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Abstract

Machine unlearning, as a post-hoc processing technique, has
gained widespread adoption in addressing challenges like
bias mitigation and robustness enhancement. However, ex-
isting non-privacy unlearning-based solutions persist in using
a binary data removal framework designed for privacy-driven
motivation, even when repurposed for fairness or robustness
improvements. This leads to significant utility loss, a phe-
nomenon known as “over-unlearning”. While over-unlearning
has been largely described in many studies as primarily caus-
ing utility degradation, we investigate deeper insights in this
work through counterfactual leave-one-out analysis. Based on
insights, we introduce a soft weighting strategy that assigns
tailored weights to each sample by solving a convex quadratic
programming problem analytically, which enables fine-grained
model adjustments to address the over-unlearning. We demon-
strate that the proposed soft-weighted scheme can be seam-
lessly integrated into most existing unlearning algorithms.
Extensive experiments show that in fairness- and robustness-
driven tasks, the soft-weighted scheme significantly outper-
forms hard-weighted schemes in fairness/robustness metrics
and alleviates the decline in utility metric, thereby enhancing
unlearning algorithm as an effective correction solution.

1 Introduction

Modern machine learning (ML) models benefit greatly from
the quantity and quality of the training data they are built
upon. As a recent advancement, machine unlearning, origi-
nally conceived as a privacy-preserving mechanism to com-
ply with data protection regulations’ “right to be forgotten” by
allowing users to remove personal data from models, has sig-
nificantly broadened its scope. Beyond its privacy-oriented
motivation (Wang et al. 2025a), machine unlearning, as a
post-hoc technique, has recently addressed broader practical
concerns in trained models through efficient data removal,
e.g., correcting bias (Chen et al. 2024b; Oesterling et al. 2024)
and mitigating the detrimental effects (Liu et al. 2022; Wang
et al. 2025b; Li et al. 2024; Kurmanji, Triantafillou, and Tri-
antafillou 2024). These provide a fast way to edit a trained
model without prohibitively expensive process of retraining
from scratch, catalyzing a paradigm shift in methodologies
to address critical challenges beyond privacy concerns.
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However, influenced by the inertia of prior research rooted
in privacy-centric considerations, these traditional methods
solving non-privacy challenges operate under a binary frame-
work: data is to remove or not to remove, which we refer to
as a hard-weighted unlearning framework in this paper, char-
acterized by the complete elimination of undesired data influ-
ences. This framework, while suitable for stringent privacy
requirements, presents significant limitations when address-
ing more complex non-privacy-oriented challenges in mod-
ern ML systems, where the objective has transformed from
regulatory-mandated data deletion to tasks such as enhancing
model fairness, adversarial robustness, and generalization.

Specifically, the hard-weighted unlearning framework in-
troduces several critical challenges: potential overcorrection,
significant information loss, and compromised model general-
ization, collectively defined as over-unlearning by numerous
studies (Hu et al. 2024; Chen et al. 2024a). The binary nature
of hard-weighted decisions leads to suboptimal outcomes,
particularly when dealing with complex objectives. We illus-
trate it concretely as evidence in Figure 1, where we trained
a model on the CelebA face recognition dataset (Liu et al.
2015) (See Appendix B.4 for the results of other datasets) and
analyzed the performance of leave-one-out (LOO) models ob-
tained by removing each sample individually. Specifically, we
evaluated changes in the following metrics as the differences
between their post-removal and pre-removal values: fairness,
quantified by Demographic Parity (Dwork et al. 2012); ro-
bustness, quantified by loss on perturbed datasets (Megyeri,
Hegediis, and Jelasity 2019); and utility (generalization), de-
termined by the loss on the test set. These results allowed us
to uncover the underlying causes of over-unlearning:

(1) Detrimental samples (negative score in fairness/robust-
ness) removal does not necessarily lead to utility improve-
ments. The red-highlighted samples in Figure 1 indicate that
removing the most biased (vulnerable) samples (top figure)
does not lead to accuracy gains (bottom figure).

(2) Borderline samples (score near 0 in fairness/robustness)
are treated equivalently to highly detrimental samples by
unlearning algorithms. Borderline samples in Figure 1 do
not significantly affect model bias or vulnerability. However,
in hard-weighted frameworks, such as gradient ascent algo-
rithms (Jia et al. 2023), these samples are treated uniformly
in an attempt to remove the most biased (vulnerable) ones,
which can lead to excessive unlearning of borderline samples.
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Figure 1: Actual Changes in Utility and Fairness/Robustness
on CelebA for each sample’s leave-one-out model. The X-
axis represents represents sample indices sorted by fairness
(left) or robustness (right) metrics. The Y-axis for Fairness
(Robustness) displays changes in demographic parity (adver-
sarial loss) on the test set, with negative values indicating
improved fairness (robustness) and positive values indicating
reduced fairness (robustness). The Y-axis for Utility shows
changes in test loss, with negative values indicating improved
utility. Scatter points marked in Red indicate samples where
fairness or robustness improves, but utility declines.

For instance, it may cause borderline samples to be flipped
to unprivileged groups, resulting in opposite biases.

(3) Most of the samples with negative influence are main-
tained in remain dataset. Approximately 70-75% of samples
with values below 0 in Figure 1 exacerbate bias and vulnera-
bility. However, existing algorithms for improving fairness
and robustness (Chen et al. 2024b) remove a small subset
(e.g., 20%) and struggle to support further deletions.

In this paper, we take the first step in addressing the chal-
lenge of over-unlearning when applying machine unlearning
to improve fairness and robustness. We use influence func-
tions as a tool, enabling the interchangeable use of various
influence-based methods, and extend their applicability to a
wider range of domains and scenarios, such as adversarial
robustness. The key difference lies in our departure from
the binary removal scheme inherited from privacy-driven
motivations, instead granularly modeling an optimization
that allocates weights to each data. We theoretically and em-
pirically demonstrate enhanced performance on target tasks
while improving utility. Our main contributions are:

e We introduce the weighted machine unlearning framework
in §4.1, a refined solution to address the over-unlearning
challenge, with the weights through solving a convex
quadratic programming problem in §4.2.

o We theoretically demonstrate in §4.3 that the problem is
feasible by the existence of a weight vector enabling fair-
ness or robustness improvement while preserving utility.

e We empirically show in §5 that the proposed framework
significantly boosts the performance of most existing algo-
rithms in fairness/robustness tasks as well as utility, with
only a few seconds of additional time overhead.
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2 Related Works

Machine Unlearning, including recent cutting-edge meth-
ods such as (Kurmanji et al. 2023; Goel, Prabhu, and Ku-
maraguru 2022; Chen and Yang 2023), is claimed to address
challenges beyond its original privacy concerns (Ding et al.
2025; Cui, Ding, and Cheung 2025), e.g., tackling issues like
debiasing or enhancing robustness in well-trained models.
These methods typically follow a paradigm where data to be
forgotten is provided through deletion requests, after which
the unlearning process is executed. These algorithms require
prior knowledge to identify which data needs to be forgot-
ten. (Chen et al. 2024b; Zhang et al. 2023) thus advanced
an “Evaluation then Removal” framework, utilizing influence
functions (Koh and Liang 2017) for model debiasing. By
using influence functions, the framework can first estimate
the subset of data most responsible for model bias or vul-
nerability, thereby resolving the challenge of identifying the
forgetting subset and subsequently unlearning undesired data.
Furthermore, despite existing work exploring the fairness
and robustness of unlearning methods, e.g., (Oesterling et al.
2024; Chen et al. 2024c; Tran and Woo 2025; Sheng, Bao,
and Ge 2024; Dige et al. 2024), these approaches focus on en-
hancing the fairness and robustness of unlearning algorithms
themselves, rather than leveraging unlearning for fairness
(Chen et al. 2024b) and robustness (Huang et al. 2025) tasks.
Fairness, and related ethical principles are crucial in ML
research. Most methods for addressing unfairness rely on
the concept of (un)privileged groups, which are dispropor-
tionately (less) likely to receive favorable outcomes (Wen
et al. 2025). Fairness definitions in the literature focus on
either group or individual fairness. Group fairness compares
outcomes across groups but may harm within-group fair-
ness, while individual fairness, such as counterfactual fairness
which requires generating counterfactual samples, aims to
ensure fairness across individuals (Hutchinson and Mitchell
2019). As pointed out in (Caton and Haas 2024), fairness
notions are often incompatible and have limitations, with no
universal metric or guideline for measuring fairness (Klein-
berg et al. 2018). Our study does not compare different fair-
ness definitions but instead focuses on succinctly quantifying
fairness using group fairness metrics, including Demographic
Parity (DP) (Dwork et al. 2012) and Equal Opportunity (EOP)
(Hardt, Price, and Srebro 2016), which are widely adopted in
ML contexts (Chhabra et al. 2024).

Robustness, or in other words, the vulnerability of ML model
predictions to minor sample perturbations (Eykholt et al.
2018), is another key aspect of ML research. In this paper,
we focus on the influence of data on robustness. A related
work (Xiong et al. 2024) summarizes the effects of data on
adversarial robustness and highlights how to select data to
enhance robustness. Similar to (Chhabra et al. 2024), we
explore a white-box attack strategy to craft adversarial sam-
ples (Megyeri, Hegediis, and Jelasity 2019) targeting a linear
model, which can be extended to methods such as FGSM
(Goodfellow, Shlens, and Szegedy 2015) and PGD (Madry
et al. 2018). We quantify robustness as performance under
adversarial attacks, referred to as perturbed accuracy, which
is distinguished from utility known as standard accuracy.



3 Preliminaries

Let ¢(z;0) be a loss function for a given parameter 6 over
parameter space © and sample z over instance space Z. The
empirical risk (ER) minimizer on the training dataset D=
{zi=(x;,y:) }_ is given by f =arg mingco %Z?Zlé (24;0).
For the ER that is twice-differentiable and strictly convex!
in parameter space O, we slightly perturb the sample z; by
reweighting it with weight ¢; € R, leading to:

0(z;;€;) =argmin —

min (£ 0)+ei6 (2530) . (D

=1

Lete; =—1 give é(zj; —1), the ER minimizer trained with-
out sample z;, and clearly, 9:0(,2]-; 0). Hence, using influence
function (Koh and Liang 2017) can efficiently capture model
parameter change through a closed-form update:

A A 1 A
0(2:=1) = 0(z;;0) = —H;'Voll(z;0), ()
where H; dﬁf% SO V20(2;,6) is the Hessian matrix. See
more details in Appendix A. For a function f of interest,
e.g., utility (generalization), fairness or robustness metrics,
the actual change of function f is expressed as Z*(z;; €) =

f(6(z;;€))— f(0), which can be efficiently estimated by:
Utility: Zya(zj;—1) = .o/ Vol(20) H;'Vol(256),
which reflects the loss change in the validation set 7, where a
negative value indicates better generalization in model trained
without z;, while a positive one suggests z; is detrimental.

Fairness: Zp,i:(z;;—1) = Vo frir(T; é)THOTlVQK(zj; é)
Sraie(T5 é) is instantiated by the fairness metrics in the vali-
dation set 7. Specifically, consider binary sensitive attribute

g € {0, 1} and the predicted class probabilities ¢. The group
fairness metrics, i.e., demographic parity (DP) can be quanti-
fied by fop(T30) = [E7[g | g = 0] —E7[j | g = 1]|, while
equal opportunity (EOP) can be quantified by frop(7;60) =
[Er[e(=:6) | g = Ly = 1] — Er[€(:6) | g = 0,y = 1]|.
Moreover, we adopt common surrogate functions (Chhabra
et al. 2024) to make the above metrics differentiable. Simi-
larly, a negative value indicates a lower fp,;(7; ) on a model
trained without sample z;, implying improvement in fairness.

Robustness: Zyopusi (25; —1)=) 7 Vol (Z; é)THQTl Vol(zj; 9)

For a perturbed dataset 7 with adversarial sample 7 =
I8 .

z—~2 éing crafted from sample z € T, where 6 denotes

a linear model, b € R is intercept, and v > 1 controls the

magnitude of perturbation. Since the decision boundary is a

hyperplane, adversaries can change the prediction by adding

'While theoretical analysis of influence functions is intractable
for non-convex models, they remain effective in practice. Follow-
ing previous influence-function-based works (Guo et al. 2020), we
compute the influence of each sample solely on the last layer to en-
sure convexity. (Kirichenko, [zmailov, and Wilson 2023) also shows
that last-layer retraining can match state-of-the-art group robustness
(see also (Izmailov et al. 2022; Qiu et al. 2023; Rudner et al. 2024)
for follow-up works) and fairness (Schrouff et al. 2024; Welfert,
Stromberg, and Sankar 2024; Tran and Woo 2025). Consequently,
this allows our method to generalize to arbitrary neural networks.
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perturbations to move each sample orthogonally. A negative
value of Zyghus (2;; —1) indicates a lower fropust(7;60) on a
model trained without z;, implying improvement in robust-
ness; conversely, a positive one indicates detrimental effect.

Previous machine unlearning methods (Chen et al. 2024b;
Huang et al. 2025) for improving fairness and robustness
typically follow two steps: (i) compute Zp(2;;—1) or
Trobust(zj; —1) to estimate each sample’s impact and select a
forgetting set based on these values; (ii) unlearn the forgetting
set using Equation (2). However, as shown in Figure 1, such
hard removal may cause significant utility degradation. To ad-
dress this, we introduce a fine-grained unlearning framework
to improve the target metric without utility loss in §4.

4 Methodology

We first introduce the weighted influence functions in
§4.1, analytically deriving the weights by solving a convex
quadratic programming problem in §4.2. This foundation en-
ables fine-grained model adjustments through a soft-weighted
unlearning framework in §4.3. We then highlight its broad
applicability with diverse unlearning paradigms in §4.4.

4.1 Step 1: Weighted Influence Function
As in prior machine unlearning studies (Chen et al. 2024b;
Zhang et al. 2023), we begin by estimating each sample’s
influence on model fairness and robustness. Distinct from
these approaches, we further assess the utility influence of
each sample. Moreover, rather than assigning a binary weight
€ = -1 (forgetting set) or 0 (remaining set) in Equation (1), we
introduce a weighted influence function defined as follows:
o Weighted Influence Function on the Utility Metric:
Tuit (25 €5) = —¢; Z Vol(z; H)THQTIVM(ZJ»; 0). (3
z€T
o Weighted Influence Function on the Fairness Metric:

Ioeror (25 € )=—€;Vo forreor(T; é)THgl Vol(z;6). (4)
o Weighted Influence Function on the Robustness Metric:
robust (255 €5) = —€; Z Vol (Z; é)THé_lVQE(Zj; é) 5)
zeT
Note that for each of the above functions, Z(.y (zj;¢;) =
—¢;Z(.y (z;; —1), where ¢; is not binary (¢ = —1 or 0), but
can be optimized based on Z.y (z;;—1).

4.2 Step 2: Weights Discovery via Optimization
The goal is to discover € that ensure the model’s utility is
not adversely affected by the unlearning algorithms across
different tasks, colloquially, mitigating over-unlearning. We
formulate it as a convex quadratic programming problem:

minimize szelric (Zi; €i> + )‘HeH%’ (6a)

i1
subject to szetric (zi5€1) > —A, (6b)
i1
> Tt (zi56) < 0. (6¢)
i1



In Equation (6a), depending on the target task, the first term
Tinewic (2i; €;) represents either Zgyir (25 €;) OF Lropust (245 €:)-
The second term seeks to penalize changes in the weights €,
ensuring that perturbations remain infinitesimal. In the first
subjective Equation (6b), A quantifies the current model’s
fairness frir (7 ; 9) or robustness .+ Vpl(Z; )" . The con-
straint —A provides a lower bound to prevent over-correction,
which could lead to reverse bias or vulnerability. The second
subjective Equation (6¢) ensures that the resulting weights
preserve the model’s utility without compromise. Based on
this problem formulation, one can either employ a linear
solver (e.g., Gurobi (2024)) or analytically derive a closed-
form solution to obtain the optimal set of weights.

Tneic/ (2X), Cond. 1,

A/|Tmetsic|” - Tmetric Cond. 2,

€= (Imetric*(l—rzetriczutil)/ﬂum|2 - Zuir)/(2X), Cond. 3,

A(|Zuit *Zmetric — TersieLuirLuit)
|ImetriC‘2‘Iutil|2 - (IT Iutil)2

metric

, Cond. 4.

7
Where Z(y=(Z(y (215 —1) -+ . Z() (2n; —1))T for samples
{#i}7_,. See Appendix A.2 for conditions (cond.) and details.

4.3 Step 3: Weighted Model Unlearning

Given the aforementioned optimization yielding weights €*,
the influence function based unlearning algorithm can be
updated in the following closed-form expression:

A A 1 A
0(D;e”) —0(D;0) ~ —— > eH'Vol(z:0).  (8)
i€D

For the majority of classification models, Equation (8) can
efficiently update the non-convex model’s convex surrogate,
i.e., by treating the earlier layers as feature extractors and
updating the last fully connected linear layer, and its effective-
ness has been demonstrated in many studies, such as, (Chen
et al. 2024b; Chhabra et al. 2024; Guo et al. 2020; Koh and
Liang 2017). Nevertheless, for generative models, the strate-
gies outlined in the footnote of §3 may not be as effective. As
a result, a more practical approach to updating the model is
to use a diagonal matrix oI with a constant ¢ to approximate
the inverse of Hessian, and scaling it by the gradient variance

as é(zj; €;) fé(zj;()) ~ f%’al - Vgl(z;0). The constant
o /n can be interpreted as step size 7 and estimate 6(z;; €;)
through multiple update steps indexed by ¢,

Orv1(25;€5) — 01(2550) = —€; - Vol(25;0).  (9)
As can be seen in Equation (9), this establishes a connection
between first-order and second-order unlearning algorithms.
This suggests that the soft-weighted scheme can be naturally
extended to other gradient-based unlearning methods, e.g.,
fine-tuning and gradient ascent algorithms, which are cur-
rently cutting-edge methods in both LLM unlearning (Jang
et al. 2023; Yao, Xu, and Liu 2023; Zhang et al. 2024c) and
non-LLM unlearning (Kurmanji et al. 2023). We empirically
demonstrate that soft-weighted scheme can also be effec-
tively applied to other heuristic unlearning algorithms, such
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as Fisher (Golatkar, Achille, and Soatto 2020a) or Teacher-

Student Formulation (Kurmanji et al. 2023). Please refer to

Appendix A.3 for details of the soft-weighted version of

machine unlearning algorithms.

To justify the effectiveness, we conduct a theoretical anal-
ysis showing that soft reweighting improves model fairness
and robustness while preserving utility, i.e., optimizing the
weights €; to ensure fairness » .-, Zpyir(2;; €;) or robustness
S Leobust (245 €;), without cost of utility > | Zui (24 €):
Theorem 1 (Fairness—Utility Pareto Improvement). Let
G = (Vol(z1;0), - ,Vol(2,;0))T be the Jacobian matrix
of per-sample loss gradients on the training samples {z; }1_.
If all of the following three conditions are satisfied,

1. Linear Independence. The gradient of the fairness metric,
Vo ftair (T é) € RY, and the gradient of the utility metric,
> e Vol(z; 0) € R, are linearly independent in RY.

2. Influence Function Validity. Standard convexity condi-

tions for influence-function analysis are satisfied.
3. Full Column Rank. The rank of G rank(G) = d.

then there exists weights € = (e1,...,¢,) | € R" such that

n n
szair(zl‘; €) <0 and ZIum(zi; €) <0.
i=1 i=1

Justification. Condition 2 in Theorem 1 holds automati-
cally when 6 denotes the parameters of a convex model or
network’s last layer, even if the model is non-convex. Condi-
tion 3 almost surely holds by computing sample influence on
a convex model or network’s last layer, provided that n > d
and the samples are sufficiently diverse.

See Appendix A.4 for the detailed proof. Notably, the
target task is not restricted to fairness; it also encompasses
robustness and can extend to other criteria. In this paper, we
focus on fairness and robustness tasks and present results for
both. We now formally state the robustness below.

Corollary 2 (Robustness—Utility Pareto Improvement).
If all of the conditions of Theorem 1 hold except that con-
dition (i) is replaced by linear independence between the
robustness gradient ) .+ Vol(Z; 0) and the utility gradient

> e Vol(z; 0), then there exist weights € such that

n n

D Topust(zisei) <0 and Y Tua(zijei) < 0.

i=1 i=1
Remark 1. The conditions in Theorem I are mild and gener-
ally hold for any convex model or the last layer of non-convex
model. In contrast to privacy-driven unlearning, which re-
quires entirely removing a sample’s influence from the overall
model, our objective is less stringent: since we do not seek to
fully erase the sample’s effect, it suffices to estimate influence
and update only on the last layer, as justified in §3’s footnote.
Remark 2. Theorem I implies that evaluating per-sample
influence through influence functions ensures the feasibility
of the aforementioned optimization problem. This desirable
outcome aligns with the concept of the Pareto Improvement.
As a result, when followed by appropriate reweighting during
the unlearning process, this approach allows downstream
tasks (e.g., fairness or robustness) to benefit from machine
unlearning algorithms without degrading utility.



Algorithm 1: Soft-Weighted Unlearning Framework

Input: Model é, Training Dataset D, Validation
Dataset 7, Adversarial Samples Z€T

# Step 1: Influence Evaluation.

for each sample z; € D do
Evaluate influence of z; on validation set;
Utility: Zya (2:; —1) < Equation (3).
Fairness: Zp, (2;; —1) + Equation (4).
Robustness: Zigpust (2:; —1) < Equation (5).

end

# Step 2: Weights Optimization.

Weights {e}I*_; < Equation (7)

# Step 3: Model Correction.

if f < fruir(T;0) or 37 Vol(Z;0) > 6 then

| 6 < Equation (8) or Other Unlearning Algorithms
end
Output: 0

4.4 Soft-Weighted Unlearning Framework

To further explore the applicability of the soft-weighted
scheme, we elaborate on its relationship with previous base-
line methods. Specifically, we define the weight of the forget-
ting sample as ¢y and the weight for the remaining sample
as €. In this context, the previous hard-weighted fine-tuning
algorithm can be viewed as a special case of our scheme
where €; = 0 and ¢, = 1, while the ascent algorithm repre-
sents another case where ¢; = —1 and ¢, = 0. Since each
sample contributes differently to the model, assigning uni-
form weights can result in the loss of crucial information. In
contrast, the soft scheme aligns with our intuition: mitigating
highly detrimental effects while amplifying beneficial ones.
Accordingly, we propose the Soft-Weighted Unlearning
Framework in Algorithm 1 to effectively address the over-
unlearning challenges commonly encountered in existing non-
privacy-oriented tasks, e.g., bias mitigation and robustness
enhancement. This framework introduces a finer-grain ap-
proach by assigning differentiated weights to samples based
on their contributions to the model’s objective. Specifically,
samples that positively contribute to the objective function
are given higher weights, while those that conflict with it are
assigned lower weights. The process of model correction is
systematically structured into the following three key steps:
Step 1: Influence Evaluation. We utilize Equation (4) and
Equation (5) to quantify the impact of each training sample
on the fairness and robustness of the model, as measured
on the validation set. In contrast to prior work (Chen et al.
2024b), our approach incorporates Equation (3) to assess the
utility contribution of training samples on the validation set.
Step 2: Weights Optimization. Based on the results from
Step 1, we solve the optimization problem in Equation (6) to
obtain a set of optimal weights for the training dataset.
Step 3: Model Correction. A straightforward way to update
the model is through Equation (8). Nevertheless, our frame-
work is not limited to influence-function-based methods;
other unlearning algorithms can also leverage the weights
obtained in Step 2 to perform model correction.
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5 Experiments

In this section, we conduct experiments that assess the per-
formance of the soft-weighted unlearning framework in miti-
gating bias and improving robustness. We first estimate the
influence of each training sample using a validation set be-
fore unlearning, and then evaluate the utility, robustness, and
fairness metrics on testing set after the unlearning process is
completed. The results are averaged over five random seeds.
Metrics: For the fairness task, we directly adopt DP and
EOP on the test set as evaluation metrics, while for robust-
ness, we use the adversarial loss on the test set. For utility,
we measure fest accuracy. These metrics directly reflect how
the unlearning algorithm improves performance on the cor-
responding tasks. Importantly, unlearning is not to forget
specific samples in this paper, but rather to leverage unlearn-
ing to enhance fairness and robustness, i.e., unlearning serves
as a means, not an end. Therefore, traditional unlearning eval-
uation metrics, e.g., forgetting set accuracy or membership
inference attack (Qiao et al. 2025), are not sufficient to in-
dicate improvement in fairness or robustness. As illustrated
in Figure 1, even if a sample is proven to be completely for-
gotten (i.e., removed from retrained models), this does not
necessarily lead to better corresponding tasks and utility.
Model: Similar to (Chhabra et al. 2024), we train a Lo-
gistic Regression (LR) and a Neural Network (NN) with
two-layer non-linear structure followed by a linear layer, as
well as ResNet-18 and ResNet-50 (He et al. 2016). During
the unlearning process, similar to (Feldman and Zhang 2020),
we compute influence values by treating the last layer of the
neural network or ResNet as a convex surrogate of the full
non-convex model. When applying the unlearning algorithm,
we similarly restrict updates to this last layer only.
Datasets: In this work, we follow the experiments setup
from (Chhabra et al. 2024) to evaluate on standard fairness
and robustness datasets. Specifically, we conducted exper-
iments on five real-world datasets, including two tabu-
lar datasets UCI Adult (Becker and Kohavi 1996), Bank
(Moro, Cortez, and Rita 2014), one visual human face dataset
CelebA (Liu et al. 2015), one textual dataset Jigsaw Toxicity
(Noever 2018). These four datasets are widely adopted bench-
marks for evaluating fairness and robustness (Chhabra et al.
2024; Wang et al. 2025¢). In addition, we evaluate fairness on
CelebA with ResNet-18 and robustness on CIFAR-100 with
ResNet-50 (Krizhevsky, Hinton et al. 2009). See details of
datasets in Appendix B.2. We defer EOP to the Appendix B.
Baselines: We follow the machine unlearning repository
in (Kurmanyji et al. 2023) with the following nine unlearn-
ing algorithms: Gradient Ascent (GA) combined with a
regularizer Fine-Tuning (F'T) for utility preservation (Fol-
lowing (Shi et al. 2024), we denote the combinations as
GAgr.), Influence Function (IF) (Koh and Liang 2017),
Fisher Forgetting (Fisher) (Golatkar, Achille, and Soatto
2020a) and NTK Forgetting (NTK) (Golatkar, Achille, and
Soatto 2020b), Teacher-Student Formulation (SCRUB) (Kur-
manji et al. 2023) and (Bad—-T) (Chundawat et al. 2023),
Freezing Last k-layers Followed by Catastrophic Forgetting-k
(CF-k) and Exact Unlearning-k (EU-k)(Goel, Prabhu, and
Kumaraguru 2022), along with their Soft-Weighted (SW-)
versions. Technical details can be found in Appendix A.3.
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Figure 2: Performance on fairness and robustness tasks. Different colors represent different machine unlearning algorithms:
the circle marker denotes the Hard-Weighted algorithms, and the cross marker denotes the Soft-Weighted algorithms. The first
row (LR) and second row (NN) plot utility (Y-axis) against fairness (X-axis) metrics, while the third row (LR) and fourth row
(NN) plot utility (Y-axis) against robustness (X-axis) metrics across datasets. The Green Region highlights the Free Lunch cases,
where the unlearning algorithms improve both the fairness (or robustness) and utility compared to the original model.

We evaluate the performance of different unlearning al-
gorithms under a maximum budget of 30 epochs. For the
hard-weighted scheme, we perform unlearning by iteratively
removing the most detrimental samples until no further im-
provement is observed in fairness or robustness. It is essential
to note that the performance of unlearning methods may vary
across datasets/models, depending on the hyperparameter
choices, and the selected configurations may not be optimal.
Our goal is not to assess the superiority of each algorithm,
but rather to compare the differences between hard- and soft-
weighted schemes, under the same cost constraints. Finally,
we evaluate ResNet-50 on CIFAR-100 for robustness and
ResNet-18 on CelebA for fairness, with the configurations
and results deferred to Appendix B.4 due to space limitations.

Performance on fairness and robustness tasks. Figure 2
visualizes how the soft-weighted method improves fairness
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and robustness while avoiding excessive utility degradation.
We can observe the following: (i) Compared to the hard-
weighted method, in all scenarios (A-P), the soft-weighted
scheme consistently achieves superior performance on the
target task. This improvement results from optimizing sam-
ple weights through the objective in Equation (6a), subject to
the target-specific constraint in Equation (6b), which helps
prevent over-unlearning. Furthermore, by incorporating the
utility constraint in Equation (6c¢), the soft-weighted method
effectively mitigates the degradation of generalization infor-
mation that is often observed in the hard-weighted approach.
(i1) Compared to the original model, in most scenarios (A-B,
E-P), the soft-weighted scheme not only improves target
task performance but also enhances utility under certain algo-
rithms. We refer to these instances as free lunch cases, where
both the target tasks and utility are simultaneously improved.



Adult Bank

Method Fair. Utility Robust. Utility Fair. Utility Robust. Utility Fair. Utility Robust. Utility Fair. Utility Robust. Utility

GAgr 250 3.5 35 6.4 989 23 15.9
IF 28.6 5.6 142 31 972 29 13.5
Fisher 108 4.6 5.1 54 833 24 11.3
SCRUB 775 43 54 52 900 1.7 8.2
Bad-T 80.0 3.2 53 80 929 25 8.1

9.5
133
3.8
53
4.3

CelebA Jigsaw
40.2 44 6.4 36 235 74 6.4 2.9
79.3 7.0 4.7 22 106 8.1 0.5 0.8
9.7 42 8.3 21 14 8.0 8.3 33
29.7 44 53 27 264 5.7 1.3 4.6
322 38 6.1 37 -07) 72 33 32

Table 1: Percentage (%) improvement of soft-weighted scheme over hard-weighted counterpart on the convex model.

Adult Bank CelebA Jigsaw
Method  Fair. Utility Robust. Utility Fair. Utility Robust. Utility Fair. Utility Robust. Utility Fair. Utility Robust. Utility
GApr 00 55 153 80 706 3.6 11.6 75 143 50 6.2 57 28.6 6.0 114 7.4
IF 547 4.7 3.0 26 98.1 24 2.5 32 500 7.7 2.5 43 487 23 2.6 3.6
Fisher -34] 85 8.9 124 250 4.1 123 101 167 7.8 7.1 10.8 63 6.1 12.1 8.5
NTK 0.8 84 10.0 11.1 36.8 3.3 9.4 89 300 5.7 6.7 9.5 0.0 4.0 6.5 8.8
SCRUB 59 8.1 147 103 57.1 4.1 10.1 9.6 820 64 34 45 40.1 4.1 10.7 8.5
Bad-T 14 6.8 11.7 107 125 3.5 11.0 126 769 7.1 7.6 10.7 83.3 0.6 10.9 8.5
CF-k 148 42 11.9 63 00 19 10.7 65 714 8.6 5.8 24 00 438 10.6 8.5
EU-k 844 34 8.4 84 978 2.0 6.7 9.2 900 84 1.2 83 749 1.7 5.4 10.2

Table 2: Percentage (%) improvement of soft-weighted scheme over hard-weighted counterpart on the non-convex model.

Comparison between influence evaluation and actual
value. Figure 3 shows that the influence estimations from
Step 1 exhibit strong correlation with the actual values in
terms of utility, fairness, and robustness metrics, with Spear-
man and Pearson correlations close to 1, which aligns with
the findings of existing studies (Koh and Liang 2017).

Percentage improvement of the soft-weighted scheme
over the hard-weighted counterpart. Tables 1 and 2 demon-
strate that the soft-weighted framework enhances the perfor-
mance of unlearning algorithms. Except for two gradient-
based baselines, which exhibit slight reductions in fairness
(attributed to overhead constraints), all other methods achieve
joint improvements in both fairness (or robustness) and util-
ity. Remarkably, the soft-weighted scheme yields significant
gains in fairness-related tasks, achieving improvements of up
to 98.9% over the hard-weighted scheme. Moreover, prior
empirical evidence from (Chen et al. 2024b) and the results
in Appendix B suggest that even hard-weighted IF outper-
forms traditional fairness solutions, while maintaining the
efficient runtime. This collectively indicates that the soft-
weighted framework has strong potential as an advancement
in improving fairness/robustness within machine unlearning.

Runtime. Both the hard- and soft-weighted schemes share
Step 1 (influence evaluation) and Step 3 (model correc-
tion). Remarkably, the soft-weighted framework introduces
a lightweight procedure in Step 2 to replace the binary as-
signment, which incurs negligible overhead (only 0.03% of
the total execution time for IF) while yielding superior per-
formance in Step 3. Due to space constraints, we defer the
visualization of runtime results to Appendix B.4. Hence, an
advantage of our framework is tuning-free nature. In contrast
to hard-weighted methods that require repetitive deletion tri-
als at various rates to manually identify the optimal rate, our
scheme requires only a closed-form solution in Step 2.
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Figure 3: Actual Changes vs. Approximate Changes. We
evaluated the leave-one-out influence on the Adult dataset,
with the first row for LR and the second row for the last layer
of NN, on different performance metrics as follows: utility
(loss on test set) (Left), fairness (DP loss on test set) (Middle),
robustness (loss on adversarial sample) (Right).

6 Conclusion

We investigate the underlying causes of over-unlearning
through counterfactual contribution analysis. To address this
challenge, we propose an innovative soft-weighted machine
unlearning framework that is simple to apply for non-privacy
tasks, including but not limited to fairness and robustness.
Specifically, we introduce weighted influence functions, and
obtain weights by solving convex quadratic programming
problem. In contrast to hard-weighted schemes, the finer-
grained soft scheme empirically maintains superior task-
specific performance and utility with negligible overhead.
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