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ABSTRACT

We study the intersection of machine unlearning and algorithmic
fairness in high-stakes decision-making systems. While recent ad-
vances in unlearning focus on removing the influence of specific
datapoints from trained models, little is known about how such
procedures interact with fairness constraints—particularly when
forgotten datapoints contribute to equitable outcomes. In this paper,
we propose a principled variational framework for fair unlearning,
which balances three competing objectives: (1) forgetting specific
datapoints, (2) preserving fairness across protected groups, and (3)
maintaining proximity to the original model via KL-regularization.
We show that forgetting subgroups can reduce fairness, and visual-
ize this trade-off via a Pareto frontier.
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1 INTRODUCTION

As machine learning systems are increasingly deployed in high-
stakes domains, two demands have emerged: the ability to unlearn
specific datapoints upon request, and the enforcement of algorith-
mic fairness with respect to protected attributes. The right to be
forgotten, as formalized in regulations like the GDPR [16], requires
the removal of personal data from automated systems. Meanwhile,
fairness concerns have led to a growing literature on mitigating
bias in model predictions [1, 2, 5, 10]. These goals can be in tension:
removing data points—particularly from marginalized groups—may
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undo fairness guarantees. Yet current unlearning methods [4, 8]
largely ignore fairness, focusing instead on utility or privacy.
Our contributions are:

e We propose a variational unlearning framework that inte-
grates fairness constraints during forgetting.

e We apply our method to the Adult Income dataset [6], fo-
cusing on the effect of forgetting datapoints from protected
subgroups.

o Our findings highlight the importance of jointly optimizing
unlearning and fairness to ensure responsible model behav-
ior.

2 FAIR VARIATIONAL UNLEARNING

We consider a Bayesian setting where the original model is trained
on dataset D, and a subset # C D must be unlearned. The goal is
to construct a new posterior q(6) that (i) minimizes the influence
of ¥, (ii) preserves fairness under a group-level criterion such as
demographic parity, and (iii) stays close to the original posterior
qo(0) for stability and certifiability.

2.1 Variational formulation

Let L#(0) denote the (negative) log-likelihood on the forget set,
and let Fp,;, (6) be a differentiable penalty capturing fairness vio-
lations (e.g., squared demographic parity gap [9, 10]). Following
prior work on variational unlearning [4, 8, 12], we define the fair
unlearning posterior via a constrained optimization:

q(0) = arg;neig KL(q [l g0) = A1 Eq[ LF(6)] +A2 Bq[Fair (6) ], (1)

where A1, A3 > 0 control the strength of forgetting and fairness con-
straints. This generalizes standard variational inference objectives
[3, 17] by including a fairness penalty and negative influence term

on F.

2.2 Stability-Fairness Guarantee

We provide a bound on how much fairness and loss metrics can
change due to unlearning-induced posterior shift. This is based on
transportation inequalities between KL divergence and Wasserstein
distances [14, 15]:

THEOREM 2.1. Let Fpyjr and Liest be Ly and Lygss-Lipschitz in

0, respectively. Suppose q satisfies KL(q || qo) < ¢, and qq is strongly
log-concave with variance proxy o*. Then:

|Eq [Liest(0) + AZﬁair(Q)] - qu [” < (Lloss+AZLfair)' V2ole. (2
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Figure 1: Evolution of losses when 1, = 0 (with A; = 1 and K = 10). In particular, the DP gap increases.

This generalization bound ensures that as long as the new posterior
q stays close to qo, the model’s performance and fairness will not de-
grade significantly. This aligns with recent concerns in unlearning
research about certifiability and minimal retraining [7, 11].

3 ALGORITHM

We optimize the fair unlearning objective using stochastic varia-
tional inference, assuming a Gaussian posterior q(6) = N (i, X).
The algorithm uses Monte Carlo sampling to estimate gradients:

Algorithm 1: Fair Variational Unlearning

Input: Original posterior qo, forget set ¥, retained set R,
fairness penalty iy
Output: Updated posterior g
1 Initialize p « po, log o « log /diag(Z)
2 fort=1toT do
3 Sample K points 6 ~ N (y, 62)
4 Compute forget loss: £ «— # Y —log p(F | 6k)
5 Compute fairness penalty: f « Il( Dk Frair (O)
6 Compute KL divergence KL(q || go) in closed form
7 Take gradient step on:

L=KL(gllqo) +A1- £+ 22~ f

4 NUMERICAL RESULTS

We evaluate our method on the Adult Income dataset [6], using
logistic regression with a Gaussian variational posterior. We define
fairness via the demographic parity gap and conduct unlearning
experiments where we remove 100 datapoints belonging to a pro-
tected group (e.g., females).

Demographic Parity Gap. We define the demographic parity gap
as the absolute difference between group-wise positive prediction
rates: DP Gap(0) = |E[fp(X) | A=0] —E[fp(X) | A =1]|. This
serves as a fairness penalty F,;;(6) in our unlearning objective.

Trade-off Analysis. Figure 1 shows the trade-off between fairness
and forgetting across different ;. As fairness constraints tighten
(increasing 1), the model becomes more equitable but fits the forget

set better—demonstrating a concrete trade-off between fairness and
deletion effectiveness. We further plot the demographic parity gap
as a 3D surface over the (A4, A2) grid (Figure 2), confirming that
fairness loss increases predictably with stronger forgetting.

Interpolated DP Gap Surface
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Figure 2: Pareto surface showing the trade-off between for-
getting and fairness.

Key Insight. Removing fairness-supporting data can significantly
increase demographic disparity.

5 CONCLUSION

We presented a variational framework for machine unlearning that
incorporates fairness constraints. Our experiments show that forget-
ting subpopulations—especially those from protected groups—can
significantly increase demographic disparities. By sweeping fairness
and forgetting penalties, we revealed concrete trade-offs between
equitable outcomes and deletion fidelity.

Our findings highlight the importance of integrating fairness con-
siderations directly into unlearning objectives (and broader frame-
works [13]). While our approach offers a principled starting point,
there remains substantial work to be done: extending this frame-
work to deep models, other fairness definitions, and real-world
unlearning requests will be critical for deploying truly responsible
ML systems.
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