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Abstract

Graph unlearning, motivated by emerging right to be forgotten
regulations, seeks to remove the influence of specific sub-
sets of data (e.g., noisy, poisoned, or privacy-sensitive data)
from pre-trained graph learning models. While much atten-
tion has focused on the technical feasibility of unlearning,
its implications for fairness remain largely unexamined. To
address this critical gap, this paper introduces GUIC, the first
framework that jointly ensures certified unlearning and indi-
vidual fairness in graph-based models, introducing a novel
perspective on responsible model updates in graph unlearning.
Specifically, GUIC employs a principled distance-based rule
to pinpoint individual biases arising from node removals and
applies a computationally efficient certificate-driven update,
preserving the local Lipschitz constraints crucial for individual
fairness. Different from computationally expensive retraining
or fairness-regularized optimization methods, GUIC provides
a lightweight yet verifiable alternative with theoretical fairness
guarantees. Experiments on multiple real-world datasets show
that our method consistently surpasses existing approaches
across key performance metrics.

Introduction

Graph learning models have achieved impressive success
across a range of applications, including social media analy-
sis (Liu et al. 2021), financial forecasting (Wang et al. 2025d),
and criminal justice (Zhou et al. 2024), by leveraging their
capacity to learn intricate structural patterns from large-scale
graph-structured data. However, this reliance on extensive
and often sensitive personal data raises serious privacy con-
cerns (Wang et al. 2025i). In response, regulatory frameworks
such as the European Union’s General Data Protection Reg-
ulation (GDPR) and the California Consumer Privacy Act
(CCPA) (Politou et al. 2018; Ruan et al. 2021) have intro-
duced the legal notion of the right to be forgotten, which
allows individuals to request the deletion of their personal
information from data repositories and trained models. These
privacy mandates have created an urgent need for graph un-
learning methods, techniques that can efficiently remove the
influence of specific data points from learned models without
requiring full retraining (Bourtoule et al. 2021).
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Despite the development of numerous graph unlearning
approaches to meet this demand (Gupta et al. 2021; Chen
et al. 2022; Pan, Chien, and Milenkovic 2023), these methods
may inadvertently introduce or amplify biases inherited from
training data. For instance, in loan approval scenarios, remov-
ing a successful loan applicant’s record might unintentionally
lower the predicted creditworthiness of similar individuals
who would otherwise qualify for loans, unfairly penalizing
them solely based on their similarity to the deleted case.
While traditional graph fairness literature has not adequately
addressed this issue, a recent shift in perspective has emerged,
viewing unlearning not only as a privacy-preserving mecha-
nism but also as a potential fairness intervention (Oesterling
et al. 2024; Chen et al. 2025). Methods like FMD (Chen et al.
2023) use influence functions to identify and remove train-
ing data that contribute to counterfactual bias, suggesting a
promising new direction.

However, existing methods leverage unlearning primarily
as a tool to address biases explicitly embedded within bi-
ased samples, while overlooking a critical source of bias: the
unlearning process itself. This bias does not stem from the
content of the removed data but rather from structural disrup-
tions introduced by the act of unlearning. Specifically, two
key mechanisms: neighbor loss and constraint weakening,
contribute to this unintended consequence. Neighbor loss
occurs when deleting a node disrupts fairness constraints that
previously linked it with similar individuals, leaving the re-
maining nodes without essential fairness-enforcing neighbors.
Constraint weakening arises because fewer node pairs remain
available to uphold fairness constraints, thereby diminishing
their overall strength. Together, these mechanisms cause the
optimization process to prioritize predictive performance at
the expense of fairness, leading to divergent outcomes for
otherwise similar individuals and violating the fundamental
principle of individual fairness.

To account for the bias introduced by the act of unlearning,
we propose a novel approach that embeds fairness consid-
erations into the core of the unlearning framework. This
ensures that fairness guarantees are preserved even when han-
dling legitimate data deletion requests, an area that remains
largely unexplored and poses three distinct challenges: i) Dif-
ficulty in fairly forgetting graph-structured data. Graph
data encodes information in both node attributes and their
structural relationships. Fair unlearning therefore requires



jointly removing biased influence from features and connec-
tions. This dual dependency complicates the process, as bias
may reside in either component or emerge from their inter-
action, making it challenging to ensure fairness is preserved
while honoring deletion requests. ii) Challenge of certify-
ing fairness-preserving unlearning. While some certified
unlearning methods provide accuracy guarantees, they rarely
address fairness constraints, particularly individual fairness,
which requires pairwise consistency between similar indi-
viduals. Ensuring that these pairwise fairness relationships
are upheld after unlearning is nontrivial, especially when the
deletion disrupts existing fairness-enforcing pairs. As a result,
verifying that fairness constraints still hold post-unlearning
presents a distinct and largely unaddressed challenge. iii)
Challenge of quantifying the individual-level bias intro-
duced by unlearning. After a node is removed, the model’s
weights typically undergo only minor adjustments; however,
even these slight changes can significantly affect predictions
for neighboring nodes similar to the deleted one. Conse-
quently, accurately quantifying the bias introduced by each
deletion becomes crucial yet challenging, as it requires ex-
plicitly measuring the prediction shifts among multiple pairs
of similar nodes. This necessitates precisely tracking subtle
changes in disparity and clearly linking these small perturba-
tions to measurable changes in individual fairness outcomes.

To address these challenges, this paper proposes Graph
Unlearning with Individual Fairness Certificates (GUIC),
a novel framework that enables fair Al decision-making in
graph-based models while honoring data deletion requests.
To the best of our knowledge, GUIC is the first work that
combines certified graph unlearning with provable individ-
ual fairness. Specifically, GUIC introduces a distance-based
criterion to identify bias introduced during unlearning and
employs a closed-form, certificate-driven update that removes
the target node while constraining performance shifts within
a subspace that preserves the local Lipschitz bound. This
approach provides a lightweight alternative to full retrain-
ing, maintains individual fairness across deletion requests,
and enables independently verifiable, per-request guarantees.
Formal analysis further establishes bounded error in both pre-
dictive performance and fairness loss. The main contributions
are as follows:

A distance-based rule is designed to precisely identify
individual bias introduced by node removal during the un-
learning process, enabling targeted mitigation of fairness
loss.

* Building on this insight, GUIC is introduced as a novel,
training-free framework that simultaneously ensures indi-
vidual fairness and certified unlearning.

» Extensive experiments on three real-world datasets vali-
date the effectiveness of GUIC, demonstrating its superi-
ority over existing state-of-the-art unlearning and fairness-
aware methods.

Related Works
Graph Unlearning

Graph unlearning is a recent concept designed to ensure the
right to be forgotten by selectively removing nodes from
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pre-trained graph-based models without requiring full model
retraining (Nguyen et al. 2022). Existing approaches to graph
unlearning are broadly categorized into exact unlearning and
approximate unlearning (Said et al. 2023). Exact unlearning
algorithms aim to update the model after a data removal re-
quest such that the updated model exactly matches a model
retrained from scratch on the modified dataset (Ullah et al.
2021). For example, GUIDE (Wang, Huai, and Wang 2023)
employs balance-guided graph partitioning, enabling effi-
cient retraining of smaller model ensembles while preserving
critical graph structural information. In contrast, approxi-
mate unlearning methods allow small differences between
the updated model and the fully retrained one. The goal is to
minimize the influence of deleted data points while accepting
a certain level of discrepancy between models. For instance,
PUMA (Wu, Hashemi, and Srinivasa 2022) offsets the im-
pact of data deletions through constrained optimization that
optimally reweights remaining data points, thus closely ap-
proximating the results of retraining without complete model
reinitialization. However, most of them overlook fairness
considerations, despite the increasing deployment of graph
models in high-stakes domains such as finance, healthcare,
and criminal justice, where neglecting fairness can lead to
unintended bias and ethical concerns. This critical oversight
underscores the pressing need for fairness-aware graph un-
learning methods.

Fair Graph Learning

Designing fairness-aware graph algorithms has been attract-
ing increasing attention in recent years (Wang and Zhang
2025; Chen et al. 2024; Zhang et al. 2025; Wang et al.
2025c; Wang, Yin, and Zhang 2025). However, most ex-
isting fairness-aware approaches rely on pre-processing or
training-based in-processing strategies, making them unsuit-
able for directly achieving fairness in the graph unlearning
context without retraining the entire model. On the other
hand, a few recent studies (Oesterling et al. 2024; Chen et al.
2023) have begun leveraging unlearning explicitly as a tool to
mitigate bias without requiring full retraining. For instance,
Kose et al. (Kose, Mateos, and Shen 2025) proposed prin-
cipled, training-free strategies for detecting and removing
bias-inducing node features and structural components from
pretrained graph models. Similarly, FROG (Chen et al. 2025)
optimizes graph structures to mitigate potential bias amplifi-
cation during the unlearning process. Nonetheless, existing
methods still primarily focus on explicitly removing biased
data points, rather than directly addressing the fairness impli-
cations stemming from genuine data deletion requests, thus
highlighting a critical gap in current fairness-aware unlearn-
ing research.

Different from the above works, our work takes a fresh
perspective by explicitly addressing fairness implications
directly resulting from genuine unlearning requests. It intro-
duces a principled method to precisely identify and mitigate
individual-level bias that emerges during graph unlearning,
enabling certified unlearning guarantees without compromis-
ing individual fairness constraints.



Preliminary

In this section, we first introduce notations, and then formally
define the concept of e-§ certified unlearning.

Notations. Consider an undirected attributed graph G =
(V,&,X), where |V| = n denotes a set of n nodes, £ C VxV
represents the set of edges as unordered pairs of nodes, and
each node v; has an associated D-dimensional feature vec-
tor z; € RP, and collectively these features form the node
feature matrix X € R™*P. The structure of the graph is
captured by an adjacency matrix A, where each element
A, ; equals 1 if nodes v; and v; share an edge, and O other-
wise. Consistent with existing approaches, we concentrate
on binary classification tasks at the node level. Addition-
ally, nodes are categorized into labeled and unlabeled sets.
The labeled nodes £ C V have known labels, forming the
set Y = {y1,vy2,-..,yn, }, where N, denotes the count
of labeled nodes. Unlabeled nodes are gathered in the set
U C V, and their predicted labels are represented as g; for
node v; € U. It is important to note that the union of the
labeled and unlabeled vertex sets equals the entire set of
vertices in the graph, i.e., LJU = V.

€-0 Certified Unlearning. Let G C G denote the graph
dataset obtained after removing unlearned set G;, from G.
Given the original learning process A(G) parameterized by
w € H that minimizes the empirical risk on G, where H
denotes the hypothesis space. An e-§ certified unlearning
algorithm aims to produce an updated model statistically
indistinguishable from a model retrained from scratch on

G. Formally, given 3 (e,0) > 0, an unlearning process U
applied to (G, Gy, A(G)) satisfies e-0 certified unlearning if
and only if for all measurable subsets 7 C H:

P UG, Gu, AG) €T) <eP(AG) €T)+6
P(AG) e T)

ey

where PP denotes the probability measure over all sources of
randomness in the learning and unlearning procedures.

Methodology
Quantifying Individual Graph Unfairness

This subsection examines how individual bias arises during
graph unlearning and introduces a quantitative measure to in-
form mitigation. Figure 1 illustrates a toy loan scenario with
three applicants (dy, d2, and d3), each pairwise similar in the
input space (distance of 5 units). To ensure similar individu-
als receive similar outcomes, individual fairness constraints
are applied during training to keep interest rate differences
within a fixed threshold. Without fairness constraints (or-
ange region), performance-driven objectives would assign
different rates, 5% for d1, 7% for d-, and 9% for d3. With
fairness enforced (yellow region), all predictions converge
to 7%. However, when applicant do requests data deletion,
a fast unlearning process removes its gradient contributions,
disrupting two of the three original fairness constraints (green
region). The lone remaining constraint between d; and d3 is
too weak to maintain alignment, leading to a prediction drift:

35822

<eP UG, Gu, AG)) €T) +0

Performance result

dlq d d d4, d5« d6,
222282

[o n o 2
d1i D - n 0
™S |1o0|5|[26|5 25|18 [/ L o
- 5% 7% %

d mn M\ Individual Before
2\") 5 0 1 5 9 3 = '“0“‘" Unlearning
dﬁ 7% % LN o IN
™ |26|11| 0 (17| 8 |15 N [, -

> v
pi =P .0 e
5 5 (17| 0 |33 |10 o
dx 7% %y n
25| 9 |8 (33| 0|16 Lzl -
déey ’—E> 6% 8% My n
POy 181 3 |15/10 16| 0 Individual After > 4 "".
Unlearning d2
(a) Input Space (b) Output Space

Figure 1: A toy example of the disparity of individual fairness
during the unlearning process in a loan approval system.

6% for d; and 8% for d3. This divergence occurs despite
no change in input similarity, highlighting the fairness risk
introduced by unlearning.

Motivated by this observation, two key mechanisms are
identified through which node removal introduces bias into a
trained graph model: i) Neighbor loss. Individual fairness con-
straints are typically pairwise, when two nodes lie within a
certain distance threshold (i.e., similar individuals), a regular-
ization term encourages similar predicted outcomes. Remov-
ing a node breaks all associated pairs, causing its neighbors
to lose critical fairness, enforcing connections. As a result,
subsequent optimization for these remaining nodes becomes
increasingly performance-driven, introducing bias as accu-
racy begins to outweigh fairness. ii) Constraint weakening.
Graph unlearning retains the original training objective but
applies it to the reduced dataset, effectively optimizing on a
reshaped loss surface rather than fully retraining. Although
the fairness regularization term is preserved, its relative in-
fluence declines due to the removal of nodes and their as-
sociated edges that previously encoded fairness constraints.
This shift, driven by changes in node representations after
deletion, causes optimization to favor data encoding over
fairness smoothness, thereby amplifying disparities. To for-
mally quantify the combined effect of these mechanisms, we
define the concept of individual graph unlearning bias, which
measures how much the total individual bias increases when
one or more nodes are deleted. Specifically, it compares the
output space differences among all pairs of similar nodes
before unlearning to the corresponding sum after unlearning.
Formally, this notion is captured in Definition 1 below:

Definition 1 (Individual Graph Unlearning Bias). Let A(G)
be the prediction model trained on the original graph G, and
letU (G, Gu, A(G)) return the updated parameters @ after re-
moving the unlearned set Gy C G, and G denotes the retained
dataset. For every reference node v; € £, we denote by N (v;)
(resp. N’ (v;)) the set of its similar individual (i.e., Dis(v;,
v;) < ) before (resp. after) unlearning. The individual bias
induced by the unlearning step is defined as:



Apias = Y _ [Vl (w,G) — VI (@,6)] @)
v, €L
=S wi-wlE =Y > v -l
vi€L v EN(v;) vi€L v;EN' (v5)
= Y wy'y- Y LYy

meL,ijN(m) UL'EL,UJEN/(’U{,)

where the similarity Laplacian L and LS are constructed
from the neighborhoods N (-) and N (-), respectively. This
formal definition quantitatively measures the total increase
in output space difference among all pairs of nodes whose
input distances are within the threshold . To sum, if similar
individuals’ outputs diverge after node removals, this metric
immediately increases; if their predictions remain similar, the
metric remains near zero. Therefore, Definition 1 directly
operationalizes the individual fairness principle (Dwork et al.
2012), ensuring that similar individuals receive similar algo-
rithmic outcomes after unlearning.

However, directly optimizing the fairness loss from Defini-
tion 1 would require adding it to the objective and retraining
the entire model, which is impractical in the graph unlearn-
ing setting. To this end, given the predictions in GNNs are
derived from linear mappings of node representations, we
can precisely estimate the representation drift induced by
node removals and perform a small compensatory parameter-
space update. This compensation keeps representation shifts
within a theoretically derived bound, thereby practically es-
timating the fairness loss described in Definition 1 without
retraining the model from scratch. Specifically, Consider a
graph learning model where predictions are obtained via a
linear mapping of node representations, i.e., §; = 2;/ w, with
z; denoting the representation of node ¢ and w the model’s
weight vector, the bias increment defined by Definition 1 can
be expressed entirely in terms of the representation shifts
z; — zj induced by node deletions. In other words, quanti-
fying changes in node representations directly allows us to
measure the increase in individual bias defined in Definition
1. When nodes are removed, their absence perturbs the repre-
sentations of neighboring nodes through the message-passing
mechanism, causing embedding shifts that directly influence
individual fairness.

To this end, we first analyze precisely how node removals
perturb the embeddings of neighboring nodes, quantifying
how these perturbations propagate layer-by-layer within the
GNN message-passing framework. We take an example with
Simple Graph Convolution (SGC) model (Chien, Pan, and
Milenkovic 2022), which removes intermediate nonlineari-
ties, thereby simplifying the analysis to repeated propagation
through a single linear transformation. Formally, the em-
bedding update rule is given by HX) £ PXX, where W
denotes the learned weight matrix, and P = DA is the
left-normalized adjacency matrix with self-loops A = A +1,
and D represents the degree matrix corresponding to A.
Building upon this formulation, we explicitly link represen-
tation perturbations due to node removals to the resulting
bias increments. Specifically, when removing node v, with
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feature vector x,. and diffusion profile PX, assuming uni-
formly bounded loss gradient derivatives, the bias increment
Abias™) induced by this node removal is bounded as fol-
lows:

w d;nax\/ﬁ
‘Algias) < Am—1) [2eX + (ey1 + Aer) [ % ||| P2 1]
3)
Ndjax 2
+ 72)\2(m )P [2(:)\ + (e + /\c1)||xm|\||Pfan]

where NV denotes the number of training nodes, A the regular-
ization weight, and d__ . represents the maximum degree in

max

the similarity graph after unlearning.

Fair Graph Unlearning Process

In this subsection, we present a practical method to explicitly
estimate and mitigate the individual bias introduced during
graph unlearning. Central to this theoretical relationship is the
concept of the local Lipschitz constant, denoted as Ly (v; ),
which measures in a worst-case scenario, the maximum ratio
of prediction changes to input distances among all nodes
similar to node v; (within distance p). Intuitively, a larger
Lo (v;) indicates higher model sensitivity around node v;,
implying that even minor perturbations in the input can sig-
nificantly widen prediction gaps between similar individuals,
thereby undermining individual fairness. Leveraging the ex-
plicit bound, GUIC employs a lightweight, certificate-backed
update procedure to address this concern in two phases. First,
GUIC efficiently estimates how much deleting a node v,
would increase its local Lipschitz constant and consequently,
individual bias, without requiring model retraining. Next,
GUIC neutralizes this bias increment via a carefully cali-
brated, single-step weight adjustment. This step simultane-
ously removes the predictive influence of the deleted node,
restores the smoothness constraints essential for maintaining
individual fairness, and injects precisely calibrated Gaussian
noise b ~ N(0, 021) to facilitate certified unlearning. This
calibrated noise masks residual node-specific information,
thus achieving rigorous (g, ¢)-certified unlearning guarantees.
Each component of the procedure is described below, illus-
trating how GUIC preserves individual fairness throughout
the node unlearning process.

Beginning with the bias estimation phase, consider the
scenario where a node v, requests to be forgotten. Building
on Definition 1, deleting node v, will affect neighbor node
representations through the message-passing chain. Specif-
ically, the feature vector x,. is zeroed out, and the 7-th row
and column of the adjacency matrix are removed. Such per-
turbations alter all entries of Z, leading to increased local
Lipschitz ratios and thus elevated individual bias. GUIC quan-
tifies this bias increment using influence functions, assessing
the first-order score changes for each neighbor v; without
retraining. This procedure computes influence values 7 — j
via a single conjugate-gradient solve:

Orsj = —Vufo(x;) T Hy 'Vol(fo(x),u) ()



Following bias identification, GUIC then creates a proxy
node v, to fill the structural gap left by v,.. The proxy has
two goals: 1) avoiding reintroducing the predictive influence
of v, (thus fully forgetting it); ii) preserving the local simi-
larity structure so that the fairness-enforcing regularization
remains effective. Formally, let g, = Vy-£(f0(x,),y,) and
ur = gr/||gr||2 denote the unit direction of strongest influ-
ence. GUIC removes precisely this predictive direction and
retains only its orthogonal component, constructing the proxy
representation as:

xp = (Ip —wyu )%, +& &~ N(0,07Ip)  (5)

The projection matrix Ir — u,u, effectively erases the
original performance direction, and the added Gaussian per-
turbation £ prevents adversaries from reconstructing the orig-
inal data. As the noise variance o2 is small relative to x,.,
the proxy remains close to the deleted node’s embedding in
non-performance dimensions. Subsequently, GUIC updates
the similarity matrix S’ by replacing the r-th row and column
with entries computed from the proxy node, preserving local
graph connectivity:

S’i‘j = KJ(Xp,Xj) = S;"ra

Vj=1,...,N (©6)

where £ (+) denotes the kernel function.

Building on this, we establish adjusted Laplacian is Lg
= D’ — S’ from the proxy-updated similarity matrix, where
D" = diag(d') and d;=}_, S7,. This adjustment maintains
the structural integrity necessary for effective fairness reg-
ularization, with the maximum degree d, . changing only
slightly, proportionally to O(coy).

After repairing the local graph structure, GUIC updates
the model weights through a single-step procedure with-
out retraining. Let w denote all trainable parameters of the
model. We decompose the one-step parameter update into
a prediction-removal component and a fairness-restoration
component:

Aw = AWpred + AWfair (7)

where both Awpreq and Awy,r are update directions in the
same parameter space of w.

The prediction-removal vector removes the predictive in-
fluence of the deleted node v,.:

Awpred = _HJIVUJE(f@(XT% yr) (8)

To restore the fairness constraints, GUIC first takes the
gradient of the fairness regularizer with respect to w at the
proxy node x,:

gfair(w) = vafair(W; XP) ©))

which provides the raw fairness-restoration direction in pa-
rameter space. We then remove the component of this gra-
dient that is aligned with Awpreq, yielding a fairness update
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direction that is approximately orthogonal to the prediction-
removal step:

<Awpred ’ gfair>

2= AWpre 10
e A

AWfalir = gfair -

Using backtracking line search, GUIC selects an appro-
priate step length € [0, 1], ensuring the local Lipschitz
constant returns to pre-deletion levels. This gives the inter-
mediate update:

W =w + AWpred + nAwfair (11)

The above-described steps maintain individual fairness but
by themselves do not confer an (e, §)-certified unlearning
guarantee. To achieve rigorous certification, GUIC addition-
ally controls the residual training-loss gradient remaining
after a node is deleted. GUIC applies a single Newton-based
influence update to compress this residual gradient to a com-
putable upper bound &’, then injects Gaussian noise explicitly
calibrated according to this bound. Specifically, given nodal
representations extracted by the K-layer Simplified GCN,
the residual training-loss gradient after node deletion satis-
fies:

VoL (W';G)|| < 2eA+ (ev1 + Aer) ([|xr | sin @

(12)

+04VD) [P
where 6 is the angle between the deleted node’s feature vector
X, and its associated loss gradient prior to deletion. Choos-
ing Gaussian release noise with variance 02 = ¢, €’ /e, as
derived from equation (12), ensures that the resulting mech-
anism achieves rigorous (e, §)-certified unlearning, where

§=15e%/2 In practice, after computing the bound &’,
GUIC draws Gaussian noise and releases the final updated
model as:

o=w+Db (13)

where b is the Gaussian noise vector.

This explicit bounding and noise calibration strategy al-
lows GUIC to inject precisely the minimal amount of noise
required. If the noise calibration step were omitted, a criti-
cal trade-off would arise: insufficient noise would leak in-
formation about the deleted node, violating certification re-
quirements. By explicitly computing and bounding ¢’ in ad-
vance, GUIC ensures minimal yet sufficient noise injection,
thereby preserving model utility while rigorously satisfy-
ing the formal certified unlearning guarantee. In conclusion,
by seamlessly integrating bias estimation, structural repair,
lightweight model updates, and precise noise calibration,
GUIC efficiently maintains both individual fairness and cer-
tified unlearning guarantees without the need for expensive
retraining.



Method Bail Pokec-z Pokec-n
Accuracy F1-Score FNDCG Accuracy F1-Score FNDCG Accuracy F1-Score FNDCG

Original 81.30 £3.51 79.31 £2.16 74.50+2.08 | 68.97 £3.21 66.71 £2.11 68.04 +£0.20 | 66.53 +3.74 64.10 £3.47 64.26 +5.34
Retrain 80.30 £2.29 78.07 £3.19 72.79 £ 1.15 | 67.97 £0.57 66.10 +1.98 67.39 &+ 1.08 | 66.13 £ 0.80 63.73 +4.60 63.34 +4.15
L-CODEC 7727 £1.61 77.35+£3.17 5646+ 1.09 | 67.20 £2.70 64.98 £3.21 4333 +4.23 | 63.12+1.36 62.51 £3.35 41.53 +3.08
SGC 77.83 £2.59 78.09 +1.28 57.22+0.46 | 67.63 £2.92 65.08 +-2.86 45.66 + 1.34 | 63.63 +4.77 62.70 2.41 40.10 +2.18
Certified 79.80 £ 0.96 78.28 +1.05 57.37+0.41 | 68.73 £3.62 63.68 & 1.32 49.04 + 1.38 | 64.37 £3.76 63.01 +2.57 42.94 + 1.43
Fair Unlearning | 79.47 + 1.33 7855+ 1.15 57224+ 1.09 | 68.09 + 1.99 64.25 +0.26 4831+ 1.54 | 63.73 £ 1.33 63.53 £0.47 43.75 +3.41
GUIC 78.70 £1.90 77.76 £0.14 71.69 +0.05 | 67.87 £ 1.61 64.71 +1.56 65.81 +£0.24 | 63.23 £ 091 62.74 +1.49 61.06 +2.29

Table 2: Comparison of unlearning methods on Bail, Pokec-z, and Pokec-n datasets using Accuracy, F1-Score and FNDCG.

Experiments
Experimental Settings

Datasets. We conducted experiments on three real-world
graphs: Bail (Jordan and Freiburger 2015), Pokec-z, and
Pokec-n (Takac and Zabovsky 2012). Specifically, the Bail
dataset(Agarwal, Lakkaraju, and Zitnik 2021) contains in-
formation about defendants who were granted bail in U.S.
state courts. Each node represents a defendant, and an edge
connecting two nodes indicates similarity in their criminal
records and demographic details. Race is considered the de-
mographic information in this dataset. The prediction task
focuses on classifying the defendants’ outcomes. The Pokec-
z and Pokec-n datasets are extracted from a widely used
Slovak social network, representing two distinct provincial
sub-networks. Nodes correspond to users characterized by
attributes such as gender, age, and interests, while edges rep-
resent friendships. In both Pokec datasets, the demographic
information is region. The prediction task in these datasets
involves classifying users’” occupational fields. Detailed statis-
tics are provided in Table ??.

Evaluation Metrics. We use accuracy and F1-scores to eval-
uate utility performance, where higher scores indicate bet-
ter prediction results. In addition, we use FNDCG (Zhang
et al. 2023) to assess individual fairness in ranking tasks,
where higher values indicate smaller ranking changes after
unlearning, thus better preserving fairness and utility after
unlearning.

Baselines. To benchmark the performance, we compare our
approach with five state-of-the-art baselines: Retrain from
Scratch, an ideal baseline achieving exact unlearning by com-
pletely retraining the model; L-CODEC (Mehta et al. 2022),
which efficiently computes the Hessian using selected param-
eters guided by the Fisher information matrix; SGC (Chien,

Dataset Bail Pokec-z Pokec-n
# Vertices 18,876 67,797 66,569
# Edges 311,870 882,765 729129
Feature 18 59 59
Dimension
DemograPhlc Race Region Region
information

Table 1: Summary of the datasets used in the experiments.

Pan, and Milenkovic 2022), providing analytical and certi-
fied removal of nodes, edges or features from graph neural
networks without expensive retraining; Certified (Zhang et al.
2024), efficiently realizing certified unlearning in deep neural
networks through approximate parameter updates and cali-
brated noise injection; and Fair Unlearning (Kose, Mateos,
and Shen 2025), a training-free method removing algorith-
mic biases from pretrained graph models via certified feature
removal and a single-step Newton update.

Experiment Results

Unlearning Performance. We compare the utility and fair-
ness of GUIC with five baseline methods on the node clas-
sification task. Based on the meaning of graph unlearning,
we expect the results of a desirable unlearning method to
be close to the results of the retrained model. Hence, we
use the retrain-from-scratch baseline as a standard for eval-
uating the unlearning baselines. Table ?? summarizes the
comparison results of GUIC with all baselines across three
datasets. We observe that GUIC outperforms all baseline
methods across all evaluation metrics in most cases. Specifi-
cally, in terms of accuracy and F1-score, GUIC shows com-
parable performance that is reasonably close to the retrained
baseline, achieving accuracy values within 1-2 percentage
points across all datasets. In terms of fairness, GUIC sig-
nificantly outperforms all other unlearning methods in indi-
vidual fairness results, which are substantially closer to the
original model performance compared to other methods that
achieve much lower values. The substantial fairness degra-
dation in baseline methods occurs because L-CODEC, SGC,
and Certified Unlearning optimize purely performance-driven
or privacy-driven objectives, while Fair Unlearning treats un-
learning as a tool but fails to address bias arising from real
unlearning requests. Once the fairness edges incident to the
deleted node disappear, their weight updates push the remain-
ing predictions apart. GUIC avoids this limitation through
three key mechanisms: the ghost anchor maintains connec-
tivity in the similarity Laplacian so the regularizer continues
pulling neighboring nodes together, the dual compensation
step aligns performance-removal and fairness-restoration vec-
tors orthogonally to prevent objective cancellation, and the
calibrated Gaussian noise meets the (e-d) guarantee without
compromising restored smoothness. In general, GUIC suc-
cessfully reconciles the competing goals of certified unlearn-
ing and individual fairness preservation, delivering utility
close to retraining while maintaining fairness substantially
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above other fast unlearning alternatives.

Ablation Study. We conduct ablation studies to gain insights
into the effect of individual fairness component of GUIC
on improving fairness. Specifically, we denote GUIC-NI as
the variant without the individual fairness component. Fig-
ure 3 presents ablation results on Pokec-z, Pokec-n, and Bail
datasets, including the accuracy, F1-score, and computational
time of unlearning. We observe that GUIC performs better
than the ablation variant on both fairness and utility metrics.
Specifically, compared with GUIC-NI, GUIC achieves sig-
nificantly higher individual fairness scores and approaches
the performance of the retrained model. This improvement
occurs because GUIC explicitly mitigates the individual fair-
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ness loss caused by node removal during the unlearning pro-
cess, thereby preventing the decline in model fairness that
typically accompanies node deletion. Additionally, GUIC
maintains similar utility performance to both GUIC-NI and
the retrained baseline, which demonstrates GUIC’s ability
to balance model utility and fairness preservation during the
unlearning process. These results confirm that the individ-
ual fairness component is essential for achieving the dual
objectives of effective unlearning and fairness maintenance.
Efficiency study. Following the above experimental setting,
we further investigate the computational efficiency of GUIC,
GUIC-NI, and retraining methods. Figure 2 presents the run-
time comparison across different numbers of nodes on the
Bail, Pokec-z, and Pokec-n datasets. We observe that GUIC
demonstrates substantial computational advantages over re-
training from scratch. Specifically, compared to retraining,
GUIC maintains comparable performance while running at
least 3 faster across all datasets and scales. While GUIC is
slightly slower than GUIC-NI due to the additional individual
fairness computations, the runtime difference remains within
a reasonable range, demonstrating that the fairness preser-
vation mechanism does not introduce prohibitive computa-
tional overhead. These results confirm that GUIC achieves an
effective balance between computational efficiency and fair-
ness preservation, making it practically viable for large-scale
graph unlearning applications where both speed and fairness
are important considerations.

Conclusion

Despite the extensive study of certified unlearning in many
graph learning models, individual fairness remains a largely
unaddressed challenge. In this paper, we propose GUIC, the
first framework designed to achieve certified graph unlearn-
ing with explicit guaranties for individual fairness. In addi-
tion, we theoretically established formal bounds on the indi-
vidual fairness loss arising from legitimate deletion requests
and introduced a certificate-driven update mechanism that
preserves local Lipschitz continuity critical for fairness. Ex-
tensive evaluations demonstrate that GUIC consistently main-
tains fairness and predictive utility throughout the unlearning
process, thereby representing an essential advancement to-
ward ethical and responsible graph-based decision-making in
real-world applications.
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