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Abstract

Graph incremental learning aims to sequentially adapt models to
evolving graphs while mitigating catastrophic forgetting. This prob-
lem becomes particularly challenging due to the simultaneous oc-
currence of covariate and label distribution shifts, introduced by
newly emerging node classes, changes in node feature styles, and
additional edges. To address these challenges, we propose DINGLE,
a novel framework for both class and domain (class-domain) incre-
mental learning on graphs. DINGLE consists of two key modules:
a representation decoupler, which disentangles node representa-
tions into domain-invariant semantic factors for classification and
domain-specific variation factors, and a teacher-student knowledge
distillation module, which facilitates knowledge transfer across
tasks while mitigating catastrophic forgetting through memory
replay. By leveraging a Representative Node Feature (RNF) bank
and an Encoder Parameters (EP) bank, DINGLE ensures effective
knowledge retention and adaptation. Extensive experiments on 5
real-world datasets demonstrate that DINGLE outperforms 11 state-
of-the-art baselines in class-domain incremental learning, improv-
ing classification accuracy while effectively preventing forgetting
across tasks.
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Figure 1: Illustration of class-domain incremental learning
on expanding networks. At task ¢, the graph G; expands
upon the previous G;_; by introducing new nodes and edges
from novel classes and domains. This results in sequential
changes in node representations, driven by both node fea-
tures and topological structures, due to covariate shift, as
well as changes in node classes due to label shift.
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1 Introduction

Graph incremental learning, where each task arrives sequentially
with a new graph, aims to continuously adapt the model to newly
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emerging graphs while mitigating catastrophic forgetting from pre-
vious tasks. This approach has gained significant attention and has
been applied in various fields [2, 6, 21, 25, 39, 42, 44]. For exam-
ple, in a dynamically evolving citation network [44], where nodes
represent papers and edges denote citation relationships, the net-
work continuously expands as new papers from previously unseen
topics (new classes) with an unseen writing style (distinct node
feature styles) and their citations (additional edges) are added over
time. As shown in Figure 1, this evolution results in changes to
the graph domain, where a domain is defined as the distribution
of node representations learned through graph neural networks
(GNNs). These changes include shifts in the distribution of node
features and classes, as well as modifications to the graph’s topo-
logical structure. As a result, adapting the classifier learned from
previous tasks to the expanded graph in the new task presents two
main challenges: (1) The newly introduced nodes, with new classes,
distinct node feature styles, and additional edges, result in the new
graph exhibiting covariate and label distribution shifts compared
to previous graphs. Covariate shift [27] refers to changes in the
marginal distribution of node features and graph topologies, while
label shift [35] denotes variations in the marginal distribution of
node classes. (2) Another key challenge is ensuring that the clas-
sifier learned on the new graph maintains its ability to generalize
across all previous graphs while preserving prediction accuracy for
node classification, effectively mitigating catastrophic forgetting.

To tackle these challenges, several graph incremental learning
methods have been proposed. Most of these methods focus exclu-
sively on either domain-incremental learning [3, 14, 36, 38] (co-
variate shift) or class-incremental learning [15, 23, 41] (label shift),
rather than addressing both simultaneously. A few approaches con-
sider evolving graphs but treat covariate and class shift separately.
They either ignore the change of node feature styles [33] or pri-
marily focus on optimizing GNNs [5] which fail to decouple graph
variations from semantic information and lack mechanisms for con-
tinual adaptation to both novel domains and emerging classes. As
a result, these methods struggle to adapt to nodes with new classes
emerging from new domains.

Furthermore, existing methods designed to address catastrophic
forgetting in graph incremental learning can be broadly categorized
into three approaches. Parameter isolation methods [40] dynam-
ically allocate new parameters to adapt to different tasks while
partially or entirely isolating existing ones. Regularization-based
methods [23] impose constraints on critical parameters from pre-
vious tasks to prevent drastic changes, thereby preserving prior
knowledge. Memory replay-based methods [26, 29, 33, 41] store rep-
resentative data from past tasks and replay them during new task
learning. However, under covariate and label shifts, these methods
struggle to effectively prevent catastrophic forgetting and exhibit
low node classification accuracy on graphs from previous tasks.
This is because they fail to preserve the key semantics of previous
tasks, ultimately misguiding the learning process.

In this paper, we propose DINGLE, a novel framework designed
to address the challenges of class-domain incremental learning on
graphs, handling sequential tasks under both label shift and covari-
ate shift simultaneously. Specifically, DINGLE introduces two key
modules: a representation decoupler and a teacher-student knowl-
edge distillation module. The representation decoupler disentangles
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node representations learned from GNNs into semantic and varia-
tion factors, where semantic factors are used for node classification,
while variation factors capture domain-specific information. The
knowledge distillation module comprises three key components:
bank construction, memory replay, and teacher-student distilla-
tion. We initialize a representative node feature (RNF) bank, which
sequentially stores selected node representations for each class,
and an encoder parameters (EP) bank, which preserves the learned
parameters of semantic and variation encoders from previous tasks.
During memory replay, the teacher model generates semantic and
variation factors by leveraging both banks, where its parameters
are weighted using those stored in the EP bank. To mitigate cata-
strophic forgetting, knowledge distillation minimizes the distance
between semantic factors while maximizing the dissimilarity of
variation factors between the teacher and student models. This en-
hances factor disentanglement in the student model and improves
classification accuracy for node classification. Our contributions
are summarized as follows.

e We introduce a class-domain incremental learning problem on
graphs that sequentially considers both class-incremental and
domain-incremental learning in graph neural networks. This
problem explicitly focuses on covariate shifts, arising from evolv-
ing node features and graph structures, as well as label shifts,
where new classes emerge from distinct domains, simultaneously.

e We present DINGLE, a novel framework that integrates repre-
sentation disentanglement and knowledge distillation, where
the representation decoupler separates semantic factors from
variations, improving generalization under distribution shifts,
and the student-teacher distillation module facilitates knowledge
transfer across tasks while mitigating catastrophic forgetting.

The effectiveness and efficiency of DINGLE are evaluated on 5

real-world datasets, demonstrating superior performance over 11

state-of-the-art baselines. The results demonstrate that DINGLE

enhances classification accuracy in class-domain incremental
learning settings while effectively mitigating catastrophic forget-

ting across tasks.

2 Related Work

Incremental learning on graphs aims to mitigate catastrophic for-
getting while enabling models to adapt to newly emerging graphs
on streaming graph data, which has garnered significant atten-
tion [4, 5,9, 18, 23, 31, 33, 39, 42]. Based on task identity availability
during testing, graph incremental learning is categorized into three
settings [31, 44]: task-incremental learning, class-incremental learn-
ing, and domain-incremental learning.

Task-Incremental Learning on Graphs. In task-incremental
learning, the model is aware of the task identity during testing,
with each task containing distinct classes [17, 28, 43, 45]. Conse-
quently, the model only needs to distinguish between classes within
the current task. For example, ER-GNN [45] stores representative
node features from past tasks and replays them during training to
retain historical knowledge. Other approaches, such as TWP [17],
SSM [43], focus on preserving the topological structure of graphs
across tasks to maintain relational information.

Class-Incremental Learning on Graphs. It aims to develop a
unified classifier capable of recognizing an ever-expanding set of
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classes over time, which is extensively studied [23, 26, 31, 34, 41].
HAG-Meta [29] employs task and node level attention regulariza-
tion to refine prototype representations, ensuring both knowledge
retention and adaptability with limited labeled data. Further, Geome-
ter [23] refines attention-based prototypes to predict node labels
while preserving observed class information through knowledge
distillation. PDGNN s [41] leverages memory replay to retain key
semantic information and mitigate forgetting.

Domain-Incremental Learning on Graphs. It aims to develop
a classifier that generalizes across tasks with significant distribution
shifts 3, 14, 30, 36, 38]. DiCGRL [14] uses attention mechanisms to
disentangle information that defines node relationships, enabling
adaptation to streaming multi-relational data. CI-LightGCN [3]
incorporates GNN guided by causal principles and employs distilla-
tion to mitigate outdated node representations. Currently, research
on domain-incremental learning for graph data is limited.

Most existing methods focus solely on domain-incremental (co-
variate shift) or class-incremental learning (label shift), neglecting
their joint impact. This paper tackles class-domain incremental
learning, considering both in graph neural networks.

3 Problem Formulation

In this section, we provide the problem formulation for class-domain
incremental learning on graphs. Given a stream of graphs G =
{G,}_,, where each graph G, arrives sequentially at task ¢ €
[T] and expands from G;_; by introducing additional nodes and
edges from novel classes and domains. [T] denotes sequential tasks
{1,---,T}. Each graph G; = (A, X;, e;) includes an adjacency
matrix A; € {0,1}!"*1XIV:l a d-dimensional node feature matrix
X, = {x,,i}l;‘?l e RIVeIXd \where V, is the set of nodes, and a do-
main indicator e; specific to G;. e; indicates the distribution of node
representations learned from GNNss. In this paper, we narrow the
scope to distribution shifts across tasks, which arise from changes
in the covariate distribution [27] of node features and graph topo-
logical structure, as well as label shifts [35] due to incremental node
classes. We denote y; = {yt,,-}l;‘;" € R!t! a5 the node labels in G;.
Additionally, we denote the sets of classes across the streaming
tasks as {Ct}z.:l and the sets of domains as {et}tT:I, corresponding
to the task sequence [T]. As shown in Figure 1, at the ¢-th stream-
ing task, |[AC;| novel classes are introduced from a unique novel
domain Ae;, where AC; = C;\C;—1, and for all tasks AC; N AC; = 0
and Ae; # Aej, Vi, j € [T].

Throughout this paper, uppercase symbols represent variables
and matrices, bold lowercase letters denote vectors, regular low-
ercase letters indicate scalars, and calligraphic symbols represent
sets. A detailed list of notations used in this paper is provided in
Table 3 in Appendix A.

PROBLEM 1 (CLASS-DOMAIN INCREMENTAL LEARNING ON GRAPHS).
Given a sequence of tasks [T] := {1, - - , T} where each task t arrives
sequentially with a graph G; = (A;, X}, e;) in domain e;, Vt € [T]
and its node labels y; corresponding to a set of classes Cy, a graph
Gy at task t + 1 is incrementally expanded form G, with additional
nodes and edges. These newly introduced nodes belong to novel classes
ACty1 and exhibit new node feature styles distinct from those in G;.
As a result, the additional nodes and edges lead to a different domain
for Gyy1 in e;11. The objective of this problem is to incrementally
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learn a classifier f : Ax X — Y from the task sequence. At task t,
the classifier f is required to minimize the empirical loss effectively
and efficiently for node classification on G;, while adapting to newly
introduced classes and domains that were unseen from previous tasks.
Additionally, it must preserve the accuracy of node classification on
previously encountered graphs {G;}!Z].

To address Problem 1, two key challenges must be considered:
(1) Each graph G; introduces additional nodes and edges with new
node classes and domain variations, making it difficult to adapt
previously learned classifiers to G;. (2) Ensuring that the classifier
f learned at task ¢ retains the ability to make accurate predictions
for known node classes in previous graphs {G;}!_! is crucial, as
failure to do so can lead to catastrophic forgetting. To overcome
these two challenges, we propose DINGLE, which is detailed in the
following section.

4 Methodology

An overview of DINGLE is provided in Figure 2, where it leverages
two key techniques: node representation disentanglement to ad-
dress the first challenge and knowledge distillation combined with
memory replay to tackle the second challenge. Specifically, the rep-
resentation decoupler separates node representations into domain-
invariant semantic factors, which serve as inputs for classification,
and domain-specific variation factors, which are class-independent.
This disentanglement enables accurate predictions under distribu-
tion shifts (Section 4.1). Additionally, knowledge distillation facili-
tates semantic knowledge transfer across tasks through a memory
replay mechanism that stores key nodes and model parameters
from previous tasks, effectively mitigating catastrophic forgetting
(Section 4.2).

4.1 Representation Decoupler

Although GNNs are effective in capturing key information for
prediction, node representations they learn are often mixed with
domain-specific environmental features. These domain-specific fea-
tures change dynamically with domain shifts. When introducing
nodes from new domains, GNNs may mislead important semantic
information from previous tasks. To address this, following [11],
we assume that node representations learned through GNNs can
be disentangled into domain-invariant semantic factors, which are
further used for class prediction, and domain-specific variation
factors, which are class-irrelevant.

Given a graph Gy, a classifier f at task ¢ includes a node rep-
resentation function GNN; : A; x X; — RIV:1*" 3 semantic en-
coder ES: R" — R% parameterized by 6¢, a variation encoder E?:
R" — R% parameterized by 0%, a decoder D;: R% x R% — R",
and a classification head h, : R% — Y. For simplicity, we omit
the subscripts ¢ in the notation throughout the remainder of this
section. We define the latent semantic factor as ¢ = E(z) and the
latent variation factor as v = E?(z), where z is a node representa-
tion from Z = GNN(A4, X). Specifically, we disentangle semantic
and variation factors by training the encoders and decoder, lever-
aging bidirectional reconstruction losses to reconstruct both node
representations and latent factors. For node representation recon-
struction, we use the encoders E€, E° and decoder D to minimize
the loss between the original node representations learned through
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Figure 2: Overview of the proposed DINGLE. At task t, the
student model disentangles node representations into se-
mantic and variation factors, while the teacher generates
corresponding factors using the RNF and EP banks from task
t — 1. Knowledge distillation minimizes semantic discrepancy
and maximizes variation dissimilarity to alleviate forgetting.
At the end of task t, representative node features are selected
and added to the RNF bank, while the encoder parameters
are stored in the EP bank for future use.

GNNs and the reconstructed representations generated from the
encoded semantic ¢ and variation factors v. The reconstruction loss
L7, can be formulated as follows:

1] '

1 V|
LE,. = Kl ; [”D(Ci,Vz’) - Zi|

For factor reconstruction, we randomly sample the variation fac-
tors ¥ from the prior distribution N (0,I). The sampled ¥ and the
encoded semantic factor c are used to generate pseudo node repre-
sentations z' = D(c, V) with diverse variations. z’ is further encoded
into a latent semantic factor ¢’ = E°(z’) and a latent variation factor
v/ = E®(Z').Ideally, c and ¢’ should be identical, and similarly, ¥ and
v’ should be closely matched. Therefore, we introduce the factor
reconstruction losses as follows:

V]

)

Liee= 7 2 [F s -el] | @)
. 1 V] . ) )
L= iy 2|0 -l ] )

Ensuring that the generated pseudo node representations are
indistinguishable from the representations learned from GNNs is
crucial. To achieve this, we introduce a discriminator ®: R” — R
and the discrimination loss £y; is defined:

V]
1 1 M
o N i )
Lais 7 ;log®(z1) Mijllog(l o(z)), @
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where M represents the number of z’ with random variations
V. The first term maximizes the probability of correctly classifying
z and the second term minimizes the probability of misclassify-
ing z’. Finally, we jointly train all encoders, the decoder, and the
discriminator:

-EDecouple = Lais + )'z-gfec + AC'L;‘ec + szgec’ 6)

where A;, A¢, A, > 0 are hyper-parameters. In addition, the clas-
sification head takes semantic factors as input for node class pre-
diction. The classification loss is formulated:

V]

1
Lot = gy 25 ¢ (A @) ). ©)

where £ : Y X Y — R is the cross entropy loss.

4.2 Teacher-Student Knowledge Distillation

As new classes are introduced, the model’s ability to retain knowl-
edge from previous tasks gradually declines, leading to the issue of
"forgetting old". Additionally, domain shifts between new and old
tasks further exacerbate this problem, as training on the new task
causes the model to overlook critical or shared knowledge from
previous tasks. To address these challenges, we design a knowl-
edge distillation module that distills key semantic information from
previous tasks [¢ — 1] and transfers it to task ¢ to facilitate cross-
domain knowledge sharing. This module consists of three main
components:

e Bank Construction: We initialize two banks, a Representative
Node Feature (RNF) Bank and an Encoder Parameters (EP) Bank.
The RNF Bank stores representative node features for each class
across all previous tasks, while the EP Bank preserves the parame-
ters {6} and {67}!Z] of both previous semantic and variation
encoders.

e Memory Replay: At task t, the teacher model, consisting of a
semantic encoder EtcCher and a variation encoder Et"Cher, processes
all representative node features stored in the RNF bank from task
t — 1. It outputs experienced semantic and variation factors using
weighted parameters 07, and 67, ., which are estimated
from the EP Bank at ¢ — 1.

e Teacher-Student Distillation: To facilitate effective knowledge
transfer, we aim to minimize the distance between the corre-
sponding semantic factors while maximizing the distance be-
tween the corresponding variation factors across the teacher and
student models.

Bank Construction. An RNF bank and an EP bank are initial-
ized at each task. Specifically, at the end of task ¢ — 1, we store the
parameters of the semantic encoder 6;_; and variation encoder
0;_, in the EP Bank. Since the domain variation of a graph G; is de-
termined by its node features and the topological structure, we aim
to reduce computational complexity while retaining as much of the
nodes’ attribute and topological information as possible. Inspired
by [45], we select the most representative node features for each
class and store them in the RNF Bank. To identify these representa-
tive node features, we compute K; prototypes for all classes, where
K; denotes the number of classes at ¢. Each prototype is obtained
by averaging the node representations within its respective class
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Algorithm 1 The procedure of DINGLE

1: Input: A sequence of graphs {G,}T_,, where each graph at task

t includes additional nodes and edges with novel node classes
from a new domain

2: Initialization: An RNF and an EP banks

3: for each task t do

4 Compute teacher model parameters 07, ... 07, using
the EP bank following Egs. (8) and (9)
5 Generate teacher model factors using the RNF bank
6: repeat
7: Decouple node representations of G; in to ¢ stud, Ve stud
in student model
8: Compute the decoupling loss Lpecouple and node clas-
sification loss Lcg using Egs. (5) and (6)
9: Compute teacher-student loss Lxp using Eq. (10)
10: Minimize the total loss Lpecoupte + Lct + LxD
1 until convergence
12 Save student model parameters 92 stud? 9;’) stuq i the EP bank
13: Select representative node features from node representa-
tions and save them in the RNF bank
14: end for
ke{1,---,K}.

1
Zkt = 75— Zj,
' |zk,t|z,Z ‘ )

€y

where Zy; is the set of node representations of class k. z; is a node
representation learned from GNN. We then select the top m node
representations closest to each prototype z ;. Finally, K X m node
representations are added to the RNF Bank.

Memory Replay. At task ¢, the RNF bank stores K x m X (t — 1)
representative node features with varying numbers of features per
class. For example, if |[AC;| = 2, class 1 and 2 each have t — 1 fea-
tures, class 3 and 4 each have t — 2 features, and so on. This leads to
repeated learning of the same classes across different tasks. To pre-
serve previous semantic information while preventing overempha-
sis on the same classes, we estimate the parameters of the teacher
model’s semantic and variation encoders by weighting the stored
parameters from the previous t — 1 tasks in the EP Bank.

-1 .
t—1i
0} tcher = Z we - 07, where w.= = (8)
i=1 ) j=1J
-1 1
cher = )00 0F, where @, = —. )
i=1

As shown in Figure 2, unlike the student model whose parameters
are learned during training, 67, .. and 6}, . in the teacher model
are estimated using the EP bank. Taking node features in the RNF
bank as inputs, the teacher model outputs semantic factors ¢; tcher
and variation factors v tcher-

Teacher-Student Distillation. To enable the student model to
inherit the classification knowledge of previously learned classes
and enhance the disentanglement of semantic and variation factors,
we employ teacher-student knowledge distillation by regulating the
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Table 1: Key Characteristics of Datasets

Dataset #Nodes  #Edges . NOde. # Classes # Tasks # Incremental
Dimension  (Base) Classes
CoraFuLL [24] 19,793 126,842 8,710 70 (20) 11 5
CoraML [1] 2,995 16,316 2,879 7(2) 6 1
ReDDIT [8] 232,965 114,615,892 602 40 (20) 11 2
PropucTs [10] 2,449,029 61,859,140 100 47 (27) 11 2
Amazon [37] 13,752 491,722 767 10 (2) 9 1

discrepancy between these corresponding factors in both the stu-
dent and teacher models. We aim to minimize the distance between
semantic factors while maximizing the dissimilarity between varia-
tion factors across the two models. The teacher-student distillation
loss Lkp can be defined as:

[Ce-1l

_ . c c . v )
LKD - Z (DISt(Bt,tcher,k’ Bt,stud,k) - DlSt(Bt,tcher,k’ Bt,stud,k))’
k=1
(10)
where Dist(-, ) is a distance metric. Here, thcher’k and sttu ik

represent the sets of semantic factors for the k-th class seen before
task t in the teacher and student models, respectively. Similarly,
thcher,k and 2Z;;J,stud,k

k-th old class in the teacher and student models, respectively.

The teacher-student knowledge distillation module helps avoid
catastrophic forgetting by transferring knowledge from old tasks
while accommodating the addition of novel classes from new do-
mains. We provide the whole process of DINGLE in Algorithm 1.

denote the sets of variation factors for the

5 Experiments

We conduct extensive experiments on the proposed DINGLE across
a variety of five real-world datasets to address the following re-
search questions (RQs):

e RQ1: How does the overall performance of DINGLE across tasks
in class-domain incremental learning compare to state-of-the-art
methods?

e RQ2: How effective is DINGLE in node representation disentan-
glement and mitigating catastrophic forgetting?

e RQ3: How do the key components contribute to the effectiveness
of DINGLE?

5.1 Experiment Settings

Datasets. We evaluate the proposed DINGLE on five datasets:
CoraFulLL [24], CoraML [1], RepprT 8], PRODUCTS [10], and AMA-
zoN [37]. The key characteristics are summarized in Table 1. Each
dataset is divided into a base task (Task 0) and a series of incremen-
tal tasks that arrive sequentially. The base task contains several
classes from one domain, while each incremental task introduces
new classes (incremental classes) from distinct domains (incre-
mental domain), thus introducing both a growing label space and
covariate shifts. The definition of domain follows the protocol in-
troduced by [7], which has been widely used in graph learning
studies [19, 20] to evaluate model robustness under distribution
shifts. More details about the datasets and task construction are
provided in Appendix B.
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Table 2: Performance comparisons under class-domain incremental learning on different datasets using the GCN backbone.
Results on other backbones, GAT and GraphSAGE, refer to Table 4 and Figure 9.

‘ CoraFuLL ‘ CoraML REDDIT ‘ PropucTs ‘ AMAZON
Backbone Methods
\ | AA/%T  AR%T | AAMT AF%D | AA%T  AR%T | AAMT AR | AT AR/
LWEF [16] 387+36 -40.0+51 | 385+4.7 -647+53 | 39.0+£50 -415+£25 | 31.7+4.2 46.0 + 2.9 335+19 -30.6=+3.1
EWC [13] 40.6 +4.2 -423+33 | 434+21 -332+39 | 383+£3.6 -40.1+4.1|299+18 -43.9+£5.0 305+42 -38.0+438
TWP [17] 40.1+39 -452+34 | 472+3.0 -36.0+4.4 | 41.1+£28 -29.7+35 | 30.6+4.7 -442+44 27.1+37 -342+26
ER-GNN [45] 499+33 -299+3.6 | 509+38 -267+47 | 49.6+40 -250+45 |458+28 -347+29 | 528+1.6 -20.7+20
SSM [43] 50.7+3.1 -27.8+2.7 | 419+28 -502+59 | 479+43 -222+4.6 | 460+41 -306+3.0 | 48.6+2.0 -26.7+2.2
GCN [12] SSRM [28] 539+29 -233+40 | 508+33 -46.6+48 | 52.0+5.6 -283+27|514+31 -286+£1.5 553+20 -221+1.6
LLGNN [5] 441 +3.2 -405+69 | 433+4.7 -562+51 | 43.6+24 -33.7+3.0 | 39.6+3.8 -47.9+2.8 424 +47 -30.7+438
FGN [33] 522+17 -251+22 | 495+18 -494+28 | 503+21 -27.8+32|447+3.7 -382+25 499+17 -226+28
PDGNNGs [41] 60.2+3.0 -10.0+3.6 | 723+29 -7.6+3.0 853+4.1 -115+3.8 | 633+28 -10.7+2.1 | 692+21 -93+19
GSIP [15] 532+21 -199+29| 698+09 -107+20 | 76.4+18 -264+15]|599+27 -181+3.0 | 564+3.0 -20.0+1.8
Geometer [23] 571+28 -20.1+3.0| 61.7+23 -146+27 | 492+49 -221+44|662+51 -298+3.7 | 61.3+£3.0 -16.6=+2.8
‘ DINGLE (Ours) ‘ 63.6+14 -48+19 | 788+20 -33+13 |895+09 -89+0.6 | 659+1.5 -113+1.1 |709+18 -99+1.6
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Figure 3: Learning dynamics of each task on all datasets.

Competing Baselines. We compare the performance of DIN-
GLE with 11 baselines that fall into three categories: (1) 3 state-of-
the-art class incremental learning approaches, including Geome-
ter [23], GSIP [15], and PDGNNs [41], (2) 2 methods designed for
class and domain incremental learning simultaneously, including
FGN [33] and LLGNN [5], (3) 6 state-of-the-art task incremental
learning methods adapted to the setting of class-domain incre-
mental learning, including SSRM [28], SSM [43], ER-GNN [45],
TWP [17], and 2 baselines for Euclidean data but also applicable to
graphs, EWC [13], LWF [16]. The details are shown in Appendix C.

Evaluation Metrics. Following [15, 22, 28, 41, 43], we evaluate
the model’s performance using two widely adopted metrics: Aver-
age Accuracy (AA) and Average Forgetting (AF). AA reflects the
learning dynamics across all learned tasks after completing each
task, while AF measures the average performance degradation on
previous tasks after learning a new task. Specifically, to compute
these metrics, we construct an accuracy matrix I/V;:‘icc € RT*T rep-
resenting the accuracy on task i after learning task ¢, Vt > i, with T
denoting the total number of tasks.

1 T t WA_cc
AA:TZZ b , wheret=1,...,T
t=1 i=1 t
T t—1 Acc Acc
1 iy (W€ = W)
AF = — : ~— wheret=2,...,T
Tl
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Implementation Details. We use a two-layer GCN [12] with a
hidden dimension of 256 as the backbone in DINGLE. Additionally,
we employ a two-layer GAT [32] with the same hidden dimension
of 256. For GraphSAGE [8], we use a two-layer neural network with
a hidden dimension of 256 and set the aggregation function to the
mean. Both E¢ and E? are instantiated as a multi-layer perceptron
(MLP) with one hidden layer of 128 neurons. The classifier is im-
plemented as a linear layer. The results are reported as the average
performance over 10 runs.

Hyperparameter Tuning. The hyper-parameters of the repre-
sentation decoupler include some weight of loss A, A, A,. We chose
them from {0.1,0.2,0.3,0.4,0.5,0.6, 0.7, 0.8, 0.9}. Different combina-
tions are adjusted for different datasets to achieve optimal perfor-
mance. The hyper-parameters of the teacher-student knowledge
distillation include m (the number of sampled nodes in RNF Bank),
which is set in {1, 5, 10, 15, 20, 25, 30}. The number of iterations is
2000. For the hyper-parameters in learning the GNNs, the learning
rate is chosen from {0.0001, 0.0005, 0.001, 0.005, 0.01, 0.05}.

5.2 Experiment Results

Overall performance of DINGLE. We evaluate the performance
of all methods on five real-world datasets. The results are presented
in Table 2, with bold numbers indicating the best performance
and underlined numbers representing the runner-up. The learning
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Figure 4: Accuracy matrix of DINGLE (Ours), PDGNNs [41], GSIP [15], Geometer [23], FGN [33], and ER-GNN [45] on the
CoraFuLL dataset. Each cell in a heatmap represents the classification accuracy, where the cell at coordinate (x, y) indicates the
accuracy on task x after learning task y. A darker cell indicates higher accuracy.

DINGLE PDONNs =P Seomeler Fon i later tasks to preserve topology. However, its parameter decoupled
ﬁg | T aggregation of neighbor attributes can also absorb domain specific
-1 ¢ variations that are unrelated to labels, which degrades prediction

e W | for new classes from new domains. Several baselines share this
W3 ‘ ?;Zj limitation, while representation disentanglement in DINGLE alle-
'._x% 3 ok viates it. Geometer’s teacher model inherits parameters from the
- O [ ¥ Folg % . . . _

© w ||® previous task, but as new classes appear it suffers from node imbal

- ance and fails to learn classes far from the current task. DINGLE
% ] addresses this by reweighting parameters from both semantic and
o § variation encoders across tasks, ensuring balanced learning while

- preserving key knowledge. FGN and LLGNN consider class and

domain incremental settings, yet they still integrate task irrelevant
information and lack the ability to retain and transfer knowledge
from old classes, which harms performance on new class nodes

Figure 5: t-SNE visualization of node classifier inputs of
DINGLE (Ours), PDGNNs [41], GSIP [15], Geometer [23],

FGN [33], and ER-GNN [45] on the CorRaAML dataset after from new domains.
learning the 1st, 3rd, and 5th task. Different colors represent t-SNE visualization of node classifier inputs across tasks.
different classes. To better understand the learning process of DINGLE, we visualize

inputs of the node classifier from different classes using t-SNE while
- 3 learning a sequence of 6 tasks on the CoraML dataset. We com-
draw the following observations. pare DINGLE with 5 baselines, including PDGNNSs, GSIP, Geometer,

Firstly, in the class-domain incremental learning setting, Table 2 FGN, and ER-GNN, for tasks 1 (3 classes), 3 (5 classes), and 5 (7
shows that DINGLE outperforms baselines across various datasets, classes), as shown in Figure 5. Specifically, the input features of the

achieving better AA and AF (3% and 5.2% in CoraFuLL, 6.5% and classifier of DINGLE correspond to the outputs of the semantic en-
4.3% in CorAML, 4.2% and 2.6% in REDDIT, 2.6% of AA in PRoDUCTS, coder for node representations. As observed, with the introduction
and 1.7% of AA in AmazoN). Additionally, as shown in Figure 3, of new classes from different domains, DINGLE effectively clusters
DINGLE exhibits minimal accuracy degradation compared to the nodes with the same label across all tasks. This can be attributed to
baselines as the number of tasks increases, highlighting the superi- feature disentanglement, which separates semantic and variation
ority of our approach. This can be attributed to three key reasons: factors, reducing the model’s reliance on domain variations that
(1) The encoders in DINGLE disentangle node representations into are unrelated to class labels and prone to dynamic changes. Addi-
domain-invariant semantic factors and domain-specific variation tionally, teacher-student distillation and parameter re-weighting
factors, effectively mitigating the impact of domain shifts and en- enhance the model’s ability to preserve and learn from knowledge
hancing the model’s ability to capture semantic information for across all previous tasks.

class prediction. (2) Unlike existing knowledge distillation tech- The effectiveness of DINGLE in catastrophic forgetting.
niques designed for class incremental learning, the teacher model To gain a comprehensive understanding, we visualize the accuracy
in DINGLE does not directly inherit parameters from the previous matrices of DINGLE, PDGNNSs, GSIP, Geometer, FGN, and ER-GNN
task. Instead, it integrates weighted parameters from the semantic on the CoraFuLL dataset across all tasks in Figure 4. Each cell (t,, t,)
and variation encoders of all previous tasks. (3) The knowledge dis- in a heatmap represents the predicted accuracy of the model trained
tillation term Lxp between teacher and student models reinforces on task t, when evaluated on task ty task. Darker blue indicates
disentanglement and preserves semantic information from earlier higher accuracy. Compared to the baselines, DINGLE consistently
tasks. Together, these mechanisms effectively mitigate catastrophic maintains stable performance across tasks, even as new classes

forgetting in the class-domain incremental learning setting. from different domains are continuously learned
Secondly, among the baselines, PDGNNs ranks second to DIN-

GLE. It adopts memory replay by storing low dimensional repre-
sentations of key nodes from previous tasks and replaying them in

dynamics of each task are illustrated in Figure 3, from which we
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Figure 6: Ablation study results on all datasets. (Left) Node classification accuracy across tasks. (Right) Results of Average

Accuracy (AA) and Average Forgetting (AF).

Ablation studies. We investigate the effectiveness of each key
module in DINGLE, including the representation encoders (w/o Dis-
entanglement), parameter weighting (w/o Weighted), and teacher-
student knowledge distillation (w/o Teacher), in all datasets, using
the full model DINGLE as the standard for the experiments. The
results are shown in Figure 6. (1) In DINGLE w/o Disentanglement,
we remove encoders and use a GNN in both the student and teacher
models to learn node representations for classification. We observe
a 2%-7% drop in AA and a 3%-8% drop in AF. The representation
decoupler is designed to capture the semantic information that
determines the labels, reducing the model’s reliance on domain-
specific information influenced by dynamic distribution shifts. This
improves the model’s ability to correctly classify new classes from
new domains by decoupling the node representations learned by
the GNN, thereby enhancing adaptability to different domains. Ad-
ditionally, minimizing the learning of irrelevant environmental fea-
tures improves prediction performance. (2) In DINGLE w/o Teacher,
we remove the teacher-student knowledge distillation module and
train only the student model for each task. We observe a 9%-14%
drop in AA and a 7%-16% drop in AF. This result highlights the
importance of maintaining semantic information between old and
new tasks while minimizing the correlation of domain-specific
information across tasks. Retaining semantic similarity between
the teacher and student models enables the student to inherit the
teacher’s knowledge of old classes. By maximizing the domain dif-
ference between the teacher and student, we reduce the student’s
dependency on outdated domain information, preventing the mis-
prediction of old classes caused by the integration of irrelevant
domain knowledge. (3) In DINGLE w/o Weighted, we remove the
parameter weighting module, such that the student model inherits
parameters from the previous task. Experimental results show a 3%-
10% drop in AA and a 5%-8% drop in AF. These findings suggest that
weighting the semantic and variational encoder parameters from
all previous tasks helps preserve both semantic and domain-specific
information from old tasks, particularly those distant from the cur-
rent task. This preserves crucial information for all encountered
classes, improving long-term performance.

Sensitive analysis. The number of node representations stored
in the Representative Node Feature (RNF) Bank for each class, de-
noted as m, is a key hyperparameter. We investigate its impact
across all datasets by varying m € {1, 10, 20, 30, 40, 50}, and present
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Figure 7: Analysis of the number m of selected representative
node features in RNF Bank on all datasets.

the results for AA and AF in Figure 7. As the number of node repre-
sentations in the RNF Bank increases, AA gradually rises (indicating
improved prediction performance), while negated AF (i.e., -AF) de-
creases (indicating reduced catastrophic forgetting). As expected,
increasing the number of nodes stored enhances the model’s abil-
ity to mitigate catastrophic forgetting on all datasets. The node
representations in the RNF Bank retain both the attributes and
topological information of experienced nodes from previous tasks,
which helps preserve knowledge from previous tasks.

6 Conclusion

We introduced DINGLE, a novel framework for class-domain in-
cremental learning on graphs, addressing covariate and label shifts
simultaneously while mitigating catastrophic forgetting. By incor-
porating a representation decoupler and a teacher-student knowl-
edge distillation module, DINGLE effectively disentangles node
representations and preserves past knowledge through memory
replay. Experimental results on 5 real-world datasets demonstrate
its superiority over 11 state-of-the-art baselines, achieving higher
classification accuracy and better knowledge retention.
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A Notations

For clear interpretation, we list the notations used in this paper and
their corresponding explanation, as shown in Table 3.

Table 3: Important notations and corresponding descriptions.

Notations | Descriptions
G A set of graphs
v A set of nodes of a graph
Gy A graph of task t
A; The adjacency matrix of G,
X, The node feature matrix of G;
\ Node labels of G,
e; A domain indicator specific to G,
Cy The set of classes at task ¢
AC; The set of incremented classes
T Total number of tasks
E¢ Semantic encoder
E° Variation encoder
D Decoder
h Node classification head
v A variation factor that is randomly sampled from
the prior distribution N (0,I)
c Semantic factor
v Variation factor
) Discriminator
Z Node representations learned from GNNs
o Parameters of the semantic encoder
6° Parameters of the variation encoder
m The number of representative node features stored
in the RNF bank
Ziy The prototype of the node representations for the
k-th class at task ¢
B Datasets Setting

We summarize the construction of tasks for each dataset as follows:

e CoraFuLL[1]is a paper citation network with 70 paper topics,
where nodes represent papers and edges denote citation
relationships. The dataset is partitioned into 11 domains
based on the word of papers following [7]. Task 0 includes
20 base classes from one domain. Each of the next 10 tasks
introduces 5 new classes from a different domain.

o Similarly, CORAML[1] consists of 7 paper topics divided into
6 domains, with 2 classes as base classes and each task incre-
mented by 1 class from different domains.

e REDDIT[8] is an online discussion forum with 40 communi-
ties of posts, where nodes represent posts and edges denote
interactions between them, with an undirected edge created
if two posts are interacted with by the same user in the com-
ments section. The dataset is partitioned into 11 domains
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based on node degree, with 20 classes from one domain as
base classes and 2 classes from each of the remaining 10
domains as incremental additions.

PropuCTs[10] is a co-purchase network with 47 product
categories, where nodes represent goods and edges indicate
frequently co-purchased items. The dataset is divided into
11 domains based on node degree, with 27 classes as base
classes and an increment of 2 classes from distinct domains.
AMAZON [37] is a co-purchase network of computer-related
products, where nodes represent goods and edges indicate
frequently co-purchased items. Similar to PRopUCTs, this
dataset is divided into 9 domains based on node degree,
with 2 classes selected as base classes and 1 class added
incrementally for each task.

C Baselines

e PDGNNSs [41] preserves topology information based on memory
replay techniques while reducing the memory space complexity.

e GSIP [15] preserves the information of old models to calibrate
node semantic and graph structure shifts.

e Geometer [23] introduces a graph few-shot class-incremental
learning framework by learning the prototype of each class.

e FGN [33] converts the graph data into independent data with the
feature map to apply traditional continuous learning methods.

e LLGNN [5] introduces a new metric based on k- neighborhood
time differences to balance the influence of implicit and explicit
knowledge on historical data changes for lifelong learning on
graphs.

o SSRM [28] mitigates the impact of the structural shift on cata-
strophic forgetting based on regularization.

e SSM [43] stores sampled sparse subgraphs in memory buffer to
preserve topology information of old tasks.

o ER-GNN [45] replays the node embedding of previous tasks when
learning new tasks.

e TWP [17] preserves the parameters playing pivotal roles in the
topological aggregation to overcome catastrophic forgetting.

e EWC [13] imposes a quadratic penalty on the model weights
based on their relevance to previous tasks.

e LWEF [16] utilizes information distillation to reduce the discrep-
ancy between old and new models.

D Experiment Results

Efficiency analysis of DINGLE. We evaluate the runtime of
DINGLE and all baselines all tasks on the five datasets, with re-
sults presented in Figure 8. The efficiency results show that DIN-
GLE achieves classification improvements in class-incremental and
domain-incremental scenarios while maintaining a runtime compa-
rable to state-of-the-art baselines, demonstrating its effectiveness
without introducing significant computational overhead.

The effectiveness of DINGLE using different backbones.
Additionally, we evaluated the node classification performance of
all baseline methods using different GNN backbones (GAT [32] and
GraphSAGE [8]) on the CoraFuLL dataset, with results presented in
Table 4 and Figure 9. DINGLE maintains strong performance across
backbones. Particularly, attention-based methods like Geometer
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Figure 9: Performance comparisons for each task using GAT
and GraphSAGE backbones on the CoraFuLL dataset.
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