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Abstract
Fairness auditing aims to assess whether a model
is fair, playing a critical role in identifying po-
tential risks in deployed AI systems. In prac-
tice, due to limited access, third-party auditors of-
ten rely on self-collected datasets (e.g., via sock-
puppets), which may differ from real-world deploy-
ment scenarios. Such discrepancy can lead to in-
consistencies between audit conclusions on the col-
lected data and those in actual deployment, raising
concerns about the reliability of third-party audits.
This motivates a critical question: When can we
trust fairness audit conclusions derived from third-
party datasets? Answering this question is chal-
lenging, as the deployment distribution is typically
inaccessible or unobservable. To tackle this, we in-
troduce the Consistency Radius, a metric that quan-
tifies the maximum distribution shift under which
an audit conclusion based on a third-party dataset
remains consistent. We further propose a convex
relaxation-based optimization method to estimate
the radius using only model responses over the
audit dataset. Leveraging this framework, third-
party auditors can provide their datasets to model
providers and request the distributional discrepancy
relative to the deployment distribution, enabling re-
liable audit conclusions without direct data access.

1 Introduction
Algorithmic fairness is critical for machine learning systems
governing access to opportunities [Chinta et al., 2025; Necula
and Păvăloaia, 2023; Shen et al., 2025]. To mitigate system-
atic discrimination, fairness auditing [Sandvig et al., 2014;
Buolamwini and Gebru, 2018], which assesses whether mod-
els are fair, has become standard practice for responsible AI.

Fairness auditing generally operates by assessing perfor-
mance disparities across demographic groups [Bandy, 2021].
Ideally, this assessment would be conducted on the underly-
ing deployment distribution—the “ground truth” population
the model actually serves. However, third-party auditors typ-
ically lack access to this population due to privacy consider-
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Figure 1: Fairness conclusions are sensitive to distribution shifts. A
model showing low disparity on a young-dominated audit distribu-
tion may exhibit high disparity on a balanced deployment distribu-
tion, reversing the audit conclusion.

ations and commercial barriers [Barlas et al., 2021]. Instead,
they rely on third-party audit datasets constructed via sim-
ulated accounts (sock-puppets) or public benchmarks [As-
plund et al., 2020; Kallus et al., 2022]. Inevitably, these third-
party datasets suffer from sampling biases and diverge from
the unobserved deployment distribution.

This divergence poses a fundamental challenge be-
cause fairness metrics are highly sensitive to data distribu-
tions [Shao et al., 2024]. Figure 1 illustrates this phenomenon
through a fairness audit of a recommender system. Initially,
within a young-dominated audit dataset, the model exhibits
gender fairness with comparable recommendation accuracy
across groups. However, a distribution shift to a balanced
population reverses this conclusion to unfair, indicating that
audit conclusions derived from a third-party dataset may no
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longer hold under the deployment distribution.
In this work, we point out the inconsistency between audit

conclusions from third-party data and deployment distribu-
tion. Since the actual deployment distribution is unobserv-
able, we cannot directly verify the audit conclusion against
it. Instead, we adopt a certification perspective, defining the
Consistency Radius as the maximum distribution shift under
which an audit conclusion based on a third-party dataset re-
mains consistent. We further propose a convex relaxation-
based optimization method to estimate the radius. By defini-
tion, the radius serves as a safety margin: the audit conclusion
is guaranteed to remain valid as long as the divergence be-
tween the audit data and deployment distribution falls within
this radius. Practically, the radius allows auditors to ver-
ify reliability without accessing private user data by simply
comparing the calculated radius against the shift magnitude,
which can be provided by model owners.

Collaboration Statement. We collaborated with domain
experts from a national technical center for algorithm gover-
nance (identity anonymized). They participated in (1) Prob-
lem formulation of the auditing paradigm with third-party
audit data and (2) Mechanism validation for our proposed
auditing protocol based on the consistency radius.

Evaluation Strategy. Given the inaccessibility of deploy-
ment data, we simulate diverse distribution shifts on pub-
lic datasets to approximate real-world deployment discrepan-
cies. We assess reliability by measuring how often the radius
fails to identify shifts that overturn the audit conclusion.

Our contributions are:

• We point out the problem of inconsistency in audits, and
define the consistency radius as a metric to reason about
auditing consistency to unobserved distributions.

• We propose a convex relaxation-based optimization
method to estimate the radius relying solely on model
responses over the audit dataset.

• We demonstrate that the consistency radius reliably pre-
dicts whether audit conclusions hold under shifts, en-
abling trustworthy certificates in third-party audits.

2 Related Works
Empirical Fairness Auditing. Fairness auditing is a pri-
mary mechanism for evaluating machine learning systems in
high-stakes domains [Raji et al., 2020; Singhal et al., 2025].
In third-party settings, auditors rely on audit datasets from
external sampling (e.g., sock-puppets or surveys) [Sweeney,
2013; Trielli and Diakopoulos, 2019; TeBlunthuis et al.,
2021]. Despite efforts to improve sampling representative-
ness [Raji et al., 2020; Imana et al., 2021], a fundamental
limitation persists: auditors often lack access to the system’s
deployment distribution [Barlas et al., 2021; Fabris et al.,
2023]. Thus, it is unclear if audit conclusions derived from
audit datasets generalize to actual users, rendering empirical
audits potentially unreliable under distribution shifts.

Statistical Fairness Guarantees. A few recent works de-
rive statistically reliable fairness conclusions using a lim-
ited amount of unbiased audit data to infer distribution-
level statistics [Taskesen et al., 2021; Maity et al., 2021;

Yan and Zhang, 2022; Chugg et al., 2023; Singh et al., 2023;
Lo et al., 2025]. While some studies extend these evaluations
to shifted distributions [Taskesen et al., 2021], they require
access to the target distribution for density ratio estimation.
In our strict third-party setting where the deployment distri-
bution is unobservable, these methods are not applicable.
Subgroup Fairness Auditing. Subgroup fairness auditing
examines model performance across fine-grained subpopu-
lations, highlighting that coarse-grained metrics can mask
severe local disparities [Kearns et al., 2018; Cherian and
Candès, 2024; Hsu et al., 2024; Ganta et al., 2024]. These
methods aim to identify the subgroups with the poorest fair-
ness, involving a challenging search in multi-dimensional
space [Kearns et al., 2019; Cachel and Rundensteiner, 2022].
While related, they differ in scope: subgroup methods eval-
uate fairness over a predefined set of distribution shifts (cor-
responding to specific subgroups). In contrast, our method
establishes a consistency radius that certifies the reliability
of the audit conclusion against any shift within a continuous
margin, regardless of the shift form.

3 Problem Formalization
In this section, we begin by formalizing fairness assessment
on the audit dataset and then define the consistency radius
under distribution shifts.

3.1 Fairness Assessment
Consider a prediction model f : X → Y . Each data point
x ∈ X is associated with a sensitive attribute, which iden-
tifies subgroups that should be treated equitably. We focus
on binary sensitive attributes, e.g., sex (male/female). While
multi-group fairness involves objectives like Max-Min fair-
ness [Martinez et al., 2020; Hashimoto et al., 2018], the bi-
nary setting captures the core challenge of auditing consis-
tency under distribution shifts.

We assume access to an audit dataset D = {(xi, yi)}ni=1
sampled i.i.d. from distribution P . Based on the binary sen-
sitive attribute, D is partitioned into two group-specific sub-
sets, denoted by D0 and D1. The fairness of model f is eval-
uated based on the discrepancy in performance between the
two groups [Saleiro et al., 2018; Cachel and Rundensteiner,
2022]. Since the underlying audit distribution P is observed
through the dataset D, we estimate its empirical fairness as:

φ(P ) =
1

|D0|
∑
i∈D0

mi −
1

|D1|
∑
i∈D1

mi,where D ∼ P (1)

where mi = M(f(xi), yi) is an instance-level performance
metric, such as prediction correctness for classification or
utility score for recommendation [Li et al., 2021].

Based on this evaluation, a fairness assessment is formed
as a binary conclusion relative to a tolerance ϵ ≥ 0. We for-
mally define the assessment function A as:

A(f, P, ϵ) =
{

fair, if |φ(P )| < ϵ,
unfair, if |φ(P )| ≥ ϵ.

Here, we distinguish between two key terms: fairness evalu-
ation refers to the numerical value φ(P ), while fairness as-
sessment refers to the logical conclusion A(f, P, ϵ).

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



3.2 Consistency Radius
A fundamental challenge in fairness auditing is the potential
discrepancy between the audit distribution P , from which the
dataset D is sampled, and the target distribution Ph where
the model is deployed. Since Ph is often unknown, we aim
to measure the robustness of the fairness assessment against
potential shifts from P to Ph.

We characterize the shift from P to Ph using a density ratio
function h : X × Y → R+, so that the target distribution can
be viewed as a reweighted version of the audit distribution P :

Ph(x, y) = h(x, y) · P (x, y),

s.t.E(x,y)∼P [h(x, y)] = 1.
(2)

By introducing the empirical likelihood assumption [Owen,
2001], we approximate this population shift by assigning a
discrete weight hi to each observed sample (xi, yi) ∈ D.
The vector h = [h1, . . . , hn]

⊤ represents the discrete density
ratio, subject to 1

n

∑n
i=1 hi = 1. This formulation models

distribution shifts solely by altering the probability mass as-
signed to each data point inX×Y , while the intrinsic relation
of features, labels, and sensitive attributes remains invariant.

Under a hypothesized shift h, the fairness evaluation on the
shifted distribution Ph becomes a weighted average:

φ(Ph) =

∑
i∈D0

himi∑
i∈D0

hi
−

∑
i∈D1

himi∑
i∈D1

hi
. (3)

We similarly define the assessment on the shifted distribution
Ph asA(f, Ph, ϵ) = fair if |φ(Ph)| < ϵ, and unfair otherwise.

We define the consistency radius R(f, P, ϵ) as the maxi-
mum magnitude of distribution shift that the fairness assess-
ment can withstand.
Definition 1 (Consistency Radius). Given a model f , an au-
dit distribution P , and a threshold ϵ, the consistency radius
is:

R(f, P, ϵ) := sup

{
r ≥ 0

∣∣∣∣ d(h) ≤ r ⇒ A(f, Ph, ϵ)

= A(f, P, ϵ).

}
,

where d(h) is a measurement of divergence between distribu-
tions after and before a shift h.

The definition is agnostic to the divergence measure; un-
less otherwise specified, we adopt the discrete Kullback–
Leibler (KL) divergence as d, i.e., d(h) = KL(Ph||P ) =
1
n

∑n
i=1 hi log hi.

Intuitively, the consistency radius R serves as a “safety
margin” for the audit conclusion. Based on Pinsker’s inequal-
ity [Csiszár and Körner, 2011], a larger R guarantees that the
fairness assessment remains valid for any shift within the KL
radius, which allows the probability of any event in the de-
ployment environment to deviate from the audit environment
by up to

√
R/2.

4 Methodology
In this section, we model the computation of the consistency
radius as a constrained optimization problem and propose a
convex-based optimization algorithm to estimate the consis-
tency radius of fairness assessment.

Supplementary material including code and additional details is
available at: https://unitdan.github.io/#consistency-radius.

4.1 Convex Relaxation for Optimization
To facilitate optimization, we vectorize the fairness evalua-
tion φ(Ph) in Equation 3. With n denoting the sample size of
the audit dataset, we define the performance vector m ∈ Rn

where mi = M(f(xi), yi), and the group indicator vector
g ∈ {0, 1}n. Equation 3 is rewritten as:

φ(Ph) =
((1− g)⊙m)⊤h

(1− g)⊤h
− (g ⊙m)⊤h

g⊤h
, (4)

where ⊙ is the Hadamard product. The terms (1 − g)⊤h =∑
i∈D0

hi and g⊤h =
∑

i∈D1
hi represent the effective sam-

ple mass of the two groups, respectively.
We formulate the computation of the consistency radius

R(f, P, ϵ) as a constrained optimization problem:
R(f, P, ϵ) = min

h
d(h),

s.t. h ∈ H and A(f, Ph, ϵ) ̸= A(f, P, ϵ).
(5)

Here, H := {h ∈ Rn
+ : 1⊤h = n} ensures the validity of the

density ratio, while the constraint ofA(f, Ph, ϵ) ̸= A(f, P, ϵ)
indicates |φ(Ph)| < ϵ if |φ(P )| ≥ ϵ and |φ(Ph)| ≥ ϵ if
|φ(P )| < ϵ.

The objective d(h) (KL divergence) is strictly convex.
However, the feasible region of the fairness constraint is non-
convex. Direct application of greedy methods (e.g., an inter-
polation by the direction of the gradient of |φ(Ph)|) to Equa-
tion 5 is prone to getting stuck in local optima due to this
non-convexity. In the context of safety auditing, such local
optima are dangerous as they lead to an overestimation of the
audit’s consistency (i.e., failing to discover the true minimal
shift required to break fairness).

To avoid local optimality, we adopt a convex relaxation
approach. We replace the non-convex fairness measurement
|φ(Ph)| with a linear surrogate w⊤h, justified by the Proxy-
band Concentration proposition:
Proposition 1 (Proxy-band Concentration). Let Hϕ := {h ∈
H : φ(Ph) = ϕ} be the set of h with the same level of fair-
ness. For two points h,h′ sampled from Hϕ and any vector
w ∈ Rn, for any β ∈ (0, 1), the following concentration
bound holds:

P
(
|w⊤h−w⊤h′| ≤ A ·B

β

)
≥ 1− β, (6)

where A =
√
E[∥h− h′∥2], and B quantifies the misalign-

ment between w and the gradient of φ:

B =

√√√√Eh,h′∈Hϕ

[(∫ 1

0

∥w −∇φ(h′ + t(h− h′))∥ dt
)2

]
.

This proposition can be proved by applying a line-integral
decomposition to φ(Ph)− φ(Ph′) = 0 for h,h′ ∈ Hϕ.

Equation 6 indicates that the bandwidth AB/β is con-
trolled by the effective diameter A of the Hϕ and the gradient-
misalignment term B. Since A is determined by the geometry
of Hϕ and is not controllable, we can minimize the band-
width by reducing B, which requires w to align closely with
∇φ over Hϕ. Consequently, a narrower band means that
any distribution shifts h and h′ with the same fairness value
φ(Ph) = φ(Ph′) will also have nearly identical linear proxy
values, i.e., w⊤h ≈ w⊤h′.
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4.2 Linearizing the Fairness Constraint
According to Proposition 1, minimizing the proxy-band
width requires the surrogate vector w to align with the gra-
dient ∇φ(Ph) on the constraint set Hϕ. To characterize this
ideal direction, we differentiate Equation 4 and obtain:

∇φ(Ph)i =
(−1)gi
Ngi(h)︸ ︷︷ ︸
Scale Term

· (mi − µgi(h))︸ ︷︷ ︸
Deviation Term

, (7)

where Ngi and µgi denote the total mass and weighted mean
of the group containing sample i:

Ngi(h) =
∑

j∈Ggi

hj , µgi(h) =
1

Ngi(h)

∑
j∈Ggi

hjmj .

In principle, the optimal w varies across different sets Hϕ.
Since both Ngi(h) and µgi(h) depend on the unknown distri-
bution shift h, directly estimating a separate w for each Hϕ is
infeasible. We instead construct a static surrogate vector w⋆

by anchoring the approximation at a special Hϕ with ϕ ≈ 0,
where the group-level performances are approximately bal-
anced. This means that the weighted mean µgi(h) of each
group is expected to move toward the performance region of
the opposing group. Therefore, although the exact value of
µgi(h) remains unknown, the opposing group’s support range
R¬i = [minj∈D1−i mj ,maxj∈D1−i mj ] provides an observ-
able approximation to its plausible location. This allows us
to approximate the magnitude of the Deviation Term by mea-
suring how far mi lies from the opposing group’s range.

We therefore define w⋆ as:

w⋆
i = dist(mi,R¬i) + δ(mi), (8)

where the function dist(x, [a, b]) = max(0, a−x, x−b) mea-
sures the distance from mi to the nearest boundary of R¬i,
and the residual term δ(mi) assigns a small positive weight to
samples in the overlapping region. In this way, we transform
the Deviation Term into a static weight vector w⋆, where each
entry measures how far the corresponding sample lies from
the anchor condition where ϕ ≈ 0. Intuitively, if h represents
a distribution shift that moves the system toward a fair state,
it should place less mass on samples with large w⋆

i , thereby
minimizing the linear proxy w⋆⊤h. The Scale Term is omit-
ted in this construction and will be incorporated through an
optimization regularizer in Section 4.3.

4.3 Consistency Radius Estimation Algorithm
Based on the convex relaxation, we present CoRe (Convex
Relaxation for Consistency Radius Estimation). Since w⋆

captures the sample-level sensitivity implied by the fair an-
chor, the linear proxy w⋆⊤h is expected to be approximately
monotonic with the true fairness evaluation. CoRe exploits
this monotonicity using a bi-level structure to bridge the nu-
merical gap between the proxy and the true metric:
Inner Level (Convex Optimization). We solve for the op-
timal distribution shift h in a convex optimization problem:

min
h

d(h) + λ
(
(1− g)⊤h− g⊤h

)2
,

s.t. w⋆⊤h ≤ ϵproxy (or ≥ ϵproxy), and h ∈ H.
(9)

Algorithm 1 CoRe: Consistency Radius Estimation

Require: tolerance threshold ϵ > 0, model performance
metrics m ∈ Rn and group memberships g ∈ {0, 1}n

Ensure: Consistency Radius R or infeasible
1: Compute w⋆ via Eq. 8
2: Initialize binary search interval [low, high] for ϵproxy
3: repeat
4: ϵproxy ← (low + high)/2
5: Solve convex problem (Eq. 9) to obtain h
6: if feasible then
7: Calculate true fairness evaluation |φ(Ph)|
8: if |φ(Ph)| < ϵ then
9: low ← ϵproxy // Relax proxy constraint

10: else
11: high← ϵproxy // Tighten proxy constraint
12: end if
13: else
14: return infeasible
15: end if
16: until ||φ(Ph)|− ϵ| < 1×10−5 or max iterations reached

17: return d(h)

Here we incorporate a regularization term λ((1 − g)⊤h −
g⊤h)2 to stabilize the Scale Term in Equation 7. Note that
the inequality direction (≤ or ≥) in the condition depends on
whether the initial audit is fair or unfair. For brevity, Algo-
rithm 1 illustrates the initially unfair case.
Outer Level (Binary Search). We iteratively calibrate the
proxy threshold ϵproxy via binary search. By tightening or re-
laxing ϵproxy, we locate the exact boundary where the result-
ing true fairness evaluation |φ(Ph)| converges to the target
tolerance ϵ.
Complexity Analysis. CoRe wraps a convex solver in a bi-
nary search loop. Let n denote the size of the audit dataset.
The inner strictly convex problem (Eq. 9) is solvable via
interior-point methods in O(n3). In practice, the entropy-
based objective typically exhibits faster convergence. With
T binary search iterations (typically T ≈ 20), the total com-
plexity is O(T · n3), ensuring scalability.

5 Experiments for Evaluating the Method
In this section, we evaluate the proposed estimation method
(CoRe). We aim to answer three research questions:

• RQ1 (Accuracy): Can the method accurately estimate
the consistency radius compared to ground truth and nu-
merical baselines?

• RQ2 (Effectiveness): Does the estimated radius serve
as a tight and valid lower bound for distributional shifts
in complex, real-world scenarios without a ground truth?

• RQ3 (Stability): How sensitive is the estimation to the
size of the audit dataset?

5.1 Experimental Setup
Datasets. We utilize two synthetic distributions and three
real-world datasets covering multiple data types:
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Method ϵ0 ϵ1 ϵ2 ϵ3 ϵ4 ϵ5 ϵ6 ϵ7 ϵ8 ϵ9 Overall

Greedy-Search 5.25 5.80 6.45 7.12 8.90 10.55 13.20 16.40 19.80 24.15 11.76
Worst-Group 4.87 5.15 6.02 6.63 8.15 9.40 11.85 14.20 17.55 21.30 10.53

CoRe (Ours) 0.01 0.05 0.14 0.22 0.35 0.57 0.88 1.03 1.44 2.23 0.45

Table 1: Estimation error on the Synthetic Trinomial dataset. The thresholds ϵ0 to ϵ9 are ordered by increasing audit margin, where ϵ0 is
closest to the fairness evaluation φ(P ) and thus represents the most fragile setting. CoRe consistently achieves lower error than the baselines.

• Synthetic Trinomial: We constructed a simple dataset
from a trinomial distribution X ∈ {0, 1, 2}. By grid
searching the values of P (X = i), we can discretely tra-
verse all possible distribution shifts to derive a ground-
truth consistency radius. We define a sensitive attribute
that partitions samples with different values into two
groups D0 (if X ∈ {0, 1}) and D1 (if X = 2). Rather
than explicitly specifying the model f , label Y , and per-
formance metric function M , we assign a random value
mi to each X = i to simulate the composite model per-
formance metric M(f(x), y) for simplicity. We sample
10 performance vectors and 10 audit distributions, yield-
ing 100 configurations, and test 10 feasible thresholds
for each configuration.

• Synthetic Gaussian: We constructed a more complex
synthetic dataset where X ∼ N (0, 1). Although it is
infeasible to traverse all possible distribution shifts to
calculate the ground-truth radius for this dataset, we can
empirically estimate the consistency radius by construct-
ing specific shifted distributions through simple pertur-
bations (e.g., of the mean and variance). We defined
X ∈ D0 if X ≤ 0, and D1 otherwise, to evenly par-
tition the samples into two groups. Similar to the Syn-
thetic Trinomial dataset, we specified the performance
metric as M(x) = sigmoid(x) to avoid explicitly defin-
ing the model and labels. The sigmoid function en-
sures that different samples x yield varying model per-
formance, while also inducing significant performance
disparity between the groups D0 and D1.

• Real-World Datasets: Compared to synthetic datasets,
real-world data distributions are significantly more com-
plex. We thus rely on biased sampling to simulate dis-
tribution shifts. We employ three widely-used datasets
covering structured data, user interaction, and images to
demonstrate generalizability:

– Adult [Kohavi and others, 1996] (Structured):
Predicting income levels using an MLP classifier.

– ML-1m [Harper and Konstan, 2015] (Interac-
tion): Predicting user preferences in recommenda-
tion using LightGCN [He et al., 2020].

– CelebA [Liu et al., 2015] (Image): Predicting the
“Smiling” attribute of photos using ResNet-18 [He
et al., 2016].

We set the sensitive attribute as sex (Male/Female) for
all the real-world datasets. The performance function
M is set to be the prediction correctness for Adult and
CelebA, and user-level recall for ML-1m.

For all datasets, we sample n instances (default n = 1000) to
form the audit set D.
Methods and Baselines. Since no existing baseline directly
addresses our problem, we design two comparison methods:

• Greedy-Search: A greedy method that searches from
the all-ones vector (no distribution shift) along the gradi-
ent of φ(Ph) to induce the largest fairness changes with
the smallest distribution shifts.

• Worst-Group: A heuristic strategy inspired by sub-
group fairness audits. It identifies the subgroup con-
tributing most to the fairness gap and iteratively adjusts
its weight until the fairness threshold is approached.

5.2 RQ1: Accuracy Verification
We evaluate the accuracy of CoRe on the Synthetic Trinomial
dataset, where the ground truth radius is explicitly calculable.
Specifically, to implement the Worst-Group baseline in this
setting, we treat the distinct values within the group D0 (i.e.,
X = 0 and X = 1) as separate subgroups.

Recall that the consistency radius R(f, P, ϵ) depends on
whether the fairness evaluation φ(P ) falls within the toler-
ance threshold ϵ. Intuitively, the magnitude of the radius and
the difficulty of estimation are influenced by the audit mar-
gin, which is the difference between the observed evaluation
φ(P ) and the threshold ϵ. Considering this influence, for each
audit distribution P , we divide the feasible range of ϵ equally
and obtain 10 equally spaced points ϵ0, . . . , ϵ9, sorted in as-
cending order of the margin

∣∣|φ(P )| − ϵ
∣∣. Specifically, ϵ0

denotes minimal margins (which can be fragile and critical),
whereas ϵ9 denotes large margins (requiring large shifts to
reverse, thus less critical).

We employ Median Absolute Percentage Error (MdAPE)
relative to the ground truth radius as our primary metric to
mitigate the influence of extreme outliers.

Table 1 shows error trends across margins. CoRe out-
performs baselines on all ϵ settings with a low MdAPE of
0.45. For small margins (ϵ0∼4), CoRe achieves negligible er-
ror (MdAPE < 0.4). This confirms our convex relaxation
is tight in critical scenarios. Its larger errors at ϵ7∼9 mainly
stem from the approximation induced by anchoring the surro-
gate at ϕ ≈ 0. In contrast, Worst-Group yields much higher
error because it restricts shifts to a single subgroup axis, while
the optimal shift often requires coordinated adjustments over
multiple values. Greedy-Search also produces large errors
due to entrapment in local optima.

5.3 RQ2: Effectiveness Validation
We next verify if CoRe provides a valid and tight lower
bound in a more complex scenario without ground truth. We
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Figure 2: Visual verification on Synthetic Gaussian data. The CoRe
curve (Red) tightly hugs the bottom of the scattered distribution
shifts, serving as a valid lower bound. In contrast, baseline curves
are higher, indicating they overestimate the minimum shift required.

compare CoRe against baselines on the Synthetic Gaussian
dataset and the real-world benchmarks. For the Worst-Group,
we define subgroups using auxiliary attributes: sample mag-
nitude (|x| < 0.3, ensuring subgroups have sufficient sam-
ples) for the Synthetic Gaussian dataset, race (White/Non-
White) for Adult and CelebA, and age (7 groups) for ML-1m.

We first visually validate the boundary on the Synthetic
Gaussian dataset in Figure 2. The audit distribution N (0, 1)
is marked by a star at its fairness evaluation |φ(P )|. The x-
axis represents the fairness metric, and the y-axis represents
the distribution shift (KL divergence d(h)). The 4,000 scat-
ter points represent parametrically shifted distributions h at
coordinates (|φ(Ph)|, d(h)). The curves connect the consis-
tency radii estimated by different methods across a range of
auditing thresholds ϵ. Ideally, for any given threshold ϵ, the
consistency radius represents the minimum shift required to
force the fairness evaluation to reach ϵ, forming a tight lower
envelope along the scatters’ bottom edge.

As shown, the CoRe curve (red) tightly hugs the bottom of
the scattered points, meaning almost all shifts are bounded.
In contrast, the Greedy-Search and Worst-Group curves float
significantly higher, leaving many scatter points below them.
These points below the curve represent “shortcuts”, shifts that
overturn fairness with a cost lower than the baselines’ esti-
mation, confirming that baselines overestimate the radius and
fail to detect the minimal shifts.

For real-world datasets, where we cannot construct para-
metric shifts, we design an “adversarial” evaluation protocol.
Specifically, for a given threshold ϵ, each radius estimation
method identifies a critical shifted distribution h̃ such that
the fairness evaluation on h̃ hits the fairness threshold (i.e.,
φ(Ph̃) = ϵ). To verify the robustness of the estimated ra-
dius around this critical point, we generate local adversarial
samples by injecting random noise into h̃. For each h̃, we

Dataset Method Perturbation Intensity (α)

0.01 0.05 0.10

Adult
Greedy-Search 0.44 0.46 0.52
Worst-Group 0.78 0.86 0.75
CoRe 0.02 0.01 0.00

ML-1m
Greedy-Search 0.37 0.52 0.67
Worst-Group 0.60 0.63 0.59
CoRe 0.01 0.01 0.00

CelebA
Greedy-Search 0.44 0.47 0.62
Worst-Group 0.83 0.71 0.79
CoRe 0.03 0.01 0.01

Table 2: Comparison of Local Misjudge Rate (LMR) on real-world
datasets. We compare our CoRe against baseline methods across
varying perturbation intensities (α).

generate perturbed distributions h′ by adding random noise
of norm α (followed by projection onto the probability sim-
plex to ensure validity).

We compute the Local Misjudge Rate (LMR): the propor-
tion of h′ reversing the conclusion with d(h′) within the ra-
dius. High LMR implies a loose radius, failing to exclude
risky distributions. We aggregate 100 generated shifts h′ per
method for evaluating all methods.

Table 2 reports the LMR across different perturbation in-
tensities (α ∈ {0.01, 0.05, 0.1}). CoRe consistently main-
tains the lowest LMR across all noise levels, demonstrating
that its estimated boundary is robust even under varying de-
grees of adversarial perturbation. In contrast, the baselines,
particularly Worst-Group, exhibit significantly higher mis-
judgment rates. This confirms that baselines tend to over-
estimate the radius, leaving “blind spots” near the boundary
that are easily exploited by random perturbations.

5.4 RQ3: Stability with Audit Sample Size
Finally, we examine the sensitivity of CoRe to the size of the
audit dataset. This is crucial for practitioners to understand
the data requirements for a reliable estimation.

We conduct experiments on the real-world datasets. We
vary the audit sample size n from 100 to 2,000. To establish
a reference value, we compute the consistency radius using a
large sample size (n = 5, 000). For each setting, we repeat
the experiment 20 times to measure the variance arising from
sampling randomness.

Figure 3 illustrates the mean estimated radius (solid line)
and the standard deviation (shaded region) across different
sample sizes. The average estimated radius stabilizes quickly.
On all datasets, the estimation converges to the reference
value once the sample size reaches approximately n = 1, 000.
The variance of the estimation also decreases significantly
as n increases. Even with smaller samples (n = 500), the
method produces reasonably stable estimates. These results
indicate that CoRe is highly data-efficient.

6 Practical Implementation
We present a blind auditing protocol and use simulations to
address experts’ questions.
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Figure 3: Stability of the estimated radius on real-world datasets as
sample size increases. The solid line represents the mean radius over
20 runs, and the shaded area indicates the standard deviation. The
estimation converges rapidly, stabilizing around n = 1, 000.

6.1 Consistency Radius in Practice
The consistency radius decouples audit verification from ac-
cessing deployment distributions. By determining the con-
sistency radius, the auditors can verify an audit conclusion
solely based on the magnitude of the distribution shift,
which can be requested from the model provider. This prop-
erty enables a reliable fairness audit that strictly preserves the
privacy of the deployment environment.

6.2 The Blind Auditing Protocol
While radius-based verification preserves privacy, self-
reported distribution shifts pose a risk of dishonesty. We pro-
pose a Blind Auditing Protocol to encourage honest reporting.

In this protocol, auditors present multiple audit datasets
and ask model providers to report the magnitude of distribu-
tion shift between private deployment data and audit datasets,
keeping providers blinded to audit outcomes and radii. This
information asymmetry encourages honest reporting but can-
not by itself guarantee truthfulness; in practice, it can be com-
plemented by spot checks, contractual penalties, or regula-
tory oversight. It creates a strategic dilemma: (1) Indiscrim-
inate Denial Risk: Unable to distinguish audit favorability,
exaggerating shifts to evade “unfair” verdicts risks invalidat-
ing “fair” ones, forfeiting certification; (2) Unknown Escape
Boundary: Unaware of the radius, providers cannot deter-
mine the minimum falsification to “escape” assessment, ren-
dering manipulation infeasible.

6.3 Addressing Experts’ Questions
In the implementation of the protocol, experts raised two
questions regarding the properties of the radius. We provide
evidence-based answers using synthetic simulations with bal-
anced binary groups and randomly sampled metric values.

Query 1: Can audit margin serve as a safety proxy? The
stakeholders inquired whether models with fairness scores
further from the threshold ϵ (i.e., a larger audit margin
||φ(P )| − ϵ|) effectively possess a larger consistency radius
against distribution shifts.

Our Response: While the margin does not deterministi-
cally quantify the maximum allowable shift (the radius), Fig-
ure 4a reveals a significant positive correlation by the Kendall
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Figure 4: Properties of the Consistency Radius. (a) There is a
significant positive correlation between the radius and the auditing
margin. (b) Merging two datasets surpasses the smaller original ra-
dius (rmin) but not necessarily the larger (rmax).

rank test. The concentration of points in the upper-left sug-
gests that a small margin indicates the risk of a small radius.

Expert Takeaway: The margin can be a risk indicator and
prioritize precise radius estimation for high-risk evaluations.

Query 2: Does consensus guarantee larger radii? Ex-
perts inquired whether multiple audit datasets with the same
conclusion (e.g., all “fair”) can be combined into a more reli-
able audit dataset with a larger consistency radius.

Our Response: To examine this, we simulated pairwise
dataset merging. For each pair of audit datasets that reached
the same conclusion, we computed the radius after merging
them, denoted by rmerge, and compared it with the larger and
smaller radii before merging, denoted by rmax and rmin, re-
spectively. As shown in Figure 4b, rmerge does not consis-
tently exceed rmax. Part of the cases lie between rmin and
rmax, suggesting that consensus in audit conclusions does not
necessarily translate into a larger consistency radius.

Expert Takeaway: Consensus may provide useful support-
ing evidence, but our current analysis does not establish that
merging consensus datasets guarantees a larger consistency
radius. At this stage, reporting individual radii alongside
merged results provides a more transparent practice.

7 Conclusion & Limitations
We addressed fairness fragility under distribution shifts by
proposing the Consistency Radius. Our convex relaxation es-
timator enables blind auditing, bridging static evaluation and
dynamic deployment without requiring sensitive user data.

There are also some limitations of our study. First, al-
though we performed rigorous experimental evaluation, due
to the inaccessibility of proprietary industrial systems, we
could not further validate our method in live production en-
vironments. Second, our framework currently focuses on bi-
nary sensitive attributes and single fairness conclusions; ex-
tending it to intersectional fairness and joint certification of
multiple conclusions is left for future work.
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