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Abstract

Graph unlearning, which deletes graph elements
such as nodes and edges from trained graph neu-
ral networks (GNNSs), is crucial for real-world ap-
plications where graph data may contain outdated,
inaccurate, or privacy-sensitive information. How-
ever, existing methods often suffer from (1) incom-
plete or over unlearning due to neglecting the dis-
tinct objectives of different unlearning tasks, and
(2) inaccurate identification of neighbors affected
by deleted elements across various GNN architec-
tures. To address these limitations, we propose
AGU, a novel Adaptive Graph Unlearning frame-
work that flexibly adapts to diverse unlearning tasks
and GNN architectures. AGU ensures the complete
forgetting of deleted elements while preserving the
integrity of the remaining graph. It also accurately
identifies affected neighbors for each GNN archi-
tecture and prioritizes important ones to enhance
unlearning performance. Extensive experiments on
seven real-world graphs demonstrate that AGU out-
performs existing methods in terms of effective-
ness, efficiency, and unlearning capability.

1 Introduction

Machine unlearning (MU) [Sekhari er al., 2021] has emerged
as a pivotal step towards responsible Al, enabling the effi-
cient removal of irrelevant, inaccurate, or privacy-sensitive
data from trained models. While most MU methods focus on
image or text data in Euclidean space, real-world data often
appear in the form of graphs, prompting growing interest in
unlearning for graph-based models, particularly graph neural
networks (GNNSs). For instance, fraudulent accounts in fi-
nancial networks and outdated relations in knowledge graphs
should be removed from their corresponding trained GNNs
to prevent erroneous predictions. A naive approach is to re-
train a new GNN on the updated graph, but this is costly and
impractical for frequent unlearning requests. To address this
issue, graph unlearning (GU) [Fan er al., 2025] has been pro-
posed to efficiently eliminate the influence of specific graph
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Figure 1: Examples of graph unlearning tasks. The deletion of node
vo or edge (vo, v1) affects vz in GCN but not in GAT.

elements (e.g., nodes and edges) from trained GNNs. Be-
cause the effectiveness of GNNs relies on message propaga-
tion across local neighborhoods, effective GU requires not
only forgetting information related to the unlearning elements
(e.g., deleted nodes or edges in Fig. 1), but also minimiz-
ing their impact on neighboring nodes, referred to as affected
neighbors (e.g., ego nodes, 1- and 2-hop neighbors in Fig. 1).

Recently, a wide range of GU studies [Wu et al., 2023a;
Tan et al., 2024] focus on developing general frameworks that
can address various GU tasks (e.g., node and edge unlearn-
ing) while supporting different backbone GNN architectures
(e.g., GCN [Kipf and Welling, 2016] and GAT [Velickovic et
al., 2017]). However, these studies either overlook the dis-
tinct objectives of different GU tasks, or neglect the unique
message-passing mechanisms of various GNN architectures,
leading to two critical limitations as follows.

Limitation 1: Ineffective Forgetting of Unlearning Ele-
ments. To remove information about deleted elements from
a trained GNN, a series of GU methods [Li et al., 2024b;
Kolipaka et al., 2024] adopt a common MU strategy that pe-
nalizes the trained GNN for correctly predicting labels as-
sociated with deleted elements. However, this strategy is
not universally effective across all GU tasks and often re-
sults in incomplete or over unlearning: (1) Incomplete node-
unlearning: These methods input the remaining graph and
deleted nodes into the trained GNN to generate labels for un-
learning. However, since deleted nodes become isolated af-
ter removal, unlearning them in isolation only forgets their
intrinsic attributes (e.g., node features), while ignoring the
need to forget their original connections (e.g., related edges



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

Node Edge

Methods Backbone GNNs Unlearn. Unlearn.
Delete (2023) GCN, GAT, GIN K+1 hops K hops
CEU (2023) GCN, GIN, SAGE - K hops
GIF (2023) GCN, SGC, GAT, GIN K+1 hops K hops
IDEA (2024) GCN, SGC, GAT, GIN K+1 hops K hops
MEGU (2024) GCN, SGC, GAT, GIN K hops K hops
Cognac (2024) GCN, GAT K+1 hops K hops
ETR (2025) GCN, GAT K hops K-1 hops

GCN, SGC K+1 hops K hops
AGU (Ours) GIN, GAT, SAGE K hops K-1 hops

Table 1: A summary of the affected ranges in recent GU studies. K
denotes the number of layers in the trained GNN.

in Fig. 1(a)). (2) Over edge-unlearning: These methods
transform edge-level GU tasks into node unlearning scenar-
ios. Specifically, nodes connected to deleted edges (referred
to as ego nodes, as shown in Fig. 1(b)) are treated as unlearn-
ing elements, while the topology of the remaining (undeleted)
edges is preserved. However, this transformation inadver-
tently leads to the unlearning of these ego nodes’ features,
which should instead be retained in the remaining graph.
Limitation 2: Inaccurate Identification of Affected
Neighbors. Existing GU methods have demonstrated that
unlearning performance is heavily influenced by the iden-
tification of affected neighbors [Wu er al., 2023b; Dong et
al., 2024]. However, these methods uniformly set the same
affected range for all backbone GNNs. This setting over-
looks the fact that different GNN architectures (e.g., GCN
and GAT) employ distinct message-passing mechanisms, re-
sulting in different degrees of influence on neighbors in node
and edge unlearning. Table 1 compares the affected ranges
used in existing methods with those identified in our study.
Figs. 1(c) and 1(d) illustrate why the affected ranges dif-
fer across various backbone GNNs. Consider the message-
passing process of node vs in a two-layer GNN, where v3 ag-
gregates messages from its neighbors within two hops (e.g.,
node features of vy and vs). If node vy or edge (vo,vy) is
deleted, the degree of v; decreases. Since GCN normalizes
neighbor features based on node degrees, this degree change
affects the message aggregated by vs, i.e., A msg(vs)£0.
In contrast, GAT aggregates neighbor information without
degree-based normalization, leaving the message aggregated
at vz unaffected, i.e., Amsg(v3)=0. Consequently, the af-
fected range in GAT is one hop smaller than that in GCN.
Although some GU methods [Li ez al., 2024b] propose strate-
gies to select important affected neighbors, they overlook the
different impact of degree changes on various GNNSs, limiting
their ability to accurately identify truly affected neighbors.
Our Work. In this paper, we propose an Adaptive Graph
Unlearning framework (AGU) that flexibly adapts to various
GU tasks and backbone GNNs. To address Limitation 1, we
propose the task-adaptive element forgetting, which contains
two basic unlearning modules that can be combined to effec-
tively handle GU tasks at the node, edge, and feature levels.
To address Limitation 2, we propose a GNN-adaptive neigh-
bor selection strategy, which accurately identifies affected
neighbors for each backbone GNN, and prioritizes highly af-
fected neighbors across different GU tasks.
Contributions. (1) Affected neighbor correction. We iden-

tify and rectify inaccuracies in affected neighbor identifica-
tion, a longstanding issue in the GU literature. (2) Adaptive
GU framework. We propose a novel framework that flexibly
adapts to various GU tasks and backbone GNNs. (3) Uni-
versal selection strategy. We propose a novel neighbor selec-
tion strategy that can be integrated into existing GU methods,
improving both effectiveness and efficiency. (4) SOTA per-
formance. Extensive experiments on seven real-world graphs
show that AGU outperforms state-of-the-art methods in terms
of effectiveness, efficiency, and unlearning capability.

2 Preliminaries

2.1 Notations and Background

Consider a graph G={V, £, X'} with |V| nodes and |£| edges.
Each node v; € V is associated with a feature vector x; €
X. In this paper, we focus on the node classification task.
The training set Dy contains N samples {z1, z2, . - ., Zv}, each
annotated with a label y € ). The objective is to train a GNN
model f to predict the label of a given node v € V.

2.2 Graph Unlearning

In this part, we provide an overview of recent advances
in GU. Early studies primarily focus on specific unlearning
tasks and backbone GNN architectures. For instance, Gra-
phEraser [Chen et al., 2022] and GUIDE [Wang er al., 2023]
partition the graph into multiple shards and process the af-
fected ones, but they only support node unlearning tasks.
GraphEditor [Cong and Mahdavi, 2022], SGCunlearn [Chien
et al., 2023], and ScaleGUN [Yi and Wei, 2025] offer closed-
form solutions with theoretical guarantees but are limited
to linear GNNs. Recent advancements [Li et al., 2024a;
Yang et al., 2025] extend GU to a wider range of tasks and
backbone GNNs. For example, Delete [Cheng et al., 2023]
proposes general operators to remove deleted elements, while
GIF [Wu et al., 2023al and IDEA [Dong et al., 2024] estimate
parameter changes for various GU tasks. MEGU [Li et al.,
2024b] improves performance by identifying highly affected
neighbors. However, these methods either overlook the dis-
tinct objectives of different GU tasks or inaccurately identify
affected neighbors, leading to suboptimal performance.

2.3 Graph Unlearning Formalization

Given a GNN model fg trained on a graph G, and an unlearn-
ing request AG={AV, AE, AX}, the goal of GU is to derive
anew GNN model f that closely approximates fg\ag, which
represents the model retrained from scratch on the remaining
graph G\AG. GU tasks can be classified into three types:
Node Unlearning: AG={AV, (), 0}, where AV is the set of
nodes to be unlearned. Edge Unlearning: AG={0, A&, (},
where A€ is the set of edges to be unlearned. Feature Un-
learning: AG={(), ), AX}, where AX denotes the set of fea-
tures to be unlearned, which will be replaced with zeros.

3 Methodology

3.1 Framework Overview

The overall framework of AGU is illustrated in Fig. 2. To ad-
dress incomplete or over unlearning across different GU tasks
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Figure 2: The overall architecture of our proposed AGU framework.

and accurately identify affected neighbors, AGU includes two
key components: (1) Task-adaptive element forgetting, which
contains two basic unlearning modules that can be combined
to comprehensively forget information at the node, edge, and
feature levels, respectively. (2) GNN-adaptive neighbor se-
lection, which determines the accurate affected range for dif-
ferent GNNs and identifies highly affected neighbors. These
components empower AGU to perform specific strategies for
different GU tasks while effectively mitigating the influence
on affected neighbors across various GNN architectures.

3.2 Task-adaptive Element Forgetting

GU tasks at the node, edge, and feature levels typically re-
quire distinct unlearning strategies, making it complex to ad-
dress tasks across different levels. However, GU tasks at dif-
ferent levels share commonalities that can help reduce redun-
dant unlearning processes and enable flexible adaptation to
complex scenarios. In this section, we design two basic un-
learning modules: edge connection unlearning and individual
feature unlearning, which effectively address edge and fea-
ture unlearning, respectively. Moreover, their combination
provides a comprehensive solution for node unlearning.
Edge Connection Unlearning. Given a GNN fg trained on
a graph G and an edge unlearning task AG={0, A&, (0}, we
aim to adjust fg to obtain an unlearned model f . Ideally, f
should be unable to recognize whether a deleted edge e,, EAE
was originally part of G. A common approach is to use the
deleted edge consistency loss (Lpgc) [Cheng er al., 2023],
which minimizes the difference between the representations
of deleted edges and those of randomly selected node pairs:

ﬁDEC = dls({@(huv hv)|€m, € Ag}a {‘P(h[” h4)|p7 q €r V%%)
where h and h represent the node embeddings output by f
and fg, respectively. o(-) aggregates the embeddings of two
nodes (e.g., via concatenation). dis(-) is a function positively
correlated with the difference. € indicates random selection.

However, enforcing the end nodes of edges in AE to ap-
proximate random node pairs may not accurately reflect the
actual post-deletion homophily, where connected nodes in a
graph typically share similar attributes or belong to the same

class [Zhu et al., 2020]. Therefore, even after the removal
of edges in A&, their end nodes are expected to retain ho-
mophily and should not be treated as randomly paired nodes.
To preserve the underlying homophily between nodes
(u,v) € AE, we refine Eq. (1) by proposing a new candi-
date set VX for selecting comparable node pairs. Specifically,
VK consists of common neighbors within the k-hop range of
uand v, ie., V¥, = VN VK where V¥ denotes the set of nodes
within k hops of v. We replace V in Eq. (1) with V¥ to define
our edge unlearning loss, denoted as Lgy. If [VEN VA < 2,
we set VX as the union of the two sets, i.e., VX U VE.
Individual Feature Unlearning. Since fg is trained us-
ing node labels as supervision signals, feature unlearning

(AG={0,0, AX'}) requires the unlearned GNN f to disso-
ciate the node features in AX from their corresponding la-
bels predicted by fg. Existing methods [Li er al., 2024b;
Kolipaka et al., 2024] typically achieve this through gradi-

ent ascent, which penalizes f for predicting the same labels
as fg for nodes associated with AX.

However, since GNNs aggregate neighbor information to
generate representations for prediction, directly applying gra-
dient ascent can lead to the loss of valuable neighbor informa-
tion, potentially degrading the performance of the unlearned

GNN f . For example, if fg employs a weighted aggregation
strategy that assigns lower weights to the target node v but
higher weights to its neighbors, v’s own features contribute
less to its prediction. In this case, applying gradient ascent
to v does not entirely cut the relationship between its features
and the corresponding label. Instead, it may inadvertently de-
grade the prediction performance of other nodes that share
similar neighbor information with v.

To address this issue, we propose a novel feature unlearn-
ing strategy that adaptively forgets deleted features while
preserving valuable neighbor information. Specifically, we
freeze the trained GNN fg and input individual nodes without
edge connections (i.e., G\&) into fg to obtain their indepen-
dent label distributions y’ as self-supervised signals. Then,
we enforce the unlearned GNN f to output a distinct label
distribution y on the remaining graph G\ AG:

»CFU - — ZMEVAX »CKL(ylln yu)a (2)
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where Va y denotes the set of nodes whose features are to be
unlearned. Ly (+) is the Kullback-Leibler divergence. The ra-
tionale behind Eq. (2) is: (1) If fg relies more on u’s features
for prediction, y/, should approximate y,. Thus, enforcing a

distributional difference between y/, and ¥, encourages f to
forget the correlation between u’s features and the prediction
made by fg. (2) If fg relies more on u’s neighbor informa-
tion for prediction, y/, should differ from y,. Thus, enforcing
a distributional difference between y/, and ¥, can forget u’s
own features while preserving valuable neighbor information.
Node Unlearning. A simple yet common strategy to forget
deleted nodes AV in a trained node classification model fg is
to apply a reverse cross-entropy loss: — > - ny, Lee(Vy V)
where y, is the prediction of fg on G, and y, is the prediction
of f on the remaining graph G\ AV. However, since the nodes
in AV become isolated after deletion, y, depends only on u’s
own features and is no longer influenced by its original neigh-
bors. Thus, applying this loss function cannot ensure f fully
forgets the original connections between u and its neighbors.
For comprehensive node unlearning, we adopt a new per-
spective by transforming the task from {AV, (), 0} to {0, A&,
AX}, where AE represents the edges connected to nodes in
AV, and AX denotes node features of AY. This transfor-
mation allows us to combine our proposed edge and feature
unlearning modules to derive the node unlearning loss Lyy:

Lyy = aLlgy + Lru, 3)

where « is a loss coefficient hyper-parameter.

3.3 GNN-adaptive Neighbor Selection

Existing studies [Wu et al., 2023b; Li et al., 2024b] show that
unlearning performance heavily depends on the identification
of affected neighbors. Moreover, selecting highly affected
neighbors can improve both the effectiveness and efficiency
of unlearning. In this section, we address inaccuracies in ex-
isting methods for identifying affected neighbors and propose
a novel GNN-adaptive selection strategy.

Accurate Affected Neighbor Identification. Given a k-layer
trained GNN fg on graph G and an unlearning request AG,
existing GU methods identify the affected neighbors N ei-
ther directly based on the number of layers (i.e., k) [Dong
et al., 2024; Li et al., 2024b] or through k-step normalized
propagation [Wu et al., 2023a; Chen er al., 2023] as follows:

Ny = {i\AH(A,A)ﬁéO, ieg\Ag}, “)

AH(A,A) = [(D72AD™2) — (D2 AD 2)"X, (5)

where A and A are the adjacency matrices of G and G\ AG,
respectively, with D and D as their corresponding degree ma-
trices. AH(A, A) quantifies the propagation change before
and after deleting unlearning elements. Nodes outside AG
that satisfy AH (A, A)70 are considered affected neighbors.

Howeyver, this identification method is limited to backbone
GNNss that incorporate node degrees in message passing (e.g.,
GCN, SGC [Wu et al., 2019]), which we refer to as degree-
based GNNs. In contrast, degree-free GNNs (e.g., GAT, GIN
[Xu et al., 2018]) aggregate neighbor information without re-
lying on node degrees, leading to a different set of affected
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neighbors. As discussed in Section 1, degree-free GNNs typ-
ically influence fewer nodes than their degree-based counter-
parts. We validate this difference through experiments (see
Appendix [Ding et al., 2025] for details). This influence dis-
crepancy suggests that existing methods incorrectly set the
same range of affected neighbors for all backbone GNNs. To
address this issue, we summarize the correct affected range
for popular GNNs in Table 1, and propose a simple yet gen-
eral strategy to accurately identify affected neighbors without
analyzing the architecture of the trained GNN fg:

-A/ac = {V | frand(g)v ?é frand(g \ Ag)v, veg \ Ag}7 (6)

where f,,,s denotes a randomly initialized GNN with same
architecture as fg. Note that in practice, it is crucial to re-
move randomness from f,,,;’s message-passing process to
ensure accurate identification of affected neighbors.
Marginal Neighbor Filtering. For node and edge unlearn-
ing, degree-based GNNs affect an additional hop of neighbors
compared to degree-free GNNs (as shown in Table 1). We re-
fer to these extra affected neighbors as marginal neighbors.
Note that for feature unlearning, since the graph structure re-
mains unchanged after unlearning, the affected range is the
same for all backbone GNNs.

We first analyze the impact of unlearning on marginal
neighbors compared to other affected neighbors. Consider
the message-passing process in a simple and classic degree-
based GNN, SGC. The output for node i at the I-th layer is:

=3 h Yo ™
i iEN; d,dj

. 1 )
! JEN] Ht:l vV dj, ,dj,
where A} denotes the set of i’s neighbors at the I-th hop. d; is

the degree of node i. The term Hi:l \/d;,  d;, represents the
degree normalization over / layers.

In node unlearning, if i is a marginal neighbor, the dele-
tion of unlearning nodes causes only a minor degree change,
Ad, for some of i’s neighbors / hops away (i.e., djl), while
leaving AV} unchanged. In contrast, for other affected neigh-
bors, message passing is often obstructed due to a reduction
in \V}, leading to a more significant change in Ah. There-
fore, marginal neighbors tend to be less influenced than other
affected nodes. To filter out marginal neighbors with mini-
mal impact from degree changes, we propose the following
filtering strategy: A marginal neighbor should be considered
only if the degree change in its neighbors exceeds the effect of
randomly removing one of its neighbors:

Niwn = {i||AH(A, A);| — |AH(A', A),| > 6}, (8)

where A’ is the adjacency matrix obtained after randomly
deleting an edge within the k-hop neighborhood of each node
in AG. 6 represents the difference threshold parameter.

Affected Neighbor Selection. In this part, we propose a gen-
eral strategy to select important affected neighbors. Existing
GU methods typically employ inverse feature propagation on
the original graph G to identify highly affected neighbors.
Specifically, they perform feature propagation (e.g., A¥X)
using the original feature matrix X and its inverse counter-
part X’'=1-X. By comparing propagation results for the same



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

Task Method Cora Citeseer PubMed Photo Computer CS Flickr
Bone GCN GIN GCN GIN GCN GIN GCN GIN GCN GIN GCN GIN GCN GIN
Retrain | 86.1+.4 83.5+.7 | 74.6+3 73.6+.7 | 88.6+.7 84.9+4 | 91.8+2 859+4 | 83.7+.7 77.8+8 | 92.1+2 90.9+3 | 49.1+.1 47.3+4
Delete | 82.5+5 76.2+1 | 71.4+5 67.4+1 | 84.6+2 76.1+3 | 89.2+4 83.5+.0 | 84.2+5 752+.0 | 91.4+3 87.9+1 | 45.5+4 40.4+4
GIF | 84.5+.6 82.1+7 | 732+£5 72.4+7 | 86.5+9 84.2+3 |89.7+8 76.2+£6 | 83.5+4 77.1+3|91.7+3 88.7+4 | 47.4+8 42.5+5
IDEA | 80.2+#2 823+7 | 69.7+2 72.6+.7 | 82.3+3 84.3+3 | 88.1+2 78.8+4 | 83.3x4 78.2+2 | 91.6+3 88.4+4 | 47.1£2 42.5+.6

Node MEGU | 85.4+.6 83.6+3 | 74.8+.5 73.1+7 | 87.1x2 84.9+3 | 91.9+4 80.6+4 | 85.8+.3 783+2|92.2+3 89.4+4 | 49.3+2 44.6+.3
UTU | 84.2+0 80.5+.0 | 72.7+#.0 70.6+.0 | 86.7+.0 83.6+.0 | 89.5+.0 83.8+.0 | 80.8+.0 77.3+.0 | 91.4+.0 88.3+.0 | 47.1+.0 41.8+.0
ETR | 84.9+.7 83.4+8 | 742+6 73.3+6 |87.3£9 85.1+3|92.3+3 74.2+6 |857+3 70.6+2 | 91.8+2 90.4+5 | 48.1+8 40.2+2
Cognac | 85.1+.5 82.9+.8 | 74.0+.6 73.2+9 | 87.4+.1 85.2+.1 | 92.2+2 84.1+4 | 85.2+5 78.4+3 | 92.1+.1 90.9+.2 | 48.7+.1 43.4+3
AGU | 85.9+3 84.3+.2 | 76.2+.5 73.8+.7 | 88.4+.2 85.5+.3 | 92.6+.1 85.7+3 | 86.3+4 79.3+.5 | 92.8+.3 91.7+4 | 50.2+.2 46.8+.5
Bone | SAGE GAT | SAGE GAT | SAGE GAT | SAGE GAT | SAGE GAT | SAGE GAT | SAGE GAT
Retrain | 86.8+.3 86.5+.2 | 78.0+.6 75.1+2 | 89.1+4 84.9+4 | 94342 90.1+.2 | 88.4+.8 84.6+.7 | 94.1+.2 91.3+3 | 49.8+8 49.2+4
Delete | 84.7+.4 84.3+7 | 73.7+5 73.2+.1 | 88.9+3 82.6+9 | 92.6+.6 85.4+4 | 86.5+.6 78.7+4 | 92.8+4 91.1+2 | 47.2+7 46.2+5
GIF | 86.1+.1 85.2+4 | 77.6+5 73.7+7|89.3+.0 85.4+3 | 93.6+.6 87.8+.7 | 86.3+4 78.2+3 |93.6x.1 90.7+2 | 48.7+4 46.7+3
IDEA | 85.6+.7 852+4 | 76.7+5 73.8+7 | 88.7+3 852+3 | 91.7+5 87.6+.7 | 84.5+.7 783+7 | 92.5+2 90.9+2 | 47.8+.8 46.7+5

Edge MEGU | 85.9+.3 86.2+.1 | 78.1+.1 74.1+.8 | 89.2+.3 86.4+.6 | 94.3+2 89.7+3 | 87.5+.1 82.8+4 | 94.2+.1 92.1+3 | 49.6+.3 45.8+.6
UTU | 83.8+0 82.2+.0 | 77.5+.0 71.6+0 | 882+0 80.3+0 |93.7+.0 85.9+.0 | 87.1+0 73.7+0 | 94.1+0 89.9+.0 | 47.5+.0 45.1+.0
ETR | 84.2+2 855+5| 73243 74.3+3 | 87.5+2 86.4+.1|94.1+.6 90.9+4 | 87.3+4 83.5+3 | 94.1+£2 O91.1x1 | 49.5+6 47.1+7
Cognac | 83.9+.6 85.9+.6 | 77.9+5 73.6+4 | 88.4+2 86.3+£2 | 92.5+2 90.4+5 | 87.6+.3 81.9+5 | 93.9+2 91.8+2 | 49.4+2 47.6+.2
AGU | 87.4+2 86.9+.1 | 78.6x.2 75.5+3 | 90.2+.3 87.1x4 | 953+5 92.3+.6 | 88.7+4 85.4+.3 | 94.5+.2 92.7+.2 | 50.3+.5 48.6x.1

Table 2: Performance comparison in terms of F1 score. The best results are highlighted in bold, while the second-best results are underlined.

node, they identify highly affected neighbors as those with
significant differences. However, this approach overlooks
variations across different GU tasks and GNN architectures.
To address this limitation, we propose a task- and GNN-
adaptive neighbor selection module. The idea is to utilize
the trained GNN to directly identify important affected neigh-
bors. Specifically, we freeze the trained model fg and input
G and G\ AG into fg. We then compare the differences in the
node representations output by fg for these two graphs:

diff (v) = dis(fg(G \ AG)v, fg(G)v), ©)
where fg(+), denotes the representation of node v output by
fg. dis(+) is a function that positively correlates with the dif-
ference. Intuitively, nodes with higher diff(-) values are more
significantly affected by the unlearning elements. Thus, we
select the top-k,,s nodes with the highest diff(-) values as
important affected neighbors, denoted as Njq,. For degree-
based GNNs, we first apply marginal neighbor filtering, then
use the remaining affected neighbors for further selection.
Optimization Objective. Unlike the labels of unlearning el-
ements in AG, which are intended to be forgotten in the un-
learned GNN f , the predictive accuracy for the highly af-
fected neighbors A, should be preserved in f . To this
end, we follow [Li et al., 2024b] and treat the predictions of
the original model (fg) as self-supervised signals for A,,.
Specifically, we freeze the parameters of fg and define a
cross-entropy 1oss Lav=)_,cr. Lce(YyY,), where y, is the

prediction of fg on G, and y,, is the prediction of fong \AG.
Finally, by combining L4y with the loss on the unlearning
elements AG, the overall loss is formulated as:

L = Lgr + Lan, (10)

where Lgr is selected from {Lyy, Ley, Lry} based on the
specific GU task.

4 Experiments

We conduct extensive experiments to answer the following
research questions: RQ1: How does AGU perform compared

to state-of-the-art methods? RQ2: How does each proposed
module in AGU contribute to the overall performance? RQ3:
Can our proposed neighbor selection strategies enhance the
performance of existing methods? RQ4: How do different
parameter settings influence AGU’s performance?

4.1 Experimental Setup

Datasets. We select seven widely used datasets: Cora, Cite-
seer, PubMed [Yang et al., 2016], Amazon-Photo, Amazon-
Computers, Coauthor-CS [Shchur ez al., 2018], and Flickr
[Zeng et al., 2019]. The datasets are split following the guide-
lines of recent GU studies [Cheng et al., 2023; Li et al.,
2024b], with 80% of the nodes used for training and 20% for
testing. Detailed statistics and descriptions of these datasets
are provided in the Appendix [Ding et al., 2025].

Backbone GNNs and Baselines. We evaluate the adaptabil-
ity of AGU using two degree-based GNNs: GCN [Kipf and
Welling, 2016] and SGC [Wu er al., 2019], and three degree-
free GNNs: GAT [Velickovic et al., 2017], SAGE [Hamilton
et al., 2017], and GIN [Xu er al., 2018]. We compare AGU
against seven state-of-the-art baselines: Delete [Cheng et
al., 2023], GIF [Wu ef al., 2023a], IDEA [Dong et al., 2024],
MEGU [Li et al., 2024b], UTU [Tan er al., 2024], ETR [Yang
et al., 2025], and Cognac [Kolipaka er al., 2024]. Detailed
descriptions of these GNNs and baselines are provided in the
Appendix. For all methods, we set the embedding dimension
to 64, and fix the number of GNN layers at 2. Baseline pa-
rameters are initialized using the values reported in the orig-
inal papers and further fine-tuned for optimal performance.
In AGU, the edge unlearning loss Lgy uses concatenation for
©(+) and mean-squared error for dis(-), while Eq. (9) uses
cosine similarity for dis(-). The loss coefficient parameter «
is set to 0.1. To ensure a fair comparison, each experiment is
repeated 10 times and we report the average performance.
Unlearning Tasks. In our experiments, GU tasks are de-
signed as follows: (1) Node-level: We randomly delete 5%
of nodes from the training graph and remove their associated
edges. (2) Edge-level: We randomly delete 5% of edges

2771



Proceedings of the Thirty-Fourth International Joint Conference on Artificial Intelligence (IJCAI-25)

Cora Citeseer PubMed
Bone  Method F1 Time F1 Time F1 Time
Retrain | 82.4+.1 549 72.2+1 7.38 83.5+1 24.1
Delete | 81.6+2 1.75 70.4+3 1.18 82.5+.1 2.96
GIF 82.6+.2 0.23 70.2+2 0.24 83.1x1 1.36
SGC IDEA | 83.8+4 0.24 61.5+7 024 823+9 142
MEGU | 84.3+2 0.14 73.1+2 0.18 829+.1 0.27
ETR | 83.9+4 0.01 72.8+1 0.02 84.1+4 0.03
Cognac | 83.4+2 0.84 729+2 091 839+1 1.63
AGU | 85.1+2 0.07 73.8+2 0.12 84.7+.1 0.13
Retrain | 84.5+2 10.5 7234 163 84.1+4 426
Delete | 83.4+.3 2.53 68.4+1 236 76.8+3 272
GIF 85.4+.1 026 722+1 026 84.2+3 230
GIN IDEA | 8534 0.25 71.9+7 026 84.2+7 222
MEGU | 85.6+2 0.15 729+3 0.15 849+1 0.24
ETR | 84.3+3 0.01 732+2 0.02 84.7+3 0.03
Cognac | 84.3+4 0.83 71.6+8 0.69 85.1+2 1.76
AGU | 86.7+.2 0.07 73.9+4 0.08 85.5+3 0.08

Table 3: Performance comparison of feature unlearning.

from the training graph. (3) Feature-level: We randomly
select 5% of nodes from the training graph and mask their
full-dimensional features. Results for other unlearn ratios are
provided in the Appendix. All methods are evaluated us-
ing the Micro-F1 score for node classification. To further
evaluate the unlearning capability of GU methods, we adopt
the widely used Edge Attack approach [Wu et al., 2023a;
Li et al., 2024b]. Specifically, we add noisy edges into the
training graph to mislead representation learning. Each added
edge connects two nodes from different classes to maximize
its adversarial effect. These noisy edges are then treated as
unlearning elements. The unlearning capability of GU meth-
ods is evaluated by their ability to mitigate the negative im-
pact of these noisy edges on predictive performance.

4.2 Performance Comparison (RQ1)

We compare the performance of all methods from three per-
spectives: effectiveness, efficiency, and unlearning capability.
Effectiveness. Tables 2 and 3 compare the node classification
performance across various GU tasks and backbone GNNs.
Notably, AGU consistently outperforms all baselines in F1-
score across all settings. On average, AGU achieves a 1.37%
improvement over the best-performing baseline in node un-
learning (ranging from 0.35% to 4.93%), 1.21% in edge un-
learning (0.31% to 2.28%), and 1.26% in feature unlearning
(0.47% to 3.31%). These results demonstrate AGU’s robust-
ness across diverse GU tasks and backbone GNNss, highlight-
ing the effectiveness of its task-adaptive element forgetting
and GNN-adaptive neighbor selection. In contrast, existing
methods adopt uniform unlearning strategies, leading to infe-
rior overall performance. For instance, Delete, which adopts
an edge-based unlearning strategy, performs well in edge-
level GU tasks but struggles in other GU tasks. These find-
ings further validate the necessity of designing task-specific
unlearning strategies for different GU tasks.

Efficiency. We report the average unlearning time in Table 4.
The results show that AGU outperforms other training-based
methods (Delete, MEGU, and Cognac), achieving a speedup
from 1.36x to 29x. Compared to training-free methods (GIF,
IDEA, ETR), which directly adjust model parameters without
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Bone Method | Cora Citeseer PubMed Photo Computer CS  Flickr
Retrain | 847 13.5 357 216 493 742 172
GIF [029 026 056 049 029 031 1.22
IDEA | 027 026 055 049 027 028 1.19
ETR [0.02 0.03 0.05 003 006 0.14 0.22
GCN "Delete [2.14 201 257 218 226 274 832
Cognac | 1.01  0.83 215 127 334 471 433
MEGU | 0.18  0.16 025 022 025 026 182
AGU |0.11  0.09 0.10 011 010 012 031
Retrain | 13.8  17.1 472 231 50.1 774 196
GIF 069 0.68 147 093 273 071 1.14
IDEA | 0.65 0.65 146 095 269 0.63 1.11
ETR [0.04 0.04 0.06 003 0.08 0.12 026
GAT "Delete | 323 2.62 359 232 287 277 9.13
Cognac | 1.57 1.38 242 154 383 685 221
MEGU | 030  0.30 044 032 036 037 098
AGU |0.16 0.15 018 013 015 0.17 024

Table 4: Comparison of node unlearning runtime.

(a) GCN Backbone (b) GAT Backbone
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Figure 3: Edge attack performance on the Cora dataset.

training, AGU remains competitive, ranking second only to
ETR in some cases. However, ETR requires additional time
to extract subgraphs based on specific unlearning requests be-
fore initiating the unlearning process. Moreover, our experi-
ments reveal that these training-free methods require careful
parameter tuning to avoid model invalidation on the testing
graph. In contrast, AGU ensures robust performance with
minimal training epochs (20-30).

Unlearning Capability. Fig. 3 presents the node classifica-
tion performance under different edge attack ratios. To pro-
vide a clear baseline for comparison, we introduce vanilla
train, which retrains a new GNN directly on the noisy graph.
The results demonstrate that AGU consistently outperforms
other baselines and remains stable across varying attack ra-
tios, particularly when using GAT as the backbone GNN.
Notably, unlike Delete, which adopts a random node-pair
strategy for contrastive edge unlearning, AGU leverages ho-
mophily consistency between connected nodes to more effec-
tively distinguish noisy edges from real ones, thereby miti-
gating the impact of edge attacks.

4.3 Ablation Study (RQ2)

We conduct ablation studies by creating five AGU variants
to evaluate the contributions of its key components: (1) w/o
Homo: This variant replaces the homophily-based node-pair
strategy with a random node-pair strategy for contrastive edge
unlearning, allowing us to assess the effectiveness of the pro-
posed edge unlearning module. (2) w/o EU and w/o FU:
Since AGU combines the edge unlearning (EU) and feature
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Bone Method | Cora Citeseer PubMed Photo Computer
AGU 8594  76.22 88.38  92.61 86.34

w/o Homo | 85.52  74.28 87.714  92.38 85.61
w/oEU | 85.07 73.81 87.52  92.06 85.48

GCN w/oFU | 8473  74.89 86.88  91.94 85.37
w/o MNF | 8541  75.34 87.69  92.13 85.62

w/o ANS | 8529  74.26 87.44  91.82 85.75

AGU 86.09  76.64 90.34  95.14 88.91

w/o Homo | 8542  75.71 90.03  94.78 88.27

SAGE w/oEU | 8476  75.43 89.81 94.67 88.19

w/oFU | 8575  75.49 90.01  94.69 87.72
w/o ANS | 8543  75.24 89.98  94.42 88.16

Table 5: Node unlearning performance of AGU variants.

unlearning (FU) modules to address node unlearning tasks,
these two variants independently evaluate the contributions
of EU and FU to the overall unlearning performance. (3)
w/o MNF: This variant removes the marginal neighbor fil-
tering (MNF) module to evaluate its impact, particularly on
degree-based GNNs (e.g., GCN). (4) w/o ANS: This variant
excludes the affected neighbor selection (ANS) module to as-
sess its influence on the unlearning process. The results in
Table 5 show that AGU consistently outperforms all variants
across all cases. This not only validates the importance of
combining EU and FU for effective node unlearning, but also
highlights the critical roles of MNF and ANS in identifying
highly affected nodes for efficient and effective unlearning.

4.4 Strategy Generalizability (RQ3)

We evaluate the generalizability of our proposed neighbor
selection strategies, MNF and ANS, by integrating them
into existing GU methods: Delete, MEGU, and ETR. While
MEGU and ETR have their own neighbor selection strategies,
we replace them with MNF and ANS for comparison. In ad-
dition, we provide the “+AAN” variant, which selects accu-
rate affected neighbors for degree-free GNNs (e.g., GAT). To
reflect real-world scenarios with frequent but small-scale un-
learning requests, we set the unlearn ratio to 1%. Our statis-
tics show that in a 2-layer GNN, removing just 1% of nodes
affects over 70% of the remaining nodes in the Photo and
Computer datasets. We also conduct experiments on other
datasets with various backbone GNNSs and unlearn ratios (see
Appendix). Our results demonstrate that MNF and ANS
can be effectively integrated into existing GU frameworks,
improving both effectiveness and efficiency across different
datasets, backbone GNNs, and unlearn ratios. Specifically,
the results in Table 6 show that (1) For degree-based GNN's
(e.g., GCN), applying MNF or ANS consistently reduces
unlearning time while preserving prediction performance in
most cases. Combining both strategies further improves pre-
diction performance and reduces unlearning time by 11% to
36%. (2) For degree-free GNNs (e.g., GAT), using ANS en-
hances prediction performance in most cases while achieving
a comparable reduction in unlearning time (25% to 48%).

4.5 Parameter Study (RQ4)

We investigate the sensitivity of two key parameters 6 and kg,
in AGU. The parameter 6 controls the filtering of marginal
neighbors (N,,) when using degree-based GNNs as back-
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Photo Computer
Bone  Method FI Time Fl Time
MEGU 92.4+3 0.34 85.8+.3 0.37
+MNF 92.4+.7 0.29 85.1+4 0.29
+ANS 92.6+.6 0.30 85.6+.2 0.29
+Both 92.9+.2 0.28 86.0+.3 0.28
Delete 90.6+.3 1.85 83.9+.4 1.96
GCN +MNF 90.4+.7 1.81 84.3+.6 2.18
+ANS 90.6+.5 1.79 84.9+3 1.78
+Both 90.8+.2 1.63 85.2+.3 1.62
ETR 92.5+.3 0.07 85.8+.8 0.11
+MNF 92.5+.8 0.07 85.2+.8 0.09
+ANS 92.7+.4 0.07 85.8+.2 0.08
+Both 92.8+.3 0.06 85.9+.3 0.07
MEGU 92.6+.4 0.48 86.0+.1 0.48
+AAN 92.7+.4 0.31 86.6+.5 0.30
+ANS 93.1+.3 0.27 86.4+.2 0.25
Delete 90.9+.4 2.75 84.1+.3 2.74
GAT +AAN 90.9+.3 2.24 84.2+.5 243
+ANS 91.1+4 1.98 84.7+.3 2.06
ETR 92.2+.7 0.09 85.3+.3 0.11
+AAN 92.2+.8 0.06 85.1+.8 0.08
+ANS 92.7+.3 0.05 85.9+.5 0.07

Table 6: Performance improvement of baselines. Unlearn ratio=1%.

(a) GCN Backbone (b) GAT Backbone
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Figure 4: Node unlearning performance with varying parameters.

bones, while k,,; determines the proportion of affected neigh-
bors selected as highly affected neighbors (AV,4,). As shown
in Fig. 4, increasing 6 generally improves unlearning per-
formance. However, when 6 becomes too large, the number
of filtered marginal neighbors approaches zero, leading to a
performance degradation. Thus, the optimal range for 6 is be-
tween 5e — 5 and 5e — 4. For k,,, a value around 40% can
achieve a good trade-off between effectiveness and efficiency.

5 Conclusion

In this paper, we identify two significant limitations in exist-
ing GU studies: ineffective forgetting of unlearning elements
and inaccurate identification of affected neighbors. These
issues arise from the neglect of differences across various
GU tasks and backbone GNNs. To address these issues, we
propose AGU, an adaptive graph unlearning framework that
unifies different GU tasks and develops general neighbor se-
lection strategies adaptable to diverse backbone GNNs. Ex-
tensive experiments demonstrate the superior performance of
AGU in terms of efficiency, effectiveness, and unlearning ca-
pability. In future work, we plan to extend our AGU frame-
work to support various types of graph data, including hetero-
geneous graphs, knowledge graphs, and temporal graphs.
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