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Abstract

Graph unlearning, which aims to eliminate the influence of
specific nodes, edges, or attributes from a trained Graph Neu-
ral Network (GNN), is essential in applications where pri-
vacy, bias, or data obsolescence is a concern. However, exist-
ing graph unlearning techniques often necessitate additional
training on the remaining data, leading to significant compu-
tational costs, particularly with large-scale graphs. To address
these challenges, we propose a two-stage training-free ap-
proach, Erase then Rectify (ETR), designed for efficient and
scalable graph unlearning while preserving the model utility.
Specifically, we first build a theoretical foundation showing
that masking parameters critical for unlearned samples en-
ables effective unlearning. Building on this insight, the Erase
stage strategically edits model parameters to eliminate the
impact of unlearned samples and their propagated influence
on intercorrelated nodes. To further ensure the GNN’s utility,
the Rectify stage devises a gradient approximation method
to estimate the model’s gradient on the remaining dataset,
which is then used to enhance model performance. Overall,
ETR achieves graph unlearning without additional training or
full training data access, significantly reducing computational
overhead and preserving data privacy. Extensive experiments
on seven public datasets demonstrate the consistent superi-
ority of ETR in model utility, unlearning efficiency, and un-
learning effectiveness, establishing it as a promising solution
for real-world graph unlearning challenges.

Code — https://github.com/AllminerLab/ETR
Extended version — https://arxiv.org/abs/2409.16684

Introduction
Machine unlearning has garnered attention for its ability to
remove the influence of specific data subsets from a well-
trained machine learning model (Nguyen et al. 2022), which
is crucial for forgetting sensitive, mislabeled, or outdated
information (Liu and Tsang 2017). Typically, the subset of
data to be unlearned is much smaller than the entire training
dataset. As a result, one primary goal of machine unlearning
is to efficiently eliminate the impact of these unlearned sam-
ples while preserving the model’s predictive power, thereby

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

avoiding the costly process of retraining the model from
scratch on the remaining data (Xu et al. 2024).

In the graph domain, there is also a strong demand to
forget specific information, such as users requesting the
removal of personal data in social networks. In particu-
lar, Graph Neural Networks (GNNs) are widely used to
process graph-structured data through message propagation
and neighborhood aggregation (Zhou et al. 2020). However,
due to the interconnected nature of graphs, unlearned sam-
ples can significantly affect their neighbors, making con-
ventional machine unlearning methods unapplicable (Cheng
et al. 2023). As a result, graph unlearning has emerged as a
specialized task aimed at removing unlearned samples and
mitigating their impact on other nodes (Said et al. 2023).

Recently, several graph unlearning approaches have
been proposed. For instance, GIF (Wu et al. 2023a) and
CGU (Chien, Pan, and Milenkovic 2023) approximate pa-
rameter changes caused by data removal and update the af-
fected parameters. However, these methods primarily focus
on forgetting unlearned samples while overlooking the pre-
dictive capability on the remaining data, which can signifi-
cantly compromise model utility (Li et al. 2024). To address
this, some recent studies (Li et al. 2024; Wang, Huai, and
Wang 2023) consider both predictive and unlearning objec-
tives when an unlearning request is received. However, they
typically require additional training on the remaining data,
leading to high computational overhead, particularly with
large graphs, even when only a few samples are unlearned.
This substantial resource demand limits the efficiency and
scalability of these methods in real-world applications.

In this work, we focus on developing an efficient and scal-
able graph unlearning method that preserves model utility.
However, achieving this goal is non-trivial. First, the inter-
connected nature of graph data means that unlearned sam-
ples can significantly affect their neighbors through message
propagation, complicating the removal of both the unlearned
samples and their influence. Second, the remaining dataset
is typically much larger than the unlearned subset, leading
to substantial computational overhead when accessing the
remaining data. Balancing model utility with low computa-
tional cost presents another significant challenge.

To address these challenges, we propose Erase then
Rectify (ETR), a training-free, two-stage approach for cost-
effective graph unlearning. First, we establish a theoretical
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foundation showing that masking parameters critical to un-
learned samples enables effective unlearning. Based on this,
in the Erase stage, we propose a neighborhood-aware pa-
rameter editing strategy to remove the impact of unlearned
samples and their cascading effects, while minimizing the
impact on model utility. In the Rectify stage, we introduce a
subgraph-based gradient approximation method to estimate
the unlearned model’s gradient on the remaining data, fur-
ther enhancing model performance. Notably, ETR achieves
graph unlearning without requiring explicit model training
or access to the entire training dataset, avoiding computa-
tional overhead and ensuring data privacy. Overall, the main
contributions are as follows:

• We theoretically prove that masking parameters crucial
for unlearned samples enable effective graph unlearning.

• We propose a training-free neighborhood-aware param-
eter editing method for graph unlearning that effectively
forgets unlearned samples and their influence on inter-
correlated samples.

• We propose a gradient approximation method to enhance
GNN performance on the remaining graph without re-
quiring access to the entire training dataset, thereby en-
suring efficiency and scalability on large-scale graphs.

• Extensive experiments demonstrate the model utility, un-
learning efficiency, and unlearning efficacy of ETR. No-
tably, ETR achieves an average of 4583.9x less time and
4.2x less memory usage than retraining from scratch.

Related work
Graph Unlearning
Graph unlearning methods are divided into exact and ap-
proximate approaches, aiming to obtain a model that is
exactly or approximately equivalent to retraining from
scratch (Said et al. 2023). Current efforts primarily focus
on approximate methods. For example, GraphEraser (Chen
et al. 2022) and GUIDE (Wang, Huai, and Wang 2023) fol-
low the SISA (Bourtoule et al. 2021) paradigm, partitioning
the training set into multiple shards, with a separate model
trained for each shard. Other approaches (Wu et al. 2023a,b;
Chen et al. 2023; Chien, Pan, and Milenkovic 2023) use
influence functions to approximate the impact of unlearn-
ing on model parameters. GNNDelete (Cheng et al. 2023)
freezes model parameters while training additional parame-
ters for unlearning. MEGU (Li et al. 2024) simultaneously
trains the model’s prediction and unlearning objectives. De-
spite their effectiveness, these methods still face scalability
issues with large graphs.

Training-Free Machine Unlearning
Several training-free methods have been proposed for ef-
ficient machine unlearning. Fisher Forgetting (Golatkar,
Achille, and Soatto 2020a) and NTK (Golatkar, Achille, and
Soatto 2020b) are weight scrubbing methods that add noise
to parameters informative for unlearned samples. However,
Fisher Forgetting is computationally expensive and harms
predictive performance (Tarun et al. 2023), while NTK re-
quires additional models for unlearning. The closest work

to ours is SSD (Foster, Schoepf, and Brintrup 2024), which
dampens parameters crucial for the unlearned dataset while
preserving others. Unlike SSD, we account for the impact of
unlearned samples on other samples through message prop-
agation. We also propose adaptive hyperparameter selection
to improve versatility across datasets and introduce the Rec-
tify strategy to enhance performance on remaining data.

Preliminaries
Notations and Background
In this paper, we employ G = (V, E ,X ) to denote a
graph comprising |V| nodes and |E| edges. Each node vi ∈
V has a d-dimensional feature vector xi ∈ X . A ma-
jor category of GNNs is message-passing neural networks
(MPNNs) (Gilmer et al. 2017), such as GCN (Kipf and
Welling 2017) and GAT (Velickovic et al. 2018). MPNNs
propagate and aggregate features from neighboring nodes,
then transform these aggregated features to update node
representations (Gilmer et al. 2017). Following previous
works (Chen et al. 2022; Said et al. 2023), we focus on node
classification in this study. We denote the training dataset as
D, the unlearned dataset as Df , the remaining dataset as Dr

(i.e., D \Df ), and the k-hop neighborhood of Df as Dk.

Fisher Information Matrix (FIM)
The FIM uses the second-order derivative of the loss func-
tion to quantify parameter sensitivity, providing a measure
of importance with respect to input samples (Guo et al.
2020). For a distribution p(y|x,w), the FIM and its first-
order derivative property (Kay 1993) are given as follows:

FD =Ex,y

[
−∇2

w log p (y|x,w)
]

(1)

=Ex,y

[
∇w log p (y|x,w)∇w log p (y|x,w)T

]
(2)

Notably, obtaining the FIM is computationally expensive.
A common approach is to use its diagonal diag(F ) (Kirk-
patrick et al. 2017), which can be computed efficiently us-
ing the first-order derivative. The i-th diagonal element of
the FIM over dataset D is denoted as FD,ii, representing the
importance of the i-th parameter with respect to D.

Problem Statement
Given a graph G, the optimal GNN model fG trained on
G, and a graph unlearning request ∆G = (∆V,∆E ,∆X ),
the objective of graph unlearning is to derive a new GNN
model f̂ that minimizes the discrepancy between f̂ and
fG\∆G . Here, fG\∆G represents the GNN model retrained
from scratch on the remaining graph G \∆G.

Graph unlearning can be categorized into three tasks:
Node Unlearning: ∆G = (∆V,∆E ,∆X ), where ∆V rep-
resents unlearned nodes, ∆E denotes edges connecting to
∆V , and ∆X represents the features of nodes in ∆V . Edge
Unlearning: ∆G = (∅,∆E , ∅), where ∆E represents the
set of edges to be unlearned. Feature Unlearning: ∆G =
(∅, ∅,∆X ), where ∆X represents the unlearned features,
and will be padded with zeros. We will use the node unlearn-
ing task to illustrate the proposed method, and describe how
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Figure 1: The framework of ETR: Forgetting the influence of unlearned samples through Erase, followed by enhancing the
model performance on the remaining dataset via Rectify.

the proposed method applies to edge unlearning and feature
unlearning tasks in the Appendix (Yang et al. 2024).

Methodology
Framework Overview
The overall framework of ETR is depicted in Figure 1. In
the Erase stage, we evaluate parameter importance with re-
spect to input samples based on the FIM. Subsequently, we
identify critical parameters concerning the unlearned sam-
ples and their influence on other samples. We then modify
these parameters to erase the effect of the unlearned sam-
ples. In the Rectify stage, we utilize the induced graph of
unlearned samples to approximate model gradients on the
remaining dataset, which are then used to enhance the model
performance on the remaining dataset.

Graph Unlearning via Parameter Masking
Previous research indicates that certain neurons or parame-
ters are critical in memorizing specific samples (Maini et al.
2023), and that gradient manipulation can prevent the mem-
orization of noisy information (Chen et al. 2021). Motivated
by these findings, we propose to achieve efficient unlearning
by directly masking the parameters responsible for memo-
rizing the data to be unlearned, as described below:

ω̂r,j =

{
0, j ∈ M

ω∗
j , j /∈ M

(3)

where ω∗ represents the optimal parameters on D, and M
denotes the set of parameters responsible for memorizing the
unlearned dataset. To explore the effectiveness of the mask-
ing strategy, we provide theoretical justification for its abil-
ity to achieve graph unlearning as follows:
Theorem 1. For a GNN model, if we approximate the
FIM F with its diagonal diag(F ), and assume all ele-
ments of diag(F ) are strictly positive, the mean squared
distance between the optimal model parameters trained on
Dr and the parameters obtained from (3), denoted as Q =

1
|ω|

∑
j

(
ω∗
r,j − ω̂r,j

)2
, has the following upper bound:

Q ⩽
1

|ω|

c1
∑
j∈M

1

F 2
Dr,jj

+ c2
∑
j /∈M

F 2
Df ,jj

F 2
D,jjF

2
Dr,jj

+ c3

 (4)

where c1, c2, c3 are constants, and |ω| denotes the number
of parameters.

The proof of Theorem 1 is provided in the Ap-
pendix. According to Theorem 1, adding the j-th pa-
rameter to M will increase the upper bound of Q by
1
|ω|

(
c1

F 2
Dr,jj

−
c2F

2
Df ,jj

F 2
D,jjF

2
Dr,jj

)
. This increase is less than 0

when
FDf ,jj

FD,jj
>

√
c1
c2

= c, indicating that the parameter
wj is much more important for Df than for D. Therefore,
masking parameters that are crucial for unlearned samples
but not for others can reduce the upper bound of Q, facilitat-
ing the forgetting of the unlearned dataset.

Erase: Neighborhood-Aware Parameter Editing
Despite the above analysis theoretically guaranteeing the ef-
fectiveness of the masking strategy in achieving unlearning,
it has two major limitations First, the masking strategy over-
look the extent to which

FDf ,jj

FD,jj
exceeds c. In particular, pa-

rameters for which
FDf ,jj

FD,jj
significantly exceeds c are much

more critical for the unlearned dataset compared to those
where

FDf ,jj

FD,jj
only slightly exceeds c. Second, the masking

strategy overlooks the impact of unlearned samples on their
neighbors through message propagation.

To address these, we propose the Erase strategy as:

ω̂r,j =


a

FD,jj

FDf ,jj
ω∗
j , FDf ,jj > γFD,jj ,

b
FD,jj

2

FDf ,jjFDk,jj
ω∗
j , FDf ,jjFDk,jj > ηFD,jj

2

and FDf ,jj ≤ γFD,jj ,

ω∗
j , otherwise.

(5)

where a, b, γ, and η are hyperparameters.
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The advantages of the above design are threefold. First,
it considers the impact of unlearned samples on their neigh-
bors. According to the properties of the FIM, a large ratio of
FDf ,jj

FD,jj
or FDk,jj

FD,jj
indicates that the parameter is crucial for

Df or Dk, but not for D. Drawing inspiration from Theo-
rem 1, if a parameter is crucial for both Df and Dk, but not
for other samples, i.e., satisfying FDf ,jjFDk,jj > ηFD,jj

2,
we consider that the parameter has been influenced by mes-
sage propagation from Df . In such cases, we modify these
parameters to forget the influence of unlearned samples.

Second, when modifying parameters, we account for the
extent to which they are influenced by unlearned samples.
Specifically, rather than directly masking the parameters, we
use the coefficients FD,jj

FDf ,jj
and FD,jj

2

FDf ,jjFDk,jj
to determine the

degree of modification. This implies that a large
FDf ,jj

FD,jj
or

FDf ,jjFDk,jj

FD,jj
2 necessitates substantial modifications to ω∗

j ,
while a small value requires only minor modifications.

Finally, we balance the two forgetting objectives: forget-
ting Df and forgetting the influence of Df on Dk. One of
these objectives may dominate the other due to the potential
difference in magnitude between FD,jj

FDf ,jj
and FD,jj

2

FDf ,jjFDk,jj
.

To mitigate this, we introduce two balancing coefficients a
and b to balance these two forgetting objectives.

Note the choice of hyperparameters may vary depend-
ing on the dataset. To facilitate hyperparameter selection,
we adaptively select them for different datasets. Specifi-
cally, γ is set as the top m% value of

FDf

FD
, and η is set

as the top m% value of
FDf

FDk

FD
2 . This ensures that m% of

the parameters satisfy FDf ,jj > γFD,jj and m% satisfy
FDf ,jjFDk,jj > ηFD,jj

2. Furthermore, we set a = γ and

b = η to balance the magnitudes of FD,jj

FDf ,jj
and

FDjj
2

FDf ,jjFDk,jj
.

Rectify: Model Utility Enhancement
Although the Erase strategy mitigates the impact on model
performance by considering the extent to which unlearned
samples influence parameters, parameter editing approach
may still negatively affect the GNN’s performance on Dr to
some degree. In this part, we propose the Rectify strategy
to enhance GNN performance on Dr without requiring ac-
cess to the entire training dataset, which minimizes compu-
tational overhead while ensuring data privacy and security.

Firstly, we estimate the gradients of the edited model on
Dr using the induced graph of Df Specifically, we assume
that we can store the gradients from the model’s final iter-
ation of the training phase. After removing Df , the neigh-
bor structure of Dr \Dk remains unchanged, while only the
neighbor structures of Df and Dk undergo changes. Addi-
tionally, during the Erase stage, the modified parameters are
crucial only for Df and Dk, but not for Dr \ Dk. There-
fore, for nodes in Dr \Dk, their gradients can be considered
nearly unchanged, i.e.,

∇ω̂r lj ≈ ∇ω∗ lj , ∀j ∈ Dr \Dk (6)
where lj denotes the loss of the GNN on the j-th sample.

Through the aforementioned approximation, we can easily

Algorithm 1: ETR: Erase then Rectify

Input: Unlearned dataset Df ; Dataset Dk; GNN fG ; Opti-
mal parameters ω∗; Gradient ∇ω∗LD; Hyperparameters
m and λ.
Erase

1: Calculate the gradients ∇ω∗LDf
and ∇ω∗LDk

.
2: Calculate the FIM FD, FDf

, FDk
via (2).

3: Obtain γ = top-m%(
FDf

FD
) and η = top-m%(

FDf
FDk

FD
2 )

4: for j in range |ω| do
5: Obtain αj =

FD,jj

FDf ,jj
and βi =

FD,jj
2

FDf ,jjFDk,jj

6: if FDf ,jj > γFD,jj then
7: ω̂r,j = αjγω

∗
j

8: else if FDf ,jjFDk,jj > ηFD,jj
2 then

9: ω̂r,j = βjηω
∗
j

10: else
11: ω̂r,j = ω∗

j
12: end if
13: end for

Rectify
14: Calculate the gradient ∇ω̂r

LDk
.

15: Obtain the gradient ∇ω̂r
LDr

via (9).
16: Obtain the parameters ω′ via (10).
Output: ω′.

calculate the gradient of the edited model on Dr as follows:

∇ω̂rLDr =
1

|Dr|
∑
j∈Dr

∇ω̂r lj (7)

≈ 1

|Dr|

 ∑
j∈Dr\Dk

∇ω∗ lj +
∑
j∈Dk

∇ω̂r lj

 (8)

where LD denotes the loss function of the GNN on dataset
D. Further, leveraging the gradient of the GNN on D, we
obtain

∑
j∈Dr\Dk

∇ω∗ lj = |D| ∇ω∗LD−
∑

j∈Df
∇ω∗ lj −∑

j∈Dk
∇ω∗ lj . Finally, we estimate the gradient of the

edited model on Dr as follows:

∇ω̂rLDr =
1

|Dr|
( |D|∇ω∗LD − |Df |∇ω∗LDf−

|Dk|∇ω∗LDk + |Dk|∇ω̂rLDk )

(9)

Notably, ∇ω∗LD can be stored during GNN training,
while the sizes of Df and Dk are typically small. Therefore,
we can efficiently approximate ∇ω̂r

LDr
through (9). After

obtaining the gradient ∇ω̂r
LDr , we rectify the parameters

through one-step gradient descent, defined as follows:
ω′ = ω̂r − λ∇ω̂rLDr (10)

where λ is the hyperparameter. The pseudo-code for the
ETR approach is presented in Algorithm 1.

For edge and feature unlearning, we can proceed in a sim-
ilar manner. The pseudo-code for edge and feature unlearn-
ing is provided in the Appendix.

Complexity Analysis
In this section, we analyze the complexity of ETR. Calculat-
ing ∇ω∗LDf

with a time complexity of O(|Df |). Similarly,
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Bone Method PubMed CiteSeer Cora CS Physics

F1 T F1 T F1 T F1 T F1 T

GCN

Retrain 89.74±0.27 39.1 76.76±0.72 14.1 84.35±1.14 7.5 92.63±0.30 285.8 95.90±0.10 856.7
BEKM 80.03±0.72 68.2 61.11±2.27 12.7 66.42±3.33 11.0 89.03±0.49 71.7 94.53±0.19 152.7
BLPA 81.63±0.83 66.1 57.69±2.31 13.0 61.51±3.48 11.5 88.88±0.56 68.2 94.45±0.24 142.8
GIF 73.66±0.26 0.4 62.88±1.34 0.2 75.87±1.86 0.2 85.19±0.56 1.3 91.37±0.23 3.3
SR 88.04±0.25 29.0 75.35±0.70 8.6 81.25±0.95 8.6 91.77±0.28 49.0 94.72±0.14 166.4
Fast 88.11±0.24 29.1 75.83±0.88 8.8 80.70±1.70 8.4 91.64±0.29 47.8 94.74±0.16 138.3

GNNDelete 84.38±1.27 2.3 74.77±0.94 1.8 78.82±1.50 1.7 90.09±0.59 3.8 85.84±3.07 6.5
MEGU 88.26±0.47 0.3 76.04±0.93 0.2 82.62±1.05 0.2 92.39±0.51 0.5 95.40±0.20 0.9

ETR 89.48±0.34 0.02 77.09±0.60 0.02 83.54±0.92 0.02 92.72±0.37 0.04 95.71±0.15 0.07

GAT

Retrain 88.42±0.36 50.2 76.52±1.00 16.3 82.29±1.00 9.0 92.57±0.43 295.47 96.26±0.18 875.2
BEKM 70.30±0.77 102.2 49.64±1.36 23.5 56.79±4.83 20.7 81.10±1.39 114.3 92.04±0.43 214.5
BLPA 71.65±0.78 98.2 49.52±2.44 20.1 49.70±3.17 18.7 81.35±0.58 94.2 91.82±0.43 194.5
GIF 88.07±0.22 1.1 75.80±1.06 0.7 81.70±1.38 0.6 92.79±0.36 2.1 95.84±0.16 5.1
SR 86.67±0.41 33.6 75.92±0.88 12.0 76.05±1.78 12.3 89.49±0.64 54.8 94.76±0.41 149.3
Fast 86.60±0.33 35.4 75.89±0.93 12.4 75.46±0.93 12.3 89.70±0.95 55.3 94.86±0.45 145.5

GNNDelete 83.09±3.67 3.1 67.21±4.36 2.6 76.31±2.65 2.5 91.08±1.22 4.8 94.43±0.95 8.1
MEGU 85.23±0.47 0.3 76.07±0.79 0.2 82.84±0.72 0.2 91.74±0.32 0.6 95.14±0.22 1.2

ETR 88.32±0.22 0.03 76.31±1.59 0.03 79.70±0.85 0.03 92.45±0.13 0.05 96.19±0.18 0.09

Table 1: Performance comparison in terms of F1 score and running time, where F1 indicates the F1 score, T indicates the
running time (in seconds). The best experimental results are highlighted in bold, while the second-best results are underscored.

calculating ∇ω∗LDk
and ∇ω̂r

LDk
with a time complexity

of O(|Dk|). Computing the FIM has a time complexity of
O(|ω|). The Erase strategy can be executed in parallel, with
a time complexity of O(|ω|). Thus, the overall time com-
plexity of ETR is O(|Df | + |Dk| + |ω|). Regarding space
complexity, the GNN parameters have a space complexity
of O(|ω|). The node features have a space complexity of
O(|Df |d + |Dk|d). The edges have a space complexity of
O(|Ef | + |Ek|), where |Ef | and |Ek| denote the number of
edges in Df and Dk, respectively. Computing the FIM has
a space complexity of O(|ω|). Therefore, the overall space
complexity of ETR is O(|Df |d+ |Dk|d+ |ω|+ |Ef |+ |Ek|).
Notably, Df and Dk are much smaller than D, resulting in
low computational overhead for large-scale graphs.

Experiments
In this section, we conduct extensive experiments to evaluate
the effectiveness of ETR. The experiments aim to answer the
following research questions: RQ1: How does ETR perform
in terms of model utility, unlearning efficiency, and unlearn-
ing efficacy? RQ2: How does ETR perform on large-scale
graphs? RQ3: How do hyperparameters influence ETR’s
performance? RQ4: How do different strategies in ETR con-
tribute to its effectiveness?

Experimental Setup
Datasets We conduct experiments on PubMed, Cite-
Seer, Cora (Yang, Cohen, and Salakhutdinov 2016), CS,
Physics (Shchur et al. 2018), ogbn-arxiv, and ogbn-
products (Hu et al. 2020). The statistics and detailed descrip-
tions of these datasets are provided in the Appendix.

Baselines We compare ETR with various baselines,
including Retrain, GraphEraser-BEKM, GraphEraser-
BLPA (Chen et al. 2022), GIF (Wu et al. 2023a),

GUIDE-SR, GUIDE-Fast (Wang, Huai, and Wang 2023),
GNNDelete (Cheng et al. 2023), and MEGU (Li et al.
2024). Detailed descriptions of these baselines are provided
in the Appendix.

Settings Following GIF, we partition each graph into a
training subgraph comprising training nodes and a test sub-
graph containing the remaining nodes. For PubMed, Cite-
Seer, Cora, CS, and Physics, we randomly allocate 90%
of the nodes to the training set. For ogbn-arxiv and ogbn-
products, we use the splits provided in (Hu et al. 2020). The
unlearning ratio is set to 5% for all tasks. We use two-layer
GCN and GAT models with a hidden state dimension of 256,
training for 100 epochs. We tune the learning rates within the
range of [1e-4, 1e-1] and the weight decay within [1e-7, 1e-
2] for different datasets. All experiments are conducted on a
single Nvidia A40 GPU. Each experiment is run ten times,
and we report the average value and standard deviation.

Evaluation of Model Utility (RQ1)

We evaluate the F1 score for node classification on the re-
maining dataset. The results for node unlearning are shown
in Table 1, while the results for edge and feature unlearning
are provided in the Appendix. It can be observed that ETR
consistently performs best in most cases, which can be at-
tributed to the Rectify strategy that enhances model perfor-
mance on the remaining dataset. Additionally, BEKM and
BLPA exhibit suboptimal performance, consistent with the
results reported in their original papers, likely due to disrup-
tions in graph structure resulting from graph partitioning.
GUIDE mitigates this problem, leading to improved per-
formance. Among the baselines, MEGU achieves the best
performance, which can be attributed to its training of the
model’s predictive objective during unlearning.

13048



Bone Method PubMed CiteSeer Cora CS Physics

GCN

Retrain 1.57 1.52 1.30 6.13 14.62
BEKM 0.80 0.60 0.45 5.87 14.87
BLPA 0.45 0.48 0.38 1.44 2.89
GIF 1.70 1.00 0.61 11.18 37.63
SR 1.48 1.23 1.20 2.09 4.97
Fast 1.44 1.23 1.20 2.36 5.10

GNNDelete 1.64 0.87 1.22 2.76 5.25
MEGU 0.68 0.52 0.41 2.07 4.52

ETR 1.18 1.21 1.17 1.61 2.43

GAT

Retrain 1.77 1.52 1.30 6.17 15.28
BEKM 0.78 0.60 0.45 5.87 14.86
BLPA 0.48 0.48 0.40 1.60 3.53
GIF 2.88 0.80 0.72 5.89 14.3
SR 1.52 1.23 1.20 2.20 5.21
Fast 1.52 1.23 1.20 2.41 5.32

GNNDelete 1.90 1.31 1.24 3.05 6.10
MEGU 0.94 0.57 0.45 3.62 7.64

ETR 1.20 1.21 1.17 1.54 2.30

Table 2: The memory overhead (GB) of different methods.

Backbone Method PubMed CiteSeer Cora CS Physics

GCN

BEKM 5e-2 2e-3 8e-3 2e-2 2e-2
BLPA 5e-2 2e-3 8e-3 2e-2 1e-2
GIF 7e-2 4e-3 2e-2 3e-2 1e-2
SR 9e-2 8e-3 2e-2 8e-3 2e-3
Fast 8e-2 9e-3 2e-2 8e-3 2e-3

MEGU 1e-2 3e-3 3e-2 1e-3 7e-4
ETR 3e-2 5e-4 9e-4 4e-4 2e-4

GAT

BEKM 9e-3 1e-2 2e-2 9e-3 5e-4
BLPA 9e-3 1e-2 2e-2 8e-3 5e-4
GIF 6e-2 7e-3 2e-2 2e-3 3e-2
SR 7e-2 1e-2 1e-2 4e-3 7e-2
Fast 7e-2 1e-2 1e-2 4e-3 7e-2

MEGU 9e-2 4e-2 3e-3 2e-2 1e-2
ETR 3e-2 1e-3 2e-3 4e-4 2e-4

Table 3: The root mean square distance between the param-
eters and those of Retrain.

Evaluation of Unlearning Efficiency (RQ1)
The runtime results are presented in Table 1. ETR consis-
tently outperforms all baselines, which can be attributed to
its training-free nature. ETR reduces runtime by thousands
of times compared to Retrain, demonstrating its superior ef-
ficiency. While GraphEraser and GUIDE are also faster than
Retrain in most cases, they still require considerable time for
unlearning due to the need for retraining multiple models.
Although GIF and MEGU improve runtime efficiency com-
pared to other baselines, they still fall short of ETR. Specif-
ically, ETR reduces runtime by 38 times compared to GIF
and 12 times compared to MEGU.

The memory overhead results are shown in Table 2. ETR
performs comparably to the baselines on small datasets and
outperforms them on larger datasets (Photo and Computer).
This is because memory overhead on small datasets is pri-
marily driven by model parameters, limiting the advantages
of ETR. However, ETR reduces memory overhead on large
datasets by not requiring the entire training dataset, decreas-
ing it by 3.4 times compared to Retrain. Among the base-
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Figure 2: Adversarial edge unlearning on the Cora dataset.

Bone Method ogbn-arxiv ogbn-products

F1 T S D F1 T S D

GCN

Retrain 67.5 152 3.7 - 73.6 519 11.2 -
BEKM 64.8 1290 2.9 8e-1 OM OM OM OM
BLPA 63.9 1323 0.9 8e-1 OM OM OM OM
GIF 62.1 7 19.7 1 OM OM OM OM

GNNDelete 51.7 34 8.2 - OM OM OM OM
MEGU 65.6 2 5.9 4e-2 71.3 7 26.8 6e-2

ETR 66.4 0.08 1.2 2e-2 73.8 0.5 1.2 9e-3

GAT

Retrain 67.3 217.9 6 - 73.9 709 11.2 -
BEKM 65.3 1804 3.0 6e-1 OM OM OM OM
BLPA 64.7 1658 2.5 6e-1 OM OM OM OM
GIF 66.1 12 34.5 5e-1 OM OM OM OM

GNNDelete 49.6 44 10.1 - OM OM OM OM
MEGU 58.5 3 11.2 4e-3 63.7 8 26.9 5e-2

ETR 67.8 0.1 1 2e-2 73.9 0.7 1.3 2e-2

Table 4: Performance comparison on large-scale graphs,
where S denotes memory overhead, D indicates parameter
distance, and “OM” represents “out of memory”.

lines, BLPA performs best due to its use of graph parti-
tioning, which reduces memory overhead but significantly
degrades model utility. Overall, ETR achieves an excellent
trade-off between unlearning efficiency and model utility.

Evaluation of Unlearning Efficacy (RQ1)

We assess unlearning efficacy using both direct and indirect
evaluation methods. For direct evaluation, we measure the
root mean square distance between the parameters of the un-
learned model and those of the retrained model. As shown
in Table 3, ETR consistently performs best in most cases, in-
dicating that its parameters are closest to those obtained by
retraining from scratch, thereby demonstrating ETR’s effec-
tiveness in achieving graph unlearning.

For indirect evaluation, we follow the approach used by
GIF and MEGU, adding adversarial edges between nodes of
different categories in the training graph. These edges serve
as unlearning targets, and we then assess the utility of the
unlearned model. As shown in Figure 2, the performance of
the vanilla trained model declines with increasing attack ra-
tios, while GIF, MEGU, and ETR maintain or even improve
performance. This demonstrates the effectiveness of these
methods. Notably, ETR consistently outperforms the other
baselines, highlighting its strong unlearning efficacy.
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Figure 3: Performance with varying hyperparameters.

Evaluation on Large Scale Graphs (RQ2)
We conduct experiments on the ogbn-arxiv and ogbn-
products datasets to assess ETR’s effectiveness and effi-
ciency on large-scale graphs, with the results shown in Ta-
ble 4. GUIDE encounters out-of-memory issues on both
datasets, while GraphEraser and GIF also experience out-of-
memory issues on the ogbn-products dataset. ETR demon-
strates superior performance in terms of model utility, un-
learning efficiency, and unlearning efficacy on large-scale
graphs. Specifically, ETR shows an average utility improve-
ment of 9.13% over MEGU, reduces runtime by thousands
of times compared to Retrain, and decreases memory over-
head by 7 times compared to Retrain and 15 times com-
pared to MEGU. In terms of unlearning efficacy, ETR per-
forms best in most cases. Overall, ETR achieves better per-
formance and efficiency compared to other methods.

Hyperparameter Analysis (RQ3)
The hyperparameters m and λ are crucial for ETR’s perfor-
mance. The value of m determines how much the param-
eters are modified, thereby influencing the extent of model
forgetting. The value of λ controls the extent of model recti-
fication. In this section, we investigate their impact on ETR’s
performance using the PubMed, CiteSeer, and Cora datasets.

We investigate the effect of different m values on the
Erase strategy, with results shown in Figure 3. It can be ob-
served that increasing m generally improves model perfor-
mance, but performance declines if m becomes too large.
This is because larger m values help the model forget un-
learned samples effectively, while excessively large values
can also lead to the loss of essential knowledge. Typically,
m values between 8‰ and 16‰ provide the best results for
the Erase strategy. Notably, the model performs better com-
pared to m = 0, confirming that the Erase strategy effec-
tively forgets unlearned samples and supports Theorem 1.

We tune λ within the range of [0, 0.9] to investigate how it
affects ETR’s performance, with results shown in Figure 3. It
can be observed that ETR’s performance generally improves
as λ increases. However, performance declines if λ becomes
too large. This is because larger λ values aid in model rectifi-
cation, while excessively large values can also lead to exces-
sive rectification. Optimal performance for ETR is typically
achieved with λ values between 0.3 and 0.5.

Ablation Studies (RQ4)
This section investigates the effectiveness of different strate-
gies in ETR. The Erase strategy is crucial for model forget-
ting, while Rectify is critical for maintaining model utility.

Method PubMed CiteSeer Cora CS Physics
w/ mask 88.91 77.00 82.51 92.44 95.80
w/o mes 89.30 76.91 82.44 92.53 95.70

ETR 89.48 77.09 83.54 92.72 95.71

Table 5: Performance comparison between model variants.

Metric PubMed CiteSeer Cora CS Physics
AD 5.7E-06 8.1E-07 1.7E-06 5.3E-06 1.6E-04
RD 0.23 0.09 0.07 0.36 0.22

Table 6: The difference between the approximate gradient
and the true gradient.

Results in Figure 3 indicate that increasing m improves per-
formance compared to m = 0, demonstrating the effective-
ness of the Erase strategy in forgetting unlearned samples.
Similarly, increasing λ improves performance compared to
λ = 0, indicating that the Rectify strategy effectively en-
hances the model performance on the remaining dataset.

To further investigate the effectiveness of the Erase strat-
egy, we compare ETR with two model variants, as shown in
Table 5. Specifically, “w/ mask” refers to using the masking
strategy, while “w/o mes” indicates not considering the im-
pact of message propagation. The results show that ETR out-
performs both variants in most cases, except for a slight de-
crease on the Physics dataset compared to “w/ mask”. This
demonstrates that parameter editing is more effective than
just applying a mask and emphasizes the importance of con-
sidering message propagation in graph unlearning.

In the Rectify stage, we use the induced graph of un-
learned samples to approximate the gradient of the model
on the remaining dataset. We measure the difference of this
approximation using Absolute Difference (AD) and Relative
Difference (RD), as shown in Table 6. The results show that
both differences are minimal, indicating that the gradient ap-
proximation ensures both efficiency and accuracy.

Conclusion
In this paper, we investigate cost-effective graph unlearning
and proposes the ETR method, which removes the influ-
ence of unlearned samples while preserving model perfor-
mance on the remaining data. In the Erase stage, we use the
Fisher Information Matrix to identify parameters crucial for
unlearned samples and their impact on connected samples,
then modify them to forget both the unlearned samples and
their influence. In the Rectify stage, we leverage the induced
graph of unlearned samples to approximate the model’s gra-
dient on the remaining data, which is then used to enhance
model performance. Extensive experiments demonstrate that
ETR achieves strong performance in both efficiency and ef-
fectiveness. Future work will explore unlearning partial at-
tributes in multi-attribute samples and partial objectives in
multi-task settings (Liu and Tsang 2015; Liu, Tsang, and
Müller 2017; Liu et al. 2019), where strong dependencies
between different attributes and different tasks pose chal-
lenges, especially in graph-based scenarios, where there are
also strong dependencies between samples.
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P.; and Bengio, Y. 2018. Graph Attention Networks. In ICLR
(Poster).
Wang, C.; Huai, M.; and Wang, D. 2023. Inductive Graph
Unlearning. In USENIX Security Symposium, 3205–3222.
Wu, J.; Yang, Y.; Qian, Y.; Sui, Y.; Wang, X.; and He, X.
2023a. GIF: A General Graph Unlearning Strategy via In-
fluence Function. In WWW, 651–661.
Wu, K.; Shen, J.; Ning, Y.; Wang, T.; and Wang, W. H.
2023b. Certified Edge Unlearning for Graph Neural Net-
works. In KDD, 2606–2617.
Xu, H.; Zhu, T.; Zhang, L.; Zhou, W.; and Yu, P. S. 2024.
Machine Unlearning: A Survey. ACM Comput. Surv., 56(1):
9:1–9:36.
Yang, Z.; Cohen, W. W.; and Salakhutdinov, R. 2016. Revis-
iting Semi-Supervised Learning with Graph Embeddings. In
ICML, 40–48.
Yang, Z.; Han, J.; Wang, C.; and Liu, H. 2024. Erase then
Rectify: A Training-Free Parameter Editing Approach for
Cost-Effective Graph Unlearning. CoRR, abs/2409.16684.
Zhou, J.; Cui, G.; Hu, S.; Zhang, Z.; Yang, C.; Liu, Z.; Wang,
L.; Li, C.; and Sun, M. 2020. Graph neural networks: A
review of methods and applications. AI Open, 1: 57–81.

13051


