are detected and thus better fairness improvement.

The results are presented in Table V. Overall, all methods
reduce model bias, broadly consistent with our earlier findings.
However, we find that these testing frameworks reveal model
defects more precisely and effectively than evaluation based on
uniform sampling, especially in certain settings. For instance,
all baseline methods especially FLIP and CARE perform
poorly on the German dataset, and in some cases the repaired
models even exhibit more IDIs than the original ones (ratios
greater than 1). In contrast, our method shows consistently
better performance, effectively reducing bias across all set-
tings. In particular, PROF achieves average ratios of 0.06, 0.12,
0.05, and 0.16 under the four testing tools, corresponding to
94%, 88%, 95%, and 84% reductions in IDIs, respectively.
These results are in close agreement with our earlier sampling-

516



TABLE V: Results of fairness evaluation with various testing frameworks. Colors indicate repair effectiveness: green for strong
unfairness mitigation (ratios near 0), orange for minor change (ratios near 1), and red for increase (ratios above 1).

Dataset  Attr FLIP CARE GRFT PrOF
| ADF EIDIG NF GRFT | ADF EIDIG NF GRFT | ADF EIDIG NF GRFT | ADF EIDIG NF GRFT
G 0.28 0.24 036  0.33 0.28 0.36 045 042 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
R 0.53 0.63 0.59 037 0.42 0.45 035 022 0.17 0.18 0.18 0.11 0.00 0.00 0.00 0.00
c - A 0.28 0.34 028  0.25 0.92 0.95 1.04 091 0.21 0.20 0.16 0.14 0.12 0.13 0.09 0.08
OmPas  GR | 029 032 029 017 | 032 034 029 017 | 044 044 029 017 | 0.00 0.00 0.00 0.00
G-A | 0.70 0.72 0.64 0.51 0.79 0.72 0.72  0.57 0.21 0.23 0.13  0.10 0.15 0.15 0.10  0.08
R-A | 030 0.38 0.38  0.31 0.48 0.47 036  0.29 0.22 0.25 0.14 0.12 0.22 0.31 0.19  0.15
G 1.07 0.68 041 0.79 0.05 004 0.04 019 0.43 026 053 078 0.06 0.28 0.02 031
R 0.85 0.80  0.77 1.11 0.36 0.41 023 093 0.73 0.65 0.80  0.96 0.18 036 0.09 0.74
Adult A 0.26 0.18 035 0.56 1.15 .12 054 043 1.08 096 086 0.78 0.00 0.01 0.03  0.08
G-R | 0.61 092 047 0.64 0.70 062 032 0.64 0.69 0.63 0.71 0.93 0.09 042 004 044
G-A | 0.35 029 049 0.61 1.05 097 0.84 095 1.03 1.01 097  0.67 0.05 006 0.16 0.21
R-A | 040 034 047 047 1.14 1.11 0.80 @ 1.42 0.87 086 090 0.52 0.03 008 012 0.28
G 1.07 0.94 5.79 1.43 1.11 1.04 0.13  0.67 1.20 1.01 0.05 0.63 0.00 0.00 0.00 0.00
German A 1.20 1.13 0.02  0.70 1.08 1.15 140 0.63 1.16 1.04 0.02 0.68 0.00 0.00 0.00 0.00
G-A | 1.02 1.03 2.79 1.30 0.88 0.85 023  0.83 0.86 0.83 0.02 0.64 0.00 0.00 0.00 0.00
Bank A | 0.62 058 010 071 | 127 152 096 079 | 0.74 080 023 0.82 | 0.04 0.16 0.03 0.22
Average | 0.61 0.60 089 0.64 | 0.75 076 054 0.63 | 0.63 0.58 037 050 | 0.06 012 0.05 0.16
based generalization evaluation (i.e., nearly 90% reduction). Adut - Gender Adul - Race Adult - Age
By comparison, the best-performing baseline, GRFT, reduces o — Lrir — far | — L
. . g™ Loce | 2°° Loce | 2°° Loce
IDIs by no more than 70%, further confirming the superior % oo s, "] Ses -
generalization of our method against all baselines. fo4 Lo e
0.2 \ S~ \

E. RQ4: How do the two key steps of PROF impact repair?

To answer this question, we first examine the impact of
the first step, which performs a progressive bounds tightening
process. Specifically, we track the dynamics of the two losses
minimized during this step: Lpe, the BCE loss computed
on a small subset of training data Dc, and Lg,;, a fairness-
aware loss measuring the relative ¢;-norm reduction between
the current and original bounds. Due to space limitations,
we present only a subset of the results in Figure 4; the full
version is included in the supplementary material. We observe
that Lp steadily decreases as epochs progress, eventually
reaching a relatively low level. This indicates that the con-
crete bounds after repair are significantly tightened compared
to before, demonstrating Step 1 successfully calibrates and
reduces model bias. Meanwhile, Ly remains stable, showing
that model’s knowledge is largely preserved. These results
highlight that this step effectively balances fairness enhance-
ment and accuracy retention, with Ly, playing a pivotal role
in calibrating the model without sacrificing its fidelity.

We further analyze the contribution of the second step
in PROF. Figure 5 compares PROF with the naive repair
method that relies on loose concrete bounds. As shown in
the top panel, models repaired by PROF consistently achieve
higher accuracy, suggesting that the naive method leads to
excessive modifications of the final layer as it requires fairness
constraints are satisfied across the box formed by concrete
bounds. This observation is further supported by the bottom
panel, where we report the optimal values of the respective
MILP formulations solved by Gurobi. PROF consistently
yields smaller solutions, indicating that the tighter symbolic
bounds enable less adjustment to the model.
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Fig. 4: Loss dynamics during the bounds tightening in Step 1
of PROF. Shaded areas denote the variance across 10 runs.

V. DISCUSSION

Scalability to more complex models: PROF can scale
to more complex models since it only requires the final
layer to be linear, which holds for most DNNs. A potential
limitation when scaling to these models is computational cost,
since MILP is theoretically NP-hard and its complexity grows
exponentially with the number of integer variables. However,
this number is irrelevant to the model size in our formulation,
which could mitigate the exponential explosion issue. The
remaining variables and constraints form a standard linear
program solvable in polynomial time. Nevertheless, we agree
that the overall MILP complexity cannot be guaranteed to be
polynomial due to its inherent NP-hardness.

Relation to robustness repair: PROF achieves provable
fairness repair through two carefully designed steps. The first
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Fig. 5: Comparison between the naive repair method and
PROF. Top: Accuracy of models repaired by the naive method
and PROF. Bottom: Optimal values of the MILP formulated

by the naive method (Problem 14) and PROF (Problem 22).

step mitigates bias by tightening concrete bounds to promote
feature consistency among similar individuals, regardless of
the ground truth label. This method is tailored for fairness
and cannot apply to robustness repair directly, which requires
all perturbed inputs to be classified correctly. In the second
step, we formulate a unified constraint solving problem. The
key challenge here is the presence of non-linear terms in the
MILP, which we address by introducing the dual theorem. This
technique can also be adapted to address a similar problem in
robustness repair. Beyond this issue, fairness repair exhibits
another distinctive challenge: it involves disjunctive constraints
that cannot be handled by existing solvers. To address this, we
carefully design and introduce integer variables to transform
disjunctive constraints into linear form. Overall, while some
techniques in the second step can be adapted to robustness
repair, the first step is fairness-specific, which makes PROF
currently unique to fairness.

VI. RELATED WORK

NN Fairness. Fairness for DNNs is commonly categorized
into group fairness and individual fairness. Group fairness
considers whether different demographic groups receive sta-
tistically similar outcomes [43], [44]. Despite its simplicity in
metric design, it only captures statistical parity and may result
in unfairness at the individual level. In contrast, individual
fairness [45], [46] stipulates that similar individuals should
be treated similarly by the model, typically formalized as the
constraint that predictions remain consistent when only the
sensitive attributes are changed. It enables finer, instance-level
analysis and broader use of testing and verification techniques.

Various methods have been developed to test and verify in-
dividual fairness in DNNs. ADF [8] and EIDIG [11] search for
IDIs near the decision boundary by leveraging the loss function
gradient. NeuronFair [12] further optimizes test generation by

518

computing gradients only for biased neurons identified via
sensitivity analysis. More recently, [47] introduces extreme
value theory to fairness testing. It models the worst case coun-
terfactual bias and develops a randomized test-case generation
algorithm to collect tail samples with statistical guarantees.
Beyond testing, several works have been proposed to formally
verify NN fairness. For example, [15] learns Markov Chains
from a given model to formally verify group fairness with
probabilistic guarantees. On the other hand, DeepGemini [48]
encodes individual fairness constraints into SMT formulas
but is limited in scalability. Fairify [13] improves verification
efficiency by decomposing the problem and pruning neurons.
FairQuant [14] further enhances scalability and precision via
abstraction-refinement, and additionally quantifies the propor-
tion of inputs that are certifiably fair or unfair.

Regarding unfairness mitigation, several works [18], [9],
[16], [49] use heuristic algorithms to correct model bias
but lack formal guarantees. Shifty [50] presents a fairness
training method, offering high-confidence fairness guarantees
under demographic shift. NeuFair [19] and AutoRIC [51] are
recently proposed methods that target group fairness repair:
the former leverages simulated annealing to optimize repair
solutions with statistical guarantees, while the latter uses
constraint solving. Unlike these methods focusing on group
fairness, this work aims to provide deterministic, provable
guarantees for individual fairness repair.

NN Repair. There exists a broader line of work on general
NN repair that targets other correctness properties. Among
them, non-provable methods [16], [52], [53], [54], [55], [56]
typically follow a two-step pipeline: first localizing faulty
neurons or parameters, then applying heuristic techniques to
adjust them. These methods often rely heavily on sufficient
data and lack rigorous guarantees. To provide guarantees,
several recent works [57], [58], [59] leverage constraint solvers
to calculate parameter changes ensuring property satisfaction.
However, these methods are not specifically designed for
fairness and thus cannot be directly applied to fairness repair.

VII. CONCLUSION

We present PROF, a provable fairness repair framework for
DNNs. It leverages interval bound propagation to calculate
concrete bounds that soundly capture the model behavior in
feature space, and iteratively tightens these bounds to calibrate
the biased model. PROF further synthesizes symbolic bounds
to formulate a precise constraint-solving problem and intro-
duces the duality theorem to eliminate non-linear operations to
construct an MILP that provides provable guarantees for repair.
Extensive experiments demonstrate that PROF significantly
outperforms the state-of-the-art in terms of both effectiveness
and generalization. Moreover, PROF can handle multiple sen-
sitive attributes and relaxed fairness definitions.
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