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Abstract

Strategic machine learning investigates scenarios where
agents manipulate their features to receive favorable deci-
sions from predictive models. To address fairness concerns
intrinsic to strategic classification, recent work has intro-
duced group-specific fairness constraints. However, current
fairness-aware approaches face a fundamental dilemma in the
issue of fairness exposure: making these constraints public
enables strategic manipulation and can lead to fairness re-
versal, while keeping them hidden may reduce social wel-
fare and discourage genuine improvement. To fill this gap,
we subsequently propose the problem of Partial Fairness
Awareness (PFA), as our theoretical analysis informs that
such a dilemma can be mitigated by releasing the candidate
set of fairness constraints and concealing the grounding con-
straint. To be specific, we introduce a belief-guided strate-
gic mechanism, wherein agents iteratively interact with the
decision system and maintain a belief distribution over the
candidate set of fairness constraints. This belief-guided pro-
cess enables agents, through iterative interaction and feed-
back, to update their belief distribution over the candidate
set, thereby gradually aligning their belief with the grounding
fairness constraint employed by the system. Extensive exper-
iments on real-world and synthetic datasets demonstrate that
PFA achieves lower group fairness gaps, higher acceptance
of truly qualified individuals, and more stable outcomes com-
pared to fully public or private fairness regimes.

Introduction
Machine learning models are increasingly deployed
in decision-making domains such as hiring (Sánchez-
Monedero, Dencik, and Edwards 2020), credit scoring (Jag-
tiani and Lemieux 2019), and college admissions (Kučak,
Juričić, and DJambić 2018). In these scenarios, individuals
(agents) often engage in strategic manipulation of their fea-
tures to obtain favorable outcomes. As noted by Goodhart’s
Law (Strathern 1997), “When a measure becomes a target,
it ceases to be a good measure,” such gaming behaviors
can undermine the reliability of decision models. For exam-
ple, a loan applicant might temporarily inflate their reported
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income to appear more creditworthy. To ensure robustness
towards the strategic manipulations, the strategic classifica-
tion (SC) framework (Hardt et al. 2016) has been developed
to model Stackelberg-style interaction between model de-
signers and strategic agents (Ghalme et al. 2021; Singh and
Kulkarni 2024; Chen, Liu, and Podimata 2020), aiming to
maintain predictive accuracy under adversarial conditions.

Despite the remarkable progress of the SC framework
in robustness, practical deployment also necessitates care-
ful consideration of fairness for sensitive attributes or his-
torically disadvantaged groups. In particular, a model resis-
tant to gaming may still systematically disadvantage certain
groups, i.e., exhibiting unfairness. For example, even if a hir-
ing platform exhibits robustness to manipulation, historical
biases embedded in the data might lead to unfair judgment
towards female applicants, reflecting and reinforcing social
inequities (Zemel et al. 2013; Zhang et al. 2022). To address
the fairness concern in strategic-robust decision models, a
growing body of work has incorporated group fairness con-
straints, such as demographic parity (Zemel et al. 2013),
equality of opportunity (Roemer and Trannoy 2015), and
predictive parity (Dieterich, Mendoza, and Brennan 2016),
into strategic classification, typically through fairness-aware
decision rules adapted for different groups (Zhang et al.
2022; Shimao et al. 2025; Zhang et al. 2022).

However, most concurrent efforts focus on designing
more effective fairness mechanisms that are fully public
to agents, while overlooking a more fundamental consid-
eration: whether and how fairness constraints should be
exposed to agents. In practice, different exposure of the
fairness constraints results in divergent subsequent fairness
mechanism design, leading to different algorithmic choices
and social welfare variation. On the one hand, in the case
of fully public constraints, previous theories already point
out the unexpected phenomenon of fairness reversal (Estor-
nell et al. 2023b) (public fairness in Figure 1(a)), where ad-
vantaged individuals manipulate based on the exposed fair-
ness constraints. Hence, the reverse effect of fairness occurs,
as the intended benefits for disadvantaged groups are con-
versely further undermined. On the other hand, when the
fairness constraints are fully concealed (private fairness in
Figure 1(b)), our theoretical analysis proves that the social
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Figure 1: An illustration for the fairness challenge in strategic classification. (a) Public fairness allows strategic behavior from
advantaged agents, leading to fairness reversal (left). (b) Private fairness avoids manipulation but rejects qualified individuals,
causing social welfare loss (center). (c) Our belief-guided strategic mechanism enables sequential learning for agents with
partial fairness, improving group welfare and preventing fairness reversal (right).

welfare, i.e., the acceptance rate of the qualified individuals,
will decrease. Subsequently, reinforcing concealed fairness
constraints leads to less incentivized model design, violating
the principle of incentive alignment (Haghtalab et al. 2020).
Combining the two sides, concurrent approaches on strate-
gic fairness reveal a fundamental dilemma:

Fully public constraints can lead to fairness rever-
sals and exacerbate inequality, while fully private con-
straints risk reducing overall social welfare.

To address this dilemma, we introduce the novel problem
Partial Fairness Awareness (PFA), a trade-off that balances
the extremes of full transparency and privacy in fairness-
aware strategic classification. In PFA, only a candidate set of
fairness constraints is released to agents while the ground-
ing constraint remains concealed. To fill this gap, we de-
sign a belief-guided strategic mechanism, where agents
sequentially interact with the decision system and maintain
a belief distribution over the candidate fairness constraints.
At each round of interaction, the agent selects its optimal
manipulation strategy based on its current belief, and up-
dates the belief distribution with the feedback from the sys-
tem (as shown in Figure 1(c)). As interactions proceed, this
sequential learning process enables the agents to gradually
infer and align with the actual (grounding) fairness con-
straint employed by the system. Our theory and empirical
results demonstrate that this belief-guided mechanism effec-
tively mitigates fairness reversal and improves social group
welfare.

Our main contributions are summarized as follows:
• We conduct a systematic theoretical analysis of the fun-

damental dilemma between public and private disclosure
of fairness constraints in strategic classification. To ad-
dress the limitations of these two extremes, we formulate
a novel problem of Partial Fairness Awareness (PFA).

• To tackle the PFA problem, we design a belief-guided
strategic mechanism, formally modeled via Bayesian
inference. We rigorously prove that, under this mecha-
nism, agents’ beliefs converge to the true fairness con-
straint employed by the system, thereby improving both
group fairness and overall social welfare.

• Extensive experiments on both synthetic and real-world
datasets demonstrate that the PFA mechanism signif-
icantly outperforms conventional approaches based on

fully public or fully private fairness constraints, with re-
spect to fairness, social welfare, and predictive accuracy.

Related Work
Strategic Machine Learning
Strategic classification (Hardt et al. 2016) studies settings
where individuals manipulate their features to influence
model outcomes (Dong et al. 2017; Shavit, Edelman, and
Axelrod 2020; Chen, Liu, and Podimata 2020; Harris, Hei-
dari, and Wu 2021; Zrnic et al. 2021; Tsirtsis et al. 2024;
Lv et al. 2025). Several works address challenges aris-
ing from unknown manipulations or limited agent informa-
tion (Shao, Blum, and Montasser 2024; Ghalme et al. 2021;
Yang et al. 2025a). Recent studies incorporate causal rea-
soning into strategic learning (Miller, Milli, and Hardt 2020;
Chen, Wang, and Liu 2023; Horowitz and Rosenfeld 2023;
Vo et al. 2024; Efthymiou et al. 2025; Chang et al. 2024;
Yang et al. 2025b; Wang et al. 2022, 2023), distinguish-
ing between manipulable and genuinely improvable fea-
tures. This line of work emphasizes how strategic responses
may reflect or distort true underlying qualifications. Relat-
edly, performative prediction (Perdomo et al. 2020; Hardt,
Jagadeesan, and Mendler-Dünner 2022; Hardt and Mendler-
Dünner 2023; Mendler-Dünner, Ding, and Wang 2022; Mo-
fakhami, Mitliagkas, and Gidel 2023) analyzes how predic-
tive models influence the data distribution over time through
repeated deployment. A complementary direction focuses
on promoting social welfare (Haghtalab et al. 2020; Estor-
nell et al. 2023a; Xie and Zhang 2024), designing mecha-
nisms that align agent incentives with collective benefit.

Fairness-aware Strategic Classification
Recent research has examined the complex interplay be-
tween fairness and strategic behavior in machine learning.
Several studies highlight that unequal manipulation costs
can exacerbate disparities even in the presence of fairness
constraints (Hu, Immorlica, and Vaughan 2019; Milli et al.
2019). To mitigate these issues, various methods have been
proposed, such as optimizing classifiers to reduce manipu-
lation costs for disadvantaged groups (Keswani and Celis
2023; Wang et al. 2025) or employing minimax group fair-
ness frameworks (Diana, Sharifi-Malvajerdi, and Vakilian
2024; Zheng et al. 2025). Other work evaluates fairness
through agents’ equilibrium behaviors (Shimao et al. 2025;
Yang et al. 2024; Wang 2025) and explores how incentive
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structures can influence manipulation (Zhang et al. 2022).
Moreover, group fairness constraints may unintentionally re-
sult in fairness reversal when agents strategically modify
their features (Estornell et al. 2023b). Recent efforts also
focus on constructing fairness-aware models that anticipate
manipulation and promote genuine improvement (Alhanouti
and Naghizadeh 2025).

Preliminary
We present the background on strategic machine learning
and social welfare. Throughout this paper, we denote ran-
dom variables by uppercase letters (e.g., X and Y ) and their
realizations by lowercase letters (e.g., x and y). Bold sym-
bols (e.g., x and X) are used for vectors or matrices.

Strategic Classification
The strategic classification problem is modeled as a Stack-
elberg game (Li and Sethi 2017), where a decision maker
defines a classification function f : Rd → {0, 1}, and deci-
sion subjects (agents) strategically manipulate their features
from x to x′ at a cost c : X × X → R≥0 (Hardt et al. 2016;
Miller, Milli, and Hardt 2020). The optimal manipulated fea-
ture x′ is determined by the best-response function br(x):

Definition 1 (Strategic Manipulation).

x′ = br(x) = argmax
x∈D

U(x,x′), (1)

where D denotes the distribution of the agents’ features.
Specifically, the utility function U(x,x′) is given by

U(x,x′) = f(x′)− λc(x,x′), (2)

where f(x′) ∈ {0, 1} represents the classification outcome
under the modified features and c(x,x′) is the cost associ-
ated with modification. And λ > 0 is a trade-off parameter
that balances the classification benefit against the associ-
ated cost.

To mitigate strategic manipulation, the decision rule f ′ is
optimized to maximize expected classification accuracy:

Definition 2 (Decision Optimization).

f ′ ∈ argmax
f∈F

E(x,y)∼D
[
1
(
f(br(x)) = y

)]
, (3)

where F is the set of feasible decision rules, x is the original
feature vector in distribution D, and y is the agent’s label.

Fairness-aware Strategic Classification
In practical applications, strategic classification tasks are of-
ten required to satisfy group fairness constraints to ensure
equitable outcomes for different demographic groups by im-
posing fairness constraints, such as demographic parity, on
the classifier’s decisions:

Definition 3 (Fairness-aware SC). Given fairness metric C
(e.g., demographic parity gap) with group g, the strategic
classifier f is optimized as:

max
f∈F

E(x,y;g)∼D [I(f(br(x; g)) = y)] ,

subject to C(f ;D,G) ≤ δ,
(4)

where C(f ;D, G) quantifies the group fairness gap between
groups in G (the set of all protected groups), and δ controls
the allowable disparity. Moreover, br(x; g) denotes group-
dependent strategic manipulation (best response) for agents
in group g. This dependence on g arises because fairness
constraints may affect groups differently, leading to distinct
strategic manipulations.

Social Welfare in Strategic Classification
While traditional SC models emphasize robustness against
manipulation, they often overlook the possibility that agents
may engage in genuine improvement, that is, modifying their
features in a way that reflects a true enhancement of their
underlying qualification or ability (Horowitz and Rosenfeld
2023; Chen, Wang, and Liu 2023).

In many real-world settings, such improvements are de-
sirable, e.g., a job applicant might complete a relevant train-
ing program to enhance employability. As a result, gen-
uinely improved individuals may be misclassified and re-
jected, thereby discouraging effort and undermining long-
term social welfare. More formally, we present the definition
of social welfare to measure the number of truly qualified
individuals who are accepted by the classifier after strategic
manipulation (Haghtalab et al. 2020; Estornell et al. 2023a).
Definition 4 (Social Welfare). The social welfare W is de-
fined as

W =
∑
i

I(ti ≥ τqual) · I(s(x′
i) ≥ θgi), (5)

where I(·) is the indicator function, ti is the true qualifica-
tion score of agent i, τqual is the qualification threshold, x′

i
is the strategically modified feature vector, s(·) is the classi-
fier’s scoring function that maps features to a decision score,
and θgi is the decision threshold for group gi.

A higher value of W reflects better alignment between
the classifier’s decisions and agents’ true qualifications, and
thus greater societal benefit.

Dilemma of Strategic Fairness
Public Fairness: Reversal Phenomenon
On the one hand, common SC approaches always assume
the public accessibility of the fairness constraints. However,
existing theories already inform that the advantaged group
will utilize the exposure of fairness constraints to further ma-
nipulations, as shown in Figure 2, leading to exacerbated in-
equality (i.e., compounded unfairness):

Acceptance

Baseline 
classifier

Manipulation

Disadvantaged
Fairness 
classifier

cccc

Advantaged 

Acceptance

Public Fairness: Reversal Phenomenon

Figure 2: Illustration of the reversal phenomenon with public
fairness in strategic classification.
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Figure 3: Illustration of reduced welfare: Private fairness
constraints result in the rejection of qualified agents.

Lemma 1 (Fairness Reversal (Estornell et al. 2023b)). Let
f† be a classifier trained to satisfy a group fairness con-
straint (e.g., demographic parity), and let f∼ be a base-
line classifier without a fairness constraint. In the context
of strategic manipulation, the reversal phenomenon occurs,
defined as:

∆fair(f
†,D) > ∆fair(f

∼,D), (6)

where ∆fair(·,D) denotes the fairness gap (e.g., difference
in acceptance rates across groups) measured after strategic
manipulation. That is, f†, though trained to be fair, exhibits
a larger fairness gap than f∼ under agent manipulation.

Private Fairness: Reduced Welfare
On the other hand, a natural question falls in that what if
when the fairness constraints are fully private, without any
exposure to the agents. To address this, we further conduct
an extensive theoretical analysis, informing that concealing
fairness constraints leads to a reduction in social welfare (as
defined in Eq. (5)), despite prior findings (Bent 2019; Mutlu,
Yousefi, and Ozmen Garibay 2022) suggesting potential pro-
tection of group equality:
Theorem 1 (Welfare Reduction with Private Fairness 1). Let
E[Wpublic] and E[Wprivate] denote the expected social welfare
under public and private fairness constraint settings, respec-
tively. Then:

E[Wprivate] < E[Wpublic]. (7)
Remark 1. Such welfare loss illustrates a practical drawback
of private fairness settings, where even well-intentioned
policies can unintentionally exclude qualified candidates
and undermine the incentives for genuine improvement. As
shown in Figure 3, the expected social welfare under private
settings is always less than that under public settings.
Additional Manipulation Costs. Furthermore, when fair-
ness criteria are private, agents struggle to accurately target
the system’s requirements, resulting in inefficient and often
redundant manipulation efforts. This misalignment conse-
quently leads to increased manipulation costs relative to the
public setting.
Proposition 1 (Additional cost with private fairness 2). Hid-
ing group-specific fairness constraints leads to higher ma-
nipulation costs for both advantaged and disadvantaged
groups than disclosing them.

1The detailed proof is included in Appendix A. The supplemen-
tary appendix is available in the arXiv version of this paper.

2The detailed proof is included in Appendix B.
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mechanism set (e.g., Demographic Parity, Equalized Odds,
and Predictive Parity) based on feedback from the decision
system, enabling gradual alignment with the true fairness
constraint.

Partial Fairness Awareness Formulation and
Belief-Guided Mechanism

In this section, we formally define the Partial Fairness
Awareness (PFA) problem in strategic classification, and
present our belief-guided adaptation approach for learning
and decision-making under this setting. We also analyze the
impact of PFA and the belief-guided strategic mechanism on
fairness-aware strategic classification.

Partial Fairness Awareness in Strategic
Classification
To address the fairness dilemma in strategic classification,
we naturally propose the viewpoint that the fairness con-
straints should be partially exposed to the agents, termed
as Partial Fairness Awareness (PFA). To be specific, our
PFA problem only lets agents access the set of possible
fairness constraints (i.e., the information set), while leav-
ing the fact that which constraint is indeed adopted by the
decision-maker unobserved. Therefore, agents have to in-
fer their own belief distributions from interactions with the
decision-maker in the sequential learning process.
Definition 5 (Fairness Mechanism Set). Let M denote the
fairness mechanism set, i.e., the collection of all candidate
fairness constraints the system may employ. The true, but
unobserved, mechanism in effect is denoted by m∗ ∈ M.
For example, M = {None,DP,PP,EO} may represent the
options of no constraint, demographic parity, and equalized
odds, respectively, with m∗ = DP indicating that demo-
graphic parity is adopted by the decision-maker.
Definition 6 (Partial Fairness Awareness). Given a fairness
mechanism set M comprising all plausible group fairness
constraints the system may employ, and the true but un-
known mechanism m∗ ∈ M, the agent’s knowledge is lim-
ited to the set M, not the identity of m∗.

Consequently, based on the fairness mechanism set, we
then define the concept of belief distribution over the fair-
ness mechanism set, featuring the confidence of each agent
in each candidate mechanism:
Definition 7 (Belief Distribution). The belief distri-
bution (probability distribution) is defined as b =
{b(m)}m∈M, where each b(m) represents the agent’s belief
in the fairness mechanism m ∈ M.
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Notably, our sequential setup allows multi-round interac-
tions between agents and the decision-maker, with the time
step denoted as t ∈ [T ]. Hence, in the initial time step, the
agents will have an initial belief in a set of possible mech-
anisms (e.g., b0 = {b(m)

0 }m∈M), and gradually refine this
belief (e.g., bt) in each time step t through repeated interac-
tions and observed decision results via the strategic process
of Belief-Guided Manipulation:
Definition 8 (Belief-guided Manipulation). At each round
t, the agent selects the belief-guided strategic manipulation
with current belief bt, by maximizing expected utility under
fairness uncertainty.

This setup reflects our intuitions spanning over lots of
realistic scenarios, where agents begin with no knowledge
of the system’s internal fairness mechanism and must learn
over time through interaction (as shown in Figure 4).

Belief-Guided Strategic Mechanism for PFA
Within the concepts introduced above, we then detail the
sequential policies of agents in each round, including how
the belief of fairness constraint is updated, and how agents
strategically manipulate based on the current belief.

Belief Initialization. At each round t, the agent maintains
a normalized belief distribution bt = {b(m)

t }m∈M, where∑
m∈M b

(m)
t = 1 and b

(m)
t ∈ [0, 1]. If no prior knowledge

is assumed, the initial belief b0 is set uniformly over M
(e.g., b(m)

t=0 = 0.25 for |M| = 4).

Belief-guided Strategic Manipulation. At the round t,
given the current belief bt, the agent aims to select a feature
modification x′ ∈ X that maximizes their expected utility
for getting favorable results. Formally, the agent solves the
following optimization problem:

x′=argmax
x′∈X

(
Em∼bt

Pf(m)(f (m)(x′)=1)−λ·c(x,x′)
)
,

(8)
where Pf(m)(f (m)(x′) = 1) denotes the estimated probabil-
ity of being accepted by the classifier f (m) under fairness
mechanism m ∈ M, and we use f (m)(x′) = 1 because
agents strategically optimize for acceptance rather than pre-
diction accuracy. The trade-off parameter λ > 0 controls the
agent’s tolerance between acceptance reward and manipula-
tion cost c(·).
Belief Update. After observing the decision feedback yt
for submitted input x′

t, the agent updates its belief over the
mechanism set M. Specifically, we adopt a soft Bayesian
update with exponentiated likelihoods:

b̃
(m)
t+1 =

b
(m)
t ·

(
Pf(m)(yt | x′

t)
)η∑

m′∈M b
(m′)
t ·

(
P
f(m′)(yt | x′

t)
)η , (9)

where η > 0 is a belief update rate controlling how strongly
the agent reacts to new observations. A larger η results in
faster concentration of belief, while a smaller η leads to
more conservative updates.

The whole process of the belief-guided strategic mecha-
nism is illustrated in Algorithm 1.

Algorithm 1: Belief-guided Strategic Mechanism
Require: Fairness mechanism set M; total rounds T ; belief up-

date rate η
1: Initialize agent’s belief b0 over M
2: for t = 0 to T do
3: Strategic Manipulation:
4: Agent selects input x′

t by maximizing expected utility under
current belief bt with Eq. (8)

5: Agent submits x′
t and receives decision feedback

6: Belief Update:
7: for each m ∈ M do
8: Update temporary belief b̃(m)

t+1 using Eq. (9)
9: end for

10: end for
11: return Final belief distribution bt=T

Remark 2. The belief update step is formulated as a
Bayesian update, where the likelihood Pf(m)(yt|x′

t) repre-
sents the probability of observing the feedback yt under each
candidate mechanism m.

Theoretical Analysis
As the agent interacts with the decision system and updates
beliefs, provided that the candidate mechanisms in M are
statistically distinguishable, the agent’s belief distribution bt

is guaranteed to converge to the true mechanism m∗. There-
fore, we have the following theorem with the proof and con-
vergence rate analysis provided in Appendix C.
Theorem 2 (Belief Convergence). Suppose the true mecha-
nism is m∗ ∈ M, and each alternative m ̸= m∗ is statisti-
cally distinguishable based on observed feedback. Then, for
any ϵ > 0, there exists T > 0 such that:

b
(m∗)
t > 1− ϵ, with t > T. (10)

Consequently, our PFA framework simultaneously ad-
dresses two key challenges in strategic classification: it pre-
vents the immediate exploitation of group-specific fairness
constraints (thus reducing fairness reversal), and it enables
agents to gradually adapt via feedback, increasing the accep-
tance of truly qualified individuals and improving long-term
social welfare. These advantages are formalized below.
Theorem 3 (Fairness Gap Reduction under PFA 3). Given
the fairness gap metric ∆fair (e.g., the difference in true posi-
tive rates or acceptance rates between protected and advan-
taged groups). Let E[∆PFA

fair ] and E[∆Public
fair ] be the expected

fairness gaps under the Partial Fairness Awareness (PFA)
and fully public fairness mechanisms, respectively. Then,

E[∆PFA
fair ] < E[∆Public

fair ]. (11)

Theorem 4 (Improvement of Social Welfare under PFA).
Let WPFA and WPrivate denote the expected social welfare
achieved under the PFA and private fairness settings, re-
spectively, defined as the expected sum of qualified agents
accepted minus the cost of manipulation. Then,

E[WPFA] > E[WPrivate], (12)

3The proofs of Theorems are included in Appendices D and E.
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Figure 5: Performance of demographic parity gap on different real-world and synthetic datasets.
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Figure 6: Performance of social group welfare on different real-world and synthetic datasets.

where the expectation is over agents’ sequential learning
and adaptation dynamics.

DP Gap(%) t = 5 10 15 20 30 40

η = 0.01 0.170 0.172 0.175 0.182 0.186 0.188
η = 0.05 0.173 0.178 0.182 0.189 0.192 0.192
η = 0.1 0.181 0.183 0.186 0.190 0.193 0.193
η = 0.5 0.182 0.185 0.189 0.193 0.195 0.196

Table 1: Performance of demographic parity gap for differ-
ent learning rates η with rounds T .

Welfare(%) t = 5 10 15 20 30 40

η = 0.01 0.545 0.552 0.562 0.568 0.573 0.573
η = 0.05 0.550 0.561 0.568 0.573 0.580 0.581
η = 0.1 0.553 0.566 0.572 0.581 0.588 0.590
η = 0.5 0.561 0.578 0.585 0.589 0.596 0.597

Table 2: Performance of the group welfare (%) for different
learning rates η with rounds T .

Experiment
Experimental Setup
Datasets. We evaluate our framework on four datasets, i.e.,
three real-world datasets and one synthetic benchmark:
• Credit (Yeh and Lien 2009): Credit card default predic-

tion based on financial records, using gender as the sen-
sitive attribute.

• Adult (Becker and Kohavi 1996): Income classification
from census features; gender is used as the protected at-
tribute.
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Figure 7: Ablation experimental results of the belief initial-
ization distribution.

• Diabetes (Teboul 2015): A medical dataset containing
clinical and demographic attributes used to assess the risk
of diabetes, using gender as the sensitive attribute.

• Synthetic (Lopez-Rojas, Elmir, and Axelsson 2016):
Simulated mobile transaction data for fraud detection,
with group membership as the sensitive attribute.

Metrics. We report fairness metrics and the group welfare
metric. In fairness metrics, we mainly use the DP (demo-
graphic parity) Gap, but also employ EO (equalized odds)
gap and PP (predictive parity) gap for more comprehensive
evaluation.

• DP Gap measures the disparity in acceptance rates
across groups:

DP Gap = |P(ŷ = 1 | g = A)− P(ŷ = 1 | g = B)| , (13)

where lower values indicate better statistical parity.
• Group welfare, defined as in Eq. (5), measuring the ac-

ceptance of truly qualified individuals across groups.

Fairness Settings. We compare three fairness strategies:
(i)public fairness, where group-specific constraints are fully
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Figure 8: Ablation experimental results of the belief initial-
ization distribution.

disclosed to agents. (ii)private fairness, where all con-
straints are hidden and agents assume a single threshold.
(iii) Partial Fairness Awareness, where agents gradually
learn the underlying mechanism from decision feedback
over multiple rounds.
Baseline. All mechanisms use the same linear classifier and
Mahalanobis distance for manipulation cost (Gavish et al.
2021), ensuring only the transparency level differs. To evalu-
ate alignment between classifier decisions and agent qualifi-
cation, we use the strategic improvement framework (Miller,
Milli, and Hardt 2020; Chen, Wang, and Liu 2023). The ex-
perimental results are presented in Figures 5 and 6.

Implementation Details
All experiments are implemented in Python 3.10 using the
scikit-learn library for linear classifiers. The manipulation
cost is computed as the Mahalanobis distance (Gavish et al.
2021), consistent across all settings. For PFA, belief up-
dates use a multiplicative weights algorithm with learning
rate η = 0.002. Each agent interacts with the classifier for
up to T = 40 rounds. All experiments are conducted on a
single NVIDIA TITAN V (12GB) GPU. More details and
experimental results are provided in Appendix F.

Ablation Study
To investigate the effect of belief-guided learning in PFA, we
conduct two ablation studies as follows. Unless otherwise
stated, all other parameters are fixed as above.
Belief Update Rate. We vary the belief update rate η in
{0.01, 0.05, 0.1, 0.5} to evaluate its effect on convergence
and adaptation stability. Beliefs are initialized uniformly
over the candidate mechanism set M, and agents interact
for T = 40 rounds. Results are in Tables 1 and 2.
Initial Belief Distribution. To assess robustness to prior
knowledge or bias, we experiment with non-uniform ini-
tial beliefs, including strong priors (e.g., EO-biased b

(EO)
t=0 =

0.51) and random weightings across M. All other settings
remain constant. Results are summarized in Figure 7.

Result Analysis
Main Results. Figure 5 summarizes the group fairness
outcomes under different mechanisms, as measured by the
Demographic Parity (DP) gap, across four representative
datasets. Consistently, the PFA (ours) method achieves a
markedly lower group-fairness gap compared to the pub-
lic fairness. Notably, this improvement is robust across both

real-world datasets (Adult, Credit, Diabetes) and the syn-
thetic benchmark. As the number of interaction rounds in-
creases, the DP gap for PFA remains stable and does not
exhibit the sharp increases seen under Public or No Fairness
settings, especially after T > 20, indicating strong resis-
tance to fairness reversal. These findings provide empirical
validation for Theorem 3.

Figure 6 further illustrates the corresponding dynamics
of social group welfare under the same settings. Here, the
PFA (ours) not only matches but often surpasses the wel-
fare attained by the Public baseline, particularly in multi-
ple rounds. In all datasets, social welfare improves steadily
with additional rounds of interaction under PFA. This trend
confirms that PFA enables agents to adapt their behavior in
alignment with both fairness and qualification, effectively
mitigating the typical welfare loss associated with private
fairness constraints. These observations support Theorem 4.

As illustrated in Figure 8, we examine the evolution of
agent beliefs under different initializations. In all cases, the
belief distribution quickly converges toward the true fair-
ness mechanism (DP) adopted by the jury, regardless of the
initial setting. This empirical result aligns with Theorem 2,
confirming that agents can reliably recover the underlying
mechanism after a moderate number of interaction rounds,
even when starting from a uniform or biased prior.
Ablation Results. The ablation studies evaluate the sensi-
tivity of the PFA framework to two key factors: the belief
update rate η and the initial belief distribution. As shown in
Tables 1 and 2, intermediate learning rates (η = 0.05 or 0.1)
achieve the best balance, yielding both low group fairness
gaps and high social welfare. In contrast, very small learn-
ing rates slow down convergence, while overly large rates
can introduce instability and degrade early performance.

Figure 7 further examines the effect of varying initial be-
lief distributions. Despite some transient fluctuations in fair-
ness metrics and welfare during early rounds, the belief con-
sistently converges to the correct fairness mechanism and
achieves comparable welfare across all settings. These find-
ings demonstrate the robustness of the belief-guided mecha-
nism to prior uncertainty in the initial belief distribution.

Overall, these results demonstrate that the PFA strikes a
favorable balance between fairness and social welfare, main-
taining equity across groups while supporting qualified indi-
viduals.

Conclusion
This work formulates the Partial Fairness Awareness (PFA)
problem, addressing the fundamental trade-off between pub-
lic and private fairness settings in strategic classification.
To solve this problem, we develop a belief-guided strategic
mechanism that enables agents to update their belief distri-
bution of the fairness mechanism set based on feedback from
the decision system. Theoretical analysis and experimental
results on real-world and synthetic datasets demonstrate that
PFA effectively mitigates fairness reversal and enhances so-
cial welfare in strategic machine learning. Future directions
include extending PFA to multi-class settings and adapting
to dynamic environments.
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