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Abstract

The prevalent class imbalance in real-world graphs signif-
icantly affects the performance of Graph Neural Networks
(GNNs). Existing methods for analyzing graph imbalance
ignore the influence of minority nodes during the dynamic
model training process, resulting in performance limitations.
In this paper, we focus on minority class information dur-
ing model training, identifying and defining the minority
class forgetting phenomenon that exists in graph imbalanced
method training processes. To address this issue, we pro-
pose Graph Imbalance Experience Replay (GIER) frame-
work. On one hand, the method enhances the model’s ability
to mine minority node information in historical data, thereby
achieving feature completion for minority class nodes. On the
other hand, the proposed short-term confidence mechanism
allows the model to adaptively calibrate the topological re-
lationships in high-confidence nodes, thereby mitigating the
model’s tendency to propagate erroneous information about
minority classes during training. GIER is a unified frame-
work consisting of two synergistic components: Long-term
Subgraph Memory (LSM) constructs multi-period feature-
representative subgraphs to address distribution imbalance,
and Short-term Confidence Calibration (SCC) dynamically
reconstructs graph topology through degree-aware node se-
lection and confidence-based filtering to address topological
imbalance. The extensive experimental results demonstrate
that GIER effectively improves the classification performance
of GNNs on imbalanced graphs, achieving up to a 3.44% im-
provement in BAcc over the state-of-the-art, and is particu-
larly effective in extreme scenarios with very small minority
classes.

Introduction

Graph is a powerful and prevalent data structure for
representing complex relational systems, such as social
networks (Ga et al. 2025), citation networks (Lachaud,
Conde-Cespedes, and Trocan 2022), biomolecular net-
works (Burkhart et al. 2023), and knowledge graphs (Liu
et al. 2025). Graph Neural Networks (GNNs) achieve re-
markable progress in node classification across diverse
graph-structured applications due to their strong ability to
model on graphs (Fang et al. 2022; Zheng et al. 2024; Pham
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et al. 2025; Zheng et al. 2025). Imbalance is a pervasive is-
sue, and many real-world graphs display class imbalance, in
which certain classes contain significantly more nodes than
others (Pu et al. 2025; Ma et al. 2025).

Existing approaches to address graph imbalance problems
can be categorized into two main aspects. One is distri-
bution imbalance commonly encountered, and the other
is topological imbalance which exists uniquely in graph-
structured data. Distribution imbalance refers to the un-
equal numbers of different classes within the dataset (Zhao,
Zhang, and Wang 2021; Park, Song, and Yang 2021). Topo-
logical imbalance refers to the unequal distribution of con-
nections and relationships between nodes in an imbalanced
graph (Liu et al. 2024; Yang et al. 2025).

Intuitively, during the training process, models tend to fo-
cus more attention on the majority class nodes while ne-
glecting information from minority class nodes. Prior re-
search has demonstrated that sample forgetting phenomena
are closely correlated with model performance in neural net-
works (Toneva et al. 2019; Stern, Yaacoby, and Weinshall
2025). Specifically, samples with high forgetting frequen-
cies often correspond to critical support regions of deci-
sion boundaries, which learn quality directly impacts gen-
eralization performance (Zhao et al. 2025; Rohlfs 2025). In-
spired by this finding, we conduct a deep investigation into
node forgetting phenomena in graphs, revealing that forget-
ting behaviors exist not only in traditional neural networks
but also exhibit significant class-biased characteristics when
GNNs process imbalanced graph data.

As illustrated in Figure 1, our empirical analysis on the
Cora dataset reveals that existing methods for addressing
both distribution imbalance and topological imbalance suf-
fer from excessive forgetting in minority class nodes. While
majority class nodes maintain a stable forgetting frequency
of 4-5 times on average, the minority class nodes exhibit
significantly higher forgetting rates: distribution imbalance
methods such as GraphENS (Park, Song, and Yang 2021)
result in an average of 9.84 forgetting events, and topolog-
ical imbalance methods such as BAT (Liu et al. 2024) re-
sult in an average of 7.21 forgetting events. This indicates a
systematic learning bias against minority nodes despite data
or structural optimizations. These high-frequency forgotten
minority nodes, which serve as critical support points for
decision boundaries, directly constrain model performance
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Figure 1: Comparative analysis of node forgetting phe-
nomena in imbalanced graph learning. We recorded the
total number of “sample forgetting events” over 300 epochs
for nodes that have already been learned during the training
process of three GNN models (GCN, GAT, and SAGE) on
Cora dataset.

through unstable learning states. We address node class im-
balance through explicit forgetting balance mechanisms to
stabilize decision boundaries and improve classification per-
formance.

In this paper, we theoretically analyze of forgetting-
performance relationship and systematically investigate
node forgetting phenomena in GNN training dynamics, and
we propose Graph Imbalance Experience Replay (GIER), a
dynamic framework that simultaneously addresses both dis-
tribution and topological imbalances by explicitly managing
forgetting dynamics. Aiming to minimize inter-class forget-
ting disparities to stabilize decision boundary formation, we
introduce two complementary mechanisms: 1) Long-term
Subgraph Memory (LSM) mechanism that reduces minor-
ity class node forgetting through multi-epoch memory sub-
graphs by experience replay, effectively alleviating frequent
forgetting during training, 2) Short-term Confidence Cali-
bration (SCC) mechanism that dynamically adjusts topo-
logical structures through confidence-based neighborhood
reconstruction and weighted message passing, mitigating er-
ror signal amplification caused by topological imbalance.
Our memory-enhanced framework reduces the probability
of forgetting for the minority class in imbalanced graphs,
decreasing from 1.5 times that of the majority class to 1.1
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times. This reduction alleviates the forgetting imbalance be-
tween the two classes and achieves an improvement of up to
3.44% in BAcc for classification tasks.

Our main contributions are summarized as follows:

* We are the first to reveal that GNNs exhibit systematic
forgetting tendencies toward minority classes across both
distribution balance methods and topological adjustment
methods. To the best of our knowledge, GIER is the first
method to simultaneously address both distribution im-
balance and topological imbalance through explicit for-
getting management.

We design two complementary mechanisms: one is the
LSM mechanism, which constructs minority class sub-
graphs using representative minority nodes from multiple
training epochs to alleviate forgetting phenomena for mi-
nority classes; the other is the SCC mechanism, which re-
constructs topological relationships for high-confidence
nodes within individual epochs to prevent the propa-
gation of erroneous information to minority classes in
GNNE.

Empirical results from three imbalanced semi-supervised
benchmark datasets demonstrate that our model signifi-
cantly outperforms seven baseline methods, particularly
excelling in scenarios of extreme imbalance.

Related Work
Class Imbalance in Graph Neural Networks

Existing methods for addressing the performance degrada-
tion of GNNs on imbalanced graphs fall into two perspec-
tives: distribution imbalance and topological imbalance.
Distribution = Imbalance.  Distribution = Imbalance
primarily focuses on balancing sample quantities.
GraphSMOTE  (Zhao, Zhang, and Wang 2021),
GraphENS  (Park, Song, and Yang 2021), and
GraphSR (Zhou and Gong 2023) improve imbalanced
sample quantities through methods such as generating
synthetic nodes and selecting unlabeled nodes.
Topological Imbalance. Topological Imbalance targets the
significant differences in graph structures, connectivity pat-
terns, and degree distributions between minority and major-
ity classes. ReNode (Chen et al. 2021) method adjusts node
training weights based on topological boundaries. BAT (Liu
et al. 2024) identifies two fundamental local topological
phenomena: ambivalent message-passing (AMP) and distant
message-passing (DMP), and modifies the topological struc-
ture.

The above methods address graph imbalance either in
terms of distribution or topology. However, no method has
simultaneously resolved both.

Forgetting Phenomena & Experience Replay

Forgetting phenomena exist at different scales in deep learn-
ing (Wei et al. 2024; Zhang et al. 2024): sample-level for-
getting, where model predictions change from correct to in-
correct during training (Toneva et al. 2019), and catastrophic
forgetting, which represents knowledge loss when learning
new tasks (Cheng et al. 2025). Experience replay (Hassani,



Nikan, and Shami 2025) has been used to mitigate forgetting
phenomena in neural networks and has also been adapted for
various graph learning scenarios. As for experience replay in
graph-structured data, the most basic method is to select rep-
resentative nodes (Zhou and Cao 2021). The sparsified sub-
graph memory chooses subgraphs for storage based on node
degree (Zhang, Song, and Tao 2022). Recent research, FTF-
ER (Pang et al. 2024), combines feature and global topolog-
ical information to select and preserve important nodes.

Inspired by methodologies for preserving critical infor-
mation using experience replay to address the forgetting
phenomenon, we mitigate the tendency of sample-level for-
getting in minority classes of GNNs by preserving informa-
tion during the training process.

Problem Definition

In this section, we introduce the definition of class-
imbalanced graphs learning of GNNs on imbalanced graphs,
focusing on the performance of minority and majority
classes in forgetting phenomenon. We are the first to analyze
the imbalanced class distribution problem from the perspec-
tive of forgetting, thereby utilizing experience replay meth-
ods to improve imbalanced learning.

Imbalanced Graphs

Consider a graph G = (V, E) with n nodes and m edges,
node feature matrix X € R"™*9 represents node features.
Adjacency matrix A € R™*™ indicates edge connections,
where A;; = 1 if edge (v;, v;) exists.

Imbalance Ratio. In a semi-supervised node classification
setting, we consider a graph with n nodes. The node set V is
partitioned into labeled and unlabeled subsets V = V;, UVy,
where Vp, NVy = (. Setting Vy, with labels Yy, leaving Vi
unlabeled, the labeled data exhibits class-wise organization

as {C1,...,Cpn} where C; denotes the i-th class member-
ship. Class imbalance severity is measured by p = %

GNNs s Classifier
We define the GNNs class output at the ¢-epoch as

Z!, = GNN(X, 4,0

ey
where Z!, € RN*C is the predicted output for all
nodes. z; € RY is the predicted output for node i, i.e.,
[2i1, 225+, 2ic). Foreach class ¢ € {1,2,...,C}, soft-
max function calculates the probability of node 7 belongs to
class c by

Bzi‘c

Dic = @

ez,

c
P
where p; = [Pi1,Di2,- - -, Dic] is the predicted probability

distribution for node 4. P* is the predicted probability distri-
bution for all nodes in epoch ¢.

Forgetting Phenomenon in Imbalanced Graphs

Definition 1.1 Node Forgetting Event: For node v;, if it is
predicted correctly in the ¢-th training round but predicted
incorrectly in the (¢ 4+ 1)-th round, a forgetting event is said
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Figure 2: Forgetting Phenomenon In Imbalanced Graphs

to occur (Toneva et al. 2019). The forgetting count of node
v; throughout the training process is defined as:

) vi] (3

K2

-1
Forget_Count(v;) = Z 5" =y AgH!
=1

Definition 1.2 Confidence: We define the confidence of
GNNs for node ¢ at time ¢ as the maximum probability of
predicting different categories:
()

i

“4)

In general, the larger the value, the smaller the possibility
that GNNs determine presently that the node belongs to an-
other category.

confidence; ' = max P}

High Confidence Bias in Minority Class

We analyze the relationship between forgetting count, con-
fidence, and accuracy for both majority and minority classes
using GCN, a classical GNN model, on the PubMed dataset.

As shown in Figure 2, both classes exhibit a negative cor-
relation between prediction confidence and forgetting count,
indicating that low-confidence nodes are more frequently
forgotten, and high-confidence nodes achieve a lower degree
of forgetting frequency.

However, the confidence-accuracy relationship reveals a
critical asymmetry. For majority classes, higher confidence
correlates with higher accuracy, reflecting normal learning
patterns due to abundant training samples. Conversely, mi-
nority classes show an inverse relationship that higher con-
fidence often corresponds to lower accuracy. This counter-
intuitive phenomenon stems from the model’s over-reliance
on limited minority samples, leading to overconfident but in-
correct predictions on high-confidence biased nodes. Mean-
while, easily-forgotten and low-confidence nodes from the
minority class are typically located near decision bound-
aries; and these boundary nodes are essential for accurate
minority classification but suffer from unstable learning due
to insufficient representation during training.
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Figure 3: Graph Imbalance Experience Replay (GIER) Framework. (a) Long-term Subgraph Memory (LSM) records multiple-
epochs minority nodes feature representation. (b) Short-term Confidence Calibration (SCC) dynamically updates the topological
selection of high-confidence nodes.

Methodology compute the class centroid for class c as:
As shown in Figure 3, we propose Graph Imbalance Ex- RF() = 1t Z xgt) (5)
perience Replay (GIER). We design two mechanisms for |Vc( )| e

distribution imbalance and topological imbalance on the

graph, named Long-term Subgraph Memory Mechanism where V" denotes nodes predicted as class c at epoch ¢, and

and Short-term Confidence Calibration Mechanism. (t) .

. x,; ~ represents the input feature of node v;.
Long-term Subgraph Memory (LSM) implements a
m.ultipl.e-eplochs memory mechanism thgt strategically re- Long-term Subgraph Memory Mechanism
tains historical representations of minority class nodes, ef- . . .
fectively addressing distribution imbalance challenges in- Long-term Subgraph Memory Mechanism is a multiple-
herent in graph-based learning scenarios. Short-term Con- rougd memory rr}echamsm specifically demgnec! to address
fidence Calibration (SCC) incorporates a dynamic confi- the issue of dgta imbalance. Subsequently, we will present a
dence calibration framework that adaptively modifies graph thorough review of LSM. o
structural properties, thereby mitigating the propensity of _ Onimbalanced graphs, significant sample quantity dispar-
GNNs s for error propagation on minority classes while si- ities between majority and minority classes cause GNNs to
multaneously enhancing the local connectivity of minority suffer from insufficient minority sampling, leading to over-
class nodes to remediate structural imbalance issues. Both fitting and higher-frequency forgetting of minority classes.
mechanisms synergistically operate through shared feature- Our experiments reveal that minority clgss training exh1b1ts
representative nodes, enabling efficient information transfer the forgetting phenomenon across multiple epochs, making
and knowledge integration across GIER framework. sampling from previously trained minority representations

feasible. However, individual forgotten nodes are difficult to
locate and exhibit significant bias.

Therefore, LSM is proposed to select the classes in the
original labeled nodes whose quantities are below the aver-
age class quantity as the original minority classes and store
feature-representative nodes from each epoch as current mi-
nority class distribution representatives. Utilizing a sliding
window mechanism to maintain nodes from multiple previ-

Feature-representative Nodes are defined as those selected
to represent class centroids in long-term memory mecha-
nism and connected to nodes chosen for confidence calibra-
tion in short-term mechanism. These nodes are pivotal to
preserving memory integrity and calibration efficacy, ensur-
ing both mechanisms synergistically enhance GNN perfor-
mance on imbalanced graphs. At epoch ¢, first predict the

() . .

class labels for each node, obtaining ¢; . Based on these ous epochs, LSM ensures representative coverage of minor-
predictions, we partition the nodes into sets corresponding ity class distributions over extended periods, constructing a
to each class, denoted as Vét) ={v, € V: ggt) = ¢}, and stable memory subgraph. This approach prevents excessive
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Figure 4: Degree & Confidence Influence on Precision

bias and high variance while maintaining balanced sampling
across different classes.
Sliding Window Memory. To maintain computational effi-
ciency while incorporating historical information, we main-
tain a sliding window containing the most recent 1" feature-
representative nodes, where 7" is designed based on the sam-
ple difference between minority and majority classes:

HO = (RFETHD RFEETHD . RFVY  (6)

(&

where Rth) € R? is the feature-representative nodes of
class ¢ at epoch ¢, and d is the feature dimension. The slid-
ing window ensures that we only retain the most recent in-
formation, preventing memory overflow while still capturing
the dynamic changes in minority class distributions.

Historical Centroid Graph Construction. Building upon
the homophily principle in graphs, we construct connections
between similar historical feature-representative nodes. The

similarity matrix Sét) € RTXT is defined as:
SEY = cos(RFUT+) RF(-THD) @)

We perform a random selection based on a Bernoulli dis-
tribution, retaining the edges with higher probabilities from

S; Jc ) to form the edge set of the subgraph, denoted as 59.

This creates a temporal subgraph g = ( Sf), Sét)) for
each minority class ¢, where current feature-representative
nodes connect to all historical ones, while historical nodes
connect based on similarity.

Short-term Confidence Calibration Mechanism

SCC mechanism is a global dynamic confidence calibration
framework specifically designed to address topological im-
balance problems. Subsequently, we will present a thorough
review of SCC.

As for minority classes, high-confidence, low-forgetting
tendency and low recall rate may lead to significant bias
in dynamic learning processes. Therefore, SCC is proposed
to improve the predictions of GNNs on imbalanced graphs
which dynamically adjusts graph structural attributes. It con-
nects feature-representative nodes of each class to nodes
with high confidence to mitigate the high-confidence in the
classification results of misclassified minority class nodes in
GNNs which can lead to the continued propagation of misin-
formation. This mechanism mitigates the tendency of GNN’s

to propagate incorrect information with high confidence for
minority class nodes, while simultaneously enhance the lo-
cal connectivity of minority class nodes to address struc-
tural imbalance. The mechanism achieves efficient informa-
tion transmission and knowledge integration through shared
feature representative nodes in a dual-mechanism architec-
ture. During the training phase, nodes are first divided into
majority and minority sets based on the prediction results
of GNNs. High-confidence nodes in both sets are then cor-
rected separately.

Dynamic Class Identification. Unlike static approaches
that rely on fixed label distributions, we dynamically iden-
tify minority classes based on current model predictions:

v eV =c i
o0 = I v U e = oo < 503
®)

Degree-aware Node Selection. To address structural bias in
minority class selection, we employ degree-weighted prob-
ability for minority classes:

P(t) . softmaxcol(f)(t)) for c € CI(Ifd)J ©)
- softmaxe (P® © D) forc € €t

Where D = diag(deg(v1),...,deg(vy,)) represents the de-
gree of the nodes, and enhances selection probability for
well-connected minority nodes.

Experiment Justification. The degree of a node can sig-
nificantly affect its topological position in a graph. Figure
4 presents a probability heatmap of correctly predicted mi-
nority and majority class nodes under different confidence
levels and degrees. We found that among nodes predicted as
minority class, a higher degree corresponds to a higher cor-
rect prediction probability, indicating a higher true positive
(TP) rate. For majority class nodes, the degree often tends
to reduce prediction accuracy across various confidence lev-
els. Therefore, when selecting TP nodes for minority class
enhancement, we introduce degree correction, which helps
increase the probability of selecting TP nodes while afford-
ing higher selection opportunities for low-confidence, high-
degree minority class nodes.

Confidence-based Filtering. According to the high confi-
dence bias, we choose high-confidence predictions to carry
out deviation correction:

wgt) = (confidence

(®)

%

(®

i = confi_dence(t))+ (10)

where w; ’ retains nodes with confidence levels above the
average. We perform Bernoulli mask on both ngi]) and w(®)

to prevent overfitting.

P = Pl © W (1)
f’gfi)ml indicates whether a connection is formed be-

tween the node and each feature-representative node. Se-
lected high-confidence nodes form connections with corre-
sponding class centroids, creating local topology enhance-
ments that facilitate minority class learning. To ensure ef-
ficiency, we ultimately retain only the top « percent of



Method Cora CiteSeer PubMed
BAcc. F1 Acc. BAcc. F1 Acc. BAcc. F1 Acc.
Vanilla 58.77 56.57 64.52 40.86 33.17 38.74 65.61 55.14 59.82
reweight 63.44 62.52 68.62 46.92 41.34 45.54 71.81 68.15 69.28
renode 64.19 63.13 68.90 47.56 43.54 46.80 71.55 68.84 69.44
% smote 59.12 57.37 65.50 38.71 30.83 37.42 70.63 64.77 67.40
O | graphsmote 67.48 67.55 71.84 46.18 42.03 45.26 74.13 72.47 73.48
graphens 69.91 69.20 71.90 58.04 56.77 60.60 73.61 72.54 73.52
BAT(g-ens) 73.18 71.58 73.60 63.81 63.46 66.82 75.38 7431 76.06
GIER (LS) 72.87 72.69 76.56 65.63 65.31 67.90 75.46 74.54 74.98
GIER (Full) 74.44 73.54 75.62 66.97 66.78 70.10 74.10 74.03 74.68
Vanilla 58.29 55.80 64.52 42.96 37.12 41.24 65.61 57.90 61.54
reweight 64.02 63.46 68.00 45.24 39.10 46.08 70.09 66.45 68.58
renode 62.79 62.28 67.90 46.39 41.48 45.42 71.43 67.71 69.78
Q smote 56.83 53.45 64.24 37.75 28.51 35.40 30.78 58.18 61.82
O | graphsmote 62.84 60.66 68.48 44.12 38.36 43.10 71.06 67.29 68.98
graphens 69.02 68.75 71.94 53.02 51.18 54.26 72.64 71.32 72.22
BAT(g-ens) 73.95 72.51 73.92 64.33 63.69 66.56 73.75 73.27 74.38
GIER (LS) 70.41 70.95 75.22 65.53 65.27 68.36 75.06 72.94 74.01
GIER (Full) 74.43 73.30 75.28 66.98 66.56 69.72 76.43 75.07 76.14
Vanilla 57.64 55.21 64.18 43.93 38.69 43.80 65.23 56.53 60.8
reweight 62.96 61.89 67.34 45.48 46.77 50.10 69.46 65.98 67.52
- renode 60.75 59.81 66.32 48.01 42.90 46.96 71.21 69.12 70.32
© | smote 53.98 50.29 62.44 39.59 30.79 37.46 67.58 62.66 64.50
§) graphsmote 57.33 55.02 64.32 40.96 34.87 40.62 72.06 67.78 69.12
graphens 65.04 64.74 69.02 54.60 52.97 55.36 T1.7 71.18 71.80
BAT(g-ens) 72.09 70.78 73.20 64.95 64.40 68.52 76.13 74.57 75.42
GIER (LS) 71.07 70.53 74.08 68.23 68.07 71.62 77.24 76.08 75.98
GIER (Full) 73.51 71.73 73.96 68.39 68.03 71.10 76.38 75.78 75.84

Table 1: Performance comparison of various methods on different datasets. Comparisons of GIER with other baselines when

imbalance ratio (p) is 10.

LS Where o represents selecting only the top o = 10 percent of nodes for confidence calibration during the SCC stage

Method Cora CiteSeer PubMed
BAcc. F1 Acc. BAcc. F1 Acc. BAcc. F1 Acc.
LZ) -LSM  63.16 61.62 68.08 39.90 34.71 37.60 62.76 56.03 60.14
O | -SCC 73.12 73.05 76.52 57.15 52.52 57.16 75.39 74.39 74.96
Q -LSM  64.67 64.39 69.88 43.36 38.72 41.74 70.66 66.00 67.96
O | -SCC 72.23 72.62 76.32 58.99 55.64 60.80 75.07 72.77 73.76
(“_5) -LSM  65.98 65.98 71.10 57.17 55.86 58.58 76.37 73.87 74.02
57 -SCC 68.43 67.77 71.98 66.02 65.59 69.26 74.74 74.01 74.60

Table 2: Ablation studies of two mechanisms on GIER when imbalance ratio (p) is 10.

nodes based on their confidence when constructing the final
f’gfi)ml. When processing large-scale graphs (n>10,000), we
first filter nodes with confidence levels in the top « per-
cent before SCC mechanism to minimize computational ex-

penses.

Experiments
Experimental Setup

Dataset We validate our proposed GIER on three classic
benchmark datasets: the citation networks Cora, CiteSeer,
and PubMed (Sen et al. 2008). Following the same settings
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as previous studies (Park, Song, and Yang 2021), we select
half of the classes as minority classes. The imbalance ra-
tio p = Nynax/Mmin refers to the proportion between the
number of samples in the majority classes and those in the
minority classes. To remain consistent with semi-supervised
learning protocols, we set the number of samples in the ma-
jority classes to 20.

Baselines We evaluate our method on three architec-
tures: GCN  (Kipf and Welling 2017), GAT (Velick-
ovic et al. 2017), and GraphSAGE (Hamilton, Ying,
and Leskovec 2017). Our experiments include the fol-
lowing seven class imbalance adaptation techniques:



GCN BAcc in different Imbalance Ratios on Cora Dataset
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Figure 5: Different Imbalance Ratios in GIER.
“vanilla”, “reweight” (Japkowicz and Stephen 2002), “ren-

ode” (Chen et al. 2021) , “smote” (Chawla et al. 2002),
“graphsmote” (Zhao, Zhang, and Wang 2021), “graphens”
(Park, Song, and Yang 2021), and “BAT” (Liu et al. 2024).
Among them, “reweight”, “resample”, and “smote” are the
most fundamental methods used for all imbalanced datasets.
“Graphsmote” extends smote to graph structures. “Ren-
ode” improves weights by considering the structural dif-
ferences between majority and minority class node posi-
tions. “Graphens” addresses the problem of minority node
neighbor overfitting. “BAT” is a lightweight CR frame-
work from the perspective of graph topology paradigms. We
use three evaluation metrics to assess model performance:
Balanced Accuracy, Macro-F1, and Accuracy for classifi-
cation performance. Balanced Accuracy and Macro-F1 are
evaluation metrics specifically designed for handling imbal-
anced datasets. Our experiments are performed on the RTX
3090(24GB), and the average value is taken 5 times. The
value of T is (Nmaz — Mmin)2/3.

Experiment Results

Class-Imbalanced Node Classification. Our experiments
on graphs with an imbalance ratio of p = 10 demonstrate
that our method outperforms other baselines in terms of im-
balance handling performance in most scenarios, as shown
in Table 1. Our method particularly achieves significant im-
provements when applied to the GAT. The LS method filters
nodes before SCC, enhancing performance on large graphs.
Ablation Study. To validate the effectiveness of each mech-
anism in GIER, we conducte an ablation study. The re-
sults are shown in Table 2. When we drop LSM module,
the performance of GIER drops significantly, indicating that
the LSM module is crucial for maintaining the stability of
minority class representations. Similarly, when we remove
SCC, the performance of GIER also decreases. SCC enables
GIER to adaptively adjust the graph structure for better cor-
rection of deviations, thereby improving classification per-
formance.

Different Imbalance Ratios. To further validate the effec-
tiveness of GIER, we conducte experiments on graphs with
varying imbalance ratios. We test GIER on imbalance ra-
tios p of 2,4,6, 8, and 20, and compare its performance with
other methods. As shown in Figure 5, the results indicate that
GIER consistently outperforms other methods across differ-

16116

Forget Count Distribution for GNN models
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Figure 6: Forgetting Phenomenon in GIER.

(a) Baseline
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Figure 7: Visualization of Class Centroids

ent imbalance ratios, demonstrating its robustness and effec-
tiveness in handling imbalanced graphs.

Forgetting Phenomenon. GIER primarily addresses class
imbalance by improving the forgetting phenomenon of mi-
nority classes in imbalanced graphs using GNNs. We an-
alyze the density distribution of “sample forgetting event”
counts for majority and minority classes on the Cora dataset.
As shown in Figure 6, the forgetting events of minority
classes are concentrated in lower-frequency spaces, while
their average forgetting counts are closer to those of the ma-
jority class. GIER can effectively alleviate minority class
forgetting and simultaneously improve the performance of
GNNs on imbalanced graphs.

Visualization of Class Centroids. To visualize node rep-
resentations learned by GIER, we employe t-SNE(Maaten
and Hinton 2008) for dimensionality reduction of centroid
embeddings. As presented in Figure 7, minority classes in
GIER form more compact and distinct clusters, indicating
clearer class boundaries and preserving intra-class node sim-
ilarity.

Conclusion and Future Work

We introduce Graph Imbalance Experience Replay (GIER),
a novel memory-augmented framework that addresses class
imbalance in GNNs through forgetting dynamics. By
combining long-term centroid-based memory with short-
term topology enhancement, GIER effectively addresses
minority-class forgetting bias and enhances the performance
of GNNs on imbalanced graphs without compromising com-
putational efficiency. In future work, we will explore broader
heterogeneous graphs and investigate extensions to lifelong
learning scenarios and their interrelations.
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