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Abstract

Catastrophic forgetting poses a significant challenge for
graph neural networks in continuously updating their knowl-
edge base with data streams. To address this issue, much
of the research has focused on node-level continual learn-
ing using parameter regularization or rehearsal-based strate-
gies, while little attention given to graph-level tasks. Further-
more, current paradigms for continual graph learning may
inadvertently capture spurious correlations for specific tasks
through shortcuts, thereby exacerbating the forgetting of pre-
vious knowledge when new tasks are introduced. To tackle
these challenges, we propose a novel paradigm, Rationale
Learning GNN (RL-GNN), for graph-level continual graph
learning. Specifically, we harness the invariant learning prin-
ciple to incorporate environmental interventions into both the
current and historical distributions, aiming to uncover ratio-
nales by minimizing empirical risk across all environments.
The rationale serves as the sole factor guiding the learning
process. Therefore, continual graph learning is redefined as
capturing these invariant rationales within task sequences, al-
leviating catastrophic forgetting caused by spurious features.
Extensive experiments on real-world datasets with varying
task lengths demonstrate the effectiveness of our RL-GNN
in continuous knowledge assimilation and reduction of catas-
trophic forgetting.

Introduction
Modern graph neural network (GNN) algorithms have
demonstrated exceptional performance in specialized tasks
such as recommendation systems (Wu et al. 2022b), so-
cial network analysis (Li et al. 2023), and drug discovery
(Hu et al. 2023), etc. However, they are criticized for their
difficulty in retaining previously acquired knowledge when
adapting to a new task, a phenomenon referred to as catas-
trophic forgetting (CF). One critical issue arises from the
distinct data distributions across different tasks. Without tar-
geted interventions, model parameters are inclined to adapt
predominantly to the latest distribution to minimize empiri-
cal risk, complicating their compatibility with previous dis-
tributions. Recent studies have explored strategies such as
parameter regularization (Liu, Yang, and Wang 2021), mem-
ory replay (also known as rehearsal-based methods) (Zhou
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Figure 1: An example of catastrophic forgetting induced
by spurious correlations between labels and environments.
Each graph consists of a rationale (marked with a black box)
and an environment (the remaining portion). From left to
right, it represents a sequence of tasks generated over time.
Our objective is to distinguish all previously encountered
classes, with each graph’s label determined solely by the cor-
responding rationale. The histogram at the bottom depicts
the prediction accuracy for each class.

and Cao 2021; Zhang, Song, and Tao 2022c), and parame-
ter isolation (Zhang, Song, and Tao 2022b) to mitigate CF.
Among them, rehearsal-based methods demonstrate supe-
rior performance, which involve sampling a limited subset
of historical data and feeding it into a fixed-size memory
buffer. Upon encountering a new task, these samples are in-
corporated into a new collection to strike a trade-off between
plasticity and stability.

Despite the commendable results achieved by these
methodologies, they predominantly concentrate on node-
level tasks, neglecting graph-level tasks. In reality, much
of real-world data is inherently organized as independent
graphs. For instance, drug discovery models require on-
going updates to the systemic knowledge to pinpoint tar-
get molecules, while medical agents must constantly inte-
grate new information on disease or virus structures to en-
sure precise and reliable diagnostics (Tian, Zhang, and Dai
2024). To bridge this gap, our focus lies in addressing the
challenges posed by graph-level continual graph learning
(CGL). Rather than segregating past experiences and new
tasks to safeguard their independence, this work aims to
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Figure 2: An overview of the RL-GNN framework. The memory bufferM stores historical data from tasks T1:k−1. Upon the
arrival of a new task Tk, mini-batch samples are drawn from both the current task andM, then processed through the graph
encoder Φ(·) and the rationale generator g(·). Best viewed in color.

delve deeper into the following pivotal question:
Is all information within the graph pertinent to our needs,

and how can we extract the maximally informative subset
from the graph structure at hand?

To answer this question, let’s delve into an example from
Figure 1. If blue hexagons (the label’s maximal unique solu-
tion, also referred to as rationale) frequently co-occur with
gray subtrees (environmental noise) in task Tk−1, a clas-
sification model minimizing cross-entropy loss will erro-
neously associate the label with the environment through
shortcuts (Wei et al. 2023). Within the same task, green
houses linked to gray subtrees are susceptible to misjudg-
ment, resulting in lower accuracy in predicting the category.
Upon the arrival of task Tk, if some orange pentagons are
also linked to gray subtrees, previously acquired spurious
correlations will become ineffective. This necessitates the
model to restructure existing knowledge to prioritize learn-
ing more discriminative features, exacerbating CF and sig-
nificantly diminishing performance on previously encoun-
tered categories. To put it another way, if the model can ac-
quire rationales (maximally informative subsets) for diverse
categories in each task, it will minimize perturbations to ex-
isting knowledge when adapting to new tasks. Furthermore,
existing empirical knowledge can enhance its capacity to as-
similate new information.

To tackle these challenges, inspired by recent research on
out-of-distribution (OOD) generalization (Wu et al. 2022c;
Li et al. 2022; Yu, Liang, and He 2023), we incorporate the
invariant learning principle into CGL. Our goal is to dis-
cern rationales from graphs intertwined with environmental
factors, thereby mitigating the forgetting of previously ac-
quired knowledge through rationale learning. However, ap-
plying invariant learning to CGL is non-trivial for two rea-
sons: (1) Existing invariant learning frameworks are of-
ten arduous to train, posing significant challenges for
CGL; (2) Using cross-entropy loss as the optimization
objective could induce models to exhibit recency effect
(Zhao et al. 2020). Hence, we propose a novel graph-level
CGL paradigm grounded in invariant learning, as illustrated

in Figure 2. The graph encoder Φ(·) derives node represen-
tations for each graph, offering dependable features to the
rationale generator g(·). The rationale generator g(·) assigns
a scalar mask score (ranging from 0 to 1) to each node, dis-
tinguishing rationales from environmental factors. During
training, the graph encoder Φ(·) and the entire framework
f(·) update parameters through alternating backpropagation
with distinct optimization objectives. During inference, class
prototypes computed from the memory bufferM guide clas-
sification.

Our contributions manifest in three folds:
• We propose a novel graph-level CGL paradigm,

Rationale Learning GNN (RL-GNN), which incor-
porates the invariant learning principle into class-
incremental learning, redefining CGL as capturing in-
variant rationales within task sequences. To the best of
our knowledge, this is the pioneering effort to apply in-
variant learning on CGL.

• To tackle issues (1) and (2), we propose an alternating
training regimen alongside a supervised contrastive in-
variant learning objective. The aim is to better identify
and learn rationales to alleviate CF.

• Extensive experiments on three real-world datasets with
varying task lengths validate that our RL-GNN exhibits
stronger resilience against CF. Visualization results un-
derscore the efficacy of invariant learning for CGL.

Related Work
Rehearsal-based Continual Graph Learning
Continual graph learning has recently been widely studied
due to its capability in counteracting CF. Prevailing method-
ologies encompass constraining parameter updates via pa-
rameter estimation or knowledge distillation (parameter reg-
ularization), replaying historical distributions using a fixed-
size memory buffer (memory replay), and dynamically ex-
tending the model architecture as required (parameter iso-
lation). Among these, memory replay, or rehearsal-based
methods, exhibit the most robust performance. A seminal
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work in (Zhou and Cao 2021) introduced three experience
selection strategies based on complementary learning sys-
tems theory. Subsequently, a series of CGL algorithms ex-
panded upon it, such as sparsified subgraph memory (Zhang,
Song, and Tao 2022c), condensed graph memory (Liu, Qiu,
and Huang 2023), and topology-aware embedding mem-
ory (Zhang et al. 2024). Unfortunately, these efforts consis-
tently prioritized node-level CGL, overlooking the crucial
role of graph-level CGL in practical applications. To bridge
this gap, our work falls within the family of rehearsal-based
methods and proposes a new paradigm for graph-level CGL
aimed at combating the well-known CF.

Invariant Learning on Graphs
Invariant learning has been extensively harnessed for OOD
generalization, with the intent of extending the efficacy of
GNNs trained in specific environments to perform robustly
in unseen ones. A common practice involves exploring the
causal mechanism (Pearl, Glymour, and Jewell 2016) un-
derlying data generation and employing risk extrapolation
(Krueger et al. 2021; Wu et al. 2022a) to ensure stabil-
ity across varying environments. However, acquiring envi-
ronmental labels for graphs is non-trivial due to the inter-
twined nature of environments with rationales, rendering
them unobservable. Furthermore, the restricted variability
across environments poses challenges for invariant learn-
ing. To this end, existing approaches (Wu et al. 2022c; Li
et al. 2022; Yang et al. 2022; Yu, Liang, and He 2023) em-
ployed distribution interventions to generate multiple virtual
environments, mimicking distributional shifts happening in
real-world scenarios. Nevertheless, they were all geared to-
wards static models, implying that more enduring knowl-
edge could not be incrementally acquired over time. Indeed,
data evolves progressively, evidenced by the continual ex-
ploration of new molecular structures and the emergence
of nascent topic communities. Our work is tailored for task
streams, aimed at leveraging invariant learning to sustain-
ably update existing knowledge repositories, ameliorating
CF.

Preliminaries
Before delving into the details of our RL-GNN, we initiate
with the definition of class-incremental CGL, followed by
the formalization of invariant learning principle on CGL.

Problem Formulation
Continual graph learning assumes receiving a sequence of
tasks T = {T1, T2, ..., TK}(|T | = K) that are successively
fed into the framework f(·) for learning. In this paper, each
task Tk = {Dtr

k ,Dte
k } ∈ T is defined as a graph-level clas-

sification task, with Dtr
k for training and Dte

k for testing.
Each graph Gj

k ∈ Gk corresponds to a class label yl ∈ Yk,
where Yk = {y1, y2, ..., yck} is the label set and ck denotes
the number of classes in task Tk. In the class-incremental
learning scenario, Ym ∩ Yn = ∅ if m ̸= n. Due to mem-
ory constraints and privacy concerns, historical data is often
concealed when learning a new task. Alternatively, a fixed-
size memory buffer M is utilized to preserve a few histor-

ical samples to replay their distributions. Upon completing
training on task Tk, the GNN is mandated to differentiate be-
tween all classes encountered in previous tasks T1:k. Below,
we omit superscripts for brevity. From a probabilistic view,
it can be interpreted with Bayes’ theorem (Kirkpatrick et al.
2017) as:

log p(Θ|D1:k)=log p(Dk|Θ)+log p(Θ|D1:k−1)−log p(Dk),
(1)

where log p(Dk|Θ) is the log likelihood for task Tk,
log p(Θ|D1:k−1) represents the posterior probability of Θ
(parameterized representation of f(·)), and log p(Dk) de-
notes the evidence. To ensure the efficacy of CGL, it is
imperative that all knowledge from tasks T1:k−1 is assimi-
lated into the posterior distribution. Rehearsal-based meth-
ods leverage memory replay to keep its reliability. Conse-
quently, the optimization objective can be formulated as:

minRMR = R(f(Gk),Yk) + λR(f(G1:k−1|M),Y1:k−1),
(2)

where the two terms on the right-hand side compute the risk
associated with the current task and the memory buffer, re-
spectively. λ balances between the two.

Invariant Learning Principle on CGL
Let’s begin with the OOD generalization problem, which
is pervasive in contexts where discrepancies exist between
training and testing distributions. Recent researches ascribe
it to the data generation process, highlighting the biased dis-
tributions influenced by an underlying environment variable
e. Invariant learning principle involves finding an optimal
mapping f∗(·) : G→ Y that minimizes the worst-case risk,
formulated as:

f∗(·) = argmin
f

max
e∈E

E(x,y)∼p(x,y|e=e)[l(f(x), y)|e], (3)

where E represents the support set of environments, l(·, ·)
denotes the loss function. E(x,y)∼p(x,y|e=e)[l(f(x), y)|e] is
defined as the risk function R(f(X ),Y|e) according to
(Yang et al. 2022; Yu, Liang, and He 2023). Instead of focus-
ing on the divergences between training and testing distribu-
tions within static data, our work prioritizes the distribution
shifts both within and across tasks in CGL, which means
that invariant learning pervades the entire sequence of tasks,
aiming to discern stable rationales across diverse environ-
ments for mitigating CF. Hence, Eq. 3 can be reformulated
as:

f∗(·) = argmin
f

max
e∈E

R(f(Gk),Yk|e)

+R(f(G1:k−1|M),Y1:k−1|e).
(4)

Methodology
In this section, we delve into the internal workings of the
RL-GNN framework, comprising a graph encoder and a ra-
tionale generator, geared towards decoupling rationales and
environments in each task. Moreover, we propose a su-
pervised contrastive invariant learning objective grounded
in the constructed virtual environments, alternately trained
with cross-entropy loss. During inference, class prototypes
are employed for prediction to avoid the recency effect.
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Rationale-Environment Decoupling
As outlined in the Introduction, not all information within
the graph is conducive to CGL. Our focus lies in grasping
rationales, rather than inadvertently fostering spurious corre-
lations with environments. To achieve this goal, we propose
an invariant learning framework that disentangles rationales
from environments, leveraging a graph encoder Φ(·) and a
rationale generator g(·). Given a graph Gj

k = {Aj
k,X

j
k} ∈

Gk, where Aj
k ∈ RN×N is the binary adjacency matrix and

Xj
k ∈ RN×C is the node feature matrix, the graph encoder

Φ(·) derives the node embedding Zj
k ∈ RN×d via iterative

message passing as:

Zj
k =GNN(m)

c (...GNN(2)
c (GNN(1)

c (Xj
k,A

j
k),A

j
k)...,A

j
k)

=GNNm
c (Gj

k),
(5)

where m is the number of layers in the model. Following
(Li et al. 2022), we suppose that graph Gj

k comprises an
invariant rationale G

j,(r)
k and an environment Gj,(e)

k , where
G

j,(r)
k ∩Gj,(e)

k = ∅while Gj,(r)
k ∪Gj,(e)

k = Gj
k. The rationale

generator g(·) is crafted to extract Gj,(r)
k from Gj

k, mitigat-
ing the risk of the GNN spuriously correlating G

j,(e)
k with its

label in a specific task environment. More specifically, g(·)
computes a scalar mask score S

j,(r)
k [i] (ranging from 0 to 1)

for each node, indicating whether it should be filtered out.
If Sj,(r)

k [i] is below 0.5, it is deemed an environment node;
otherwise, as a rationale node. Ideally, scores for environ-
ment nodes approach 0 and for rationale nodes tend towards
1. The formal formulation is as follows:

S
j,(r)
k = Sigmoid(MLPg(GNNm

g (Gj
k))), (6)

S
j,(e)
k = 1N − S

j,(r)
k , (7)

where GNNm
g (·) shares its structure with GNNm

c (·) but dif-
fers in parameters, MLPg(·) stands for a multilayer percep-
tron, and 1N ∈ RN is filled with ones. Then, Sj,(r)

k and
S
j,(e)
k are utilized for computing the representations of the

rationale and the environment as:

H
j,(r)
k = READOUT(Zj

k ⊙ S
j,(r)
k ), (8)

H
j,(e)
k = READOUT(Zj

k ⊙ S
j,(e)
k ), (9)

where ⊙ is the element-wise product, and READOUT(·)
aggregates rationale and environment nodes separately using
a permutation-invariant operation to derive graph-level em-
beddings. Subsequently, we can harness the rationales and
environments for invariant learning.

Virtual Environment Construction
As demonstrated in Eq. 4, the goal of invariant learning
on CGL is to solve a bi-level optimization problem, which
entails acquiring stable embeddings (also called rationales)
that exhibit robust performance across diverse tasks. As ac-
quiring environment labels for graphs poses challenges, the

crux for this problem lies in how to effectively build virtual
environments to simulate distribution shifts observed in the
real world. Following (Liu et al. 2022), we leverage environ-
ment replacement to infer distinct environments within the
latent space, ensuring sufficient potential environments for
each sample within a mini-batch. Assuming a memory bank
H

(E)
k = {H1,(e)

1:k−1|M, ...,H
p,(e)
1:k−1|M,H

1,(e)
k , ...,H

q,(e)
k } stor-

ing all the potential environments, where p and q denote
the number of samples from the memory bufferM and the
current task Tk within a mini-batch, respectively. We com-
bine H

(R)
k (the complement of H(E)

k ) with any H
(E)
k [i](i ∈

[1, p + q]) in pairs. Taking sample H
1,(r)
k ∈ H

(R)
k as an

illustration:

H1
k = {H1,(r)

k +H
1,(e)
1:k−1|M, ...,H

1,(r)
k +H

q,(e)
k }. (10)

Each rationale is contextualized across p+q distinct environ-
ments, thereby yielding (p+ q)2 latent embeddings within a
mini-batch. It facilitates invariant learning over diverse tasks
without imposing substantial computational overhead.

Contrastive Invariant Learning
Existing literatures (Wu et al. 2022c; Liu et al. 2022; Li
et al. 2022; Yu, Liang, and He 2023) on OOD generalization
commonly employ cross-entropy loss to solve Eq. 3 within
static datasets. However, cross-entropy can potentially in-
duce pronounced recency bias during inference in the con-
text of CGL, given that the sample volume from new tasks
often far exceeds that of old-class samples in the memory
buffer M. This suggests that historical samples are prone
to being misclassified as new classes, exacerbating the phe-
nomenon of CF. To address this issue, we propose a novel
contrastive invariant learning objective to solve Eq. 4, com-
prising an invariant learning term Ril and a relational learn-
ing term Rrl. The primary challenge lies in how to ade-
quately train the GNN to achieve a profound perception of
the rationales after moving beyond the constraint of cross-
entropy loss. Having acquired multiple rationales across di-
verse environments, we strive for robust consistency in the
predictions of these samples according to Eq. 4. Hence, we
compute as follows:

Ril =EG∈{G1:k−1|M∪Gk}[
1

p+ q

p+q∑
i=1

(sg[H(r)]−MLP1(H[i]))2

]
,

(11)

where the index of the task is omitted for simplicity, G is an
instance from the training set of task Tk or memory buffer
M, H(r) signifies the rationale, while H denotes the con-
structed virtual environments. sg[·] stops gradient backprop-
agation to avert model collapse (Grill et al. 2020). By mini-
mizing the empirical risk Ril, our RL-GNN adeptly acquires
stable knowledge in the novel task, concurrently reinforc-
ing previous experiences for alleviating CF. However, since
Eq. 11 does not account for graph category information, the
learned knowledge may not necessarily represent the maxi-
mally informative subset for prediction. For instance, when
infants learn to recognize animals, parents usually instruct
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them on labels while simultaneously imparting essential at-
tributes. Inspired by this insight, the relational learning term
Rrl employs supervised contrastive learning to capture both
intra-task and inter-task label dependencies as:

Rrl = EG∈{G1:k−1|M∪Gk}−1
|Pi|

∑
j∈Pi

log

(
exp(MLP2(H

i)·MLP2(H
j)/τ)∑

u̸=i exp(MLP2(Hi)·MLP2(Hu)/τ)

),
(12)

where i ∈ {1, 2, ..., 2(p + q)}, as each instance in the mini-
batch corresponds to a rationale and a stochastically selected
virtual environment, Pi = {j ∈ {1, 2, ..., 2(p + q)}|yj =
yi, j ̸= i}, and τ is the temperature coefficient. Of particular
note, our RL-GNN does not necessitate predefined data aug-
mentation to achieve diverse views, leveraging the rationales
and constructed virtual environments as paired positive sam-
ples. Moreover, to mitigate the risk of excessively sparse or
dense scores in the generated node masks, a regularization
term is introduced to penalize the rationale generator g(·) as
follows:

Rreg = EG∈{G1:k−1|M∪Gk}

[∣∣∣∣∣
N∑
i=1

S(r)[i]/N − γ

∣∣∣∣∣
]
, (13)

where γ functions as a hyperparameter that delimits the
scope of rationales, a smaller value indicates a preference
for a narrower range.

Risk Function Optimization for Training
Thus far, the risk function for training is delineated as:

RRL−GNN = Rrl + α ·Ril + β ·Rreg, (14)

where α and β are hyperparameters calibrated to equilibrate
the contributions of the invariant learning term Ril and the
regularization term Rreg. However, as (Chang et al. 2020)
suggests, the node mask scores generated by g(·) align with
Φ(·)’s node embeddings to discern rationales and environ-
ments, forming an intrinsic cooperative relationship. Hence,
we propose a novel alternating training paradigm with two
steps as follows:
• Step 1: Ensuring the fidelity of node embeddings de-

rived from the graph encoder Φ(·) is imperative for ra-
tionale identification. We endeavor for Φ(·) to acquire
reasonable initialization parameters attuned to categori-
cal nuances, thus advancing further learning of the ratio-
nale generator g(·). In implementation, we focus solely
on minimizing the cross-entropy risk Rce to update Φ(·)
as:

Rce=EG∈{G1:k−1|M∪Gk}[−y ·log(ω(READOUT(Z)))],
(15)

where ω(·) is an extra auxiliary classifier deployed ex-
clusively for this step.

• Step 2: Minimizing RRL−GNN to update the entire RL-
GNN, including the graph encoder Φ(·).

Step 1 and Step 2 alternate throughout the training process
for CGL. Algorithm 1 delineates the complete training pro-
cess of our RL-GNN.

Algorithm 1: Rationale Learning for Continual Graph
Learning

Input: Task stream {{Aj
k,X

j
k}}Kk=1, disjoint class sets

{Yk}Kk=1, Memory buffer M, replay size p, batch size q,
number of epochs E, learning rate η.
Initialize: The graph encoder Φ(·), the rationale generator
g(·), the auxiliary classifier ω(·), the mappings MLP1(·) and
MLP2(·).

1: for k = 1, 2, ...,K do
2: Retrieve the training data {Dtr

k ∪M} for the current
task Tk

3: for epoch = 1, 2, ..., E do
4: Draw a mini-batch {{Aj ,Xj}}p+q

j=1 with q exam-
ples from Dtr

k and p fromM
5: for all j ∈ {1, 2, ..., p+ q} do
6: Zj ← Φ(Aj ,Xj)
7: Sj,(r),Sj,(e) ← g(Aj ,Xj), 1N − g(Aj ,Xj)
8: Decouple Hj,(r) and Hj,(e)

9: Construct virtual environments Hj

10: end for
11: if epoch%2 == 1 then
12: Compute Rce according to Eq. 15
13: Step 1: Update θ ← {Φ, ω} by θ ← θ−η∇θRce

14: else
15: Compute RRL−GNN according to Eq. 14
16: Step 2: Update f ← {Φ, g,MLP1,MLP2} by

f ← f − η∇fRRL−GNN

17: end if
18: end for
19: Draw a fixed number of instances from each class in

Dtr
k and deposit them intoM.

20: end for

Class Prototypes for Inference
Given that RL-GNN updates via the contrastive learning ob-
jective rather than cross-entropy, direct inference of test in-
stances across diverse tasks is unfeasible. Inspired by nearest
class mean (NCM) classifier (Mai et al. 2021), we compute
class prototypes from the memory buffer M to classify all
previously encountered tasks as follows:

µc =
1

nc

nc∑
j=1

H
j,(r)
1:k|M · 1{yj = c}, (16)

ỹ = argmax
c∈Y1:k

sim(H(r), µc), (17)

where 1{·} is an indicator that returns 1 if the condition is
met, otherwise 0, sim(·, ·) denotes a similarity measure or a
negative distance function.

Experiments
Next, we empirically investigate the following questions:
• Q1: Does RL-GNN demonstrate stronger resistance to

CF over existing CGL approaches?
• Q2: Is RL-GNN sensitive to hyperparameters such as α,
β and γ?
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Method Aromaticity-CL (T=15) REDDIT-MULTI-12K-CL (T=5) ENZYMES-CL (T=3)
AP/% AF/% AP/% AF/% AP/% AF/%

Joint-train 83.18±2.18 - 45.42±2.72 - 64.00±3.18 -
Fine-tune 5.31±1.25 -96.15±2.81 14.18±1.22 -77.54±2.86 23.33±2.24 -51.50±7.43

GEM 7.28±2.08 -69.54±5.17 15.75±1.49 -77.04±3.28 24.17±3.35 -44.25±10.00
EWC 11.16±0.50 -59.83±4.25 14.78±2.15 -76.28±2.87 23.83±3.17 -44.50±9.14
LWF 7.45±1.69 -95.91±1.68 15.15±1.85 -77.79±4.56 24.17±1.86 -53.50±7.00
MAS 8.37±1.87 -82.49±2.85 13.50±1.56 -71.71±2.92 24.33±2.38 -47.25±7.02
TWP 5.89±2.00 -67.91±5.70 13.13±0.95 -65.84±4.34 21.50±3.29 -53.75±9.10

ER-GNN 37.54±4.49 14.00±4.39 22.60±4.66 -32.06±4.36 23.17±2.29 -31.50±7.26
ER-GS-LS∗ 45.40±1.50 17.60±1.20 - - 25.50±1.70 -20.00±5.10

RL-GNN (nc=10) 56.00±7.85 -9.31±6.40 23.04±3.79 -18.57±5.06 26.17±5.43 -28.50±8.15
RL-GNN (nc=100) 68.24±5.68 -4.95±3.31 29.73±2.00 -10.57±3.90 30.50±5.77 -26.25±8.96

Table 1: Performance comparison across three different datasets, where T denotes task length, ∗ indicates results cited from the
publication, and nc is the number of graphs allocated to the memory bufferM for each class, with the best results highlighted
in bold.
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Figure 3: Sensitivity analysis of α, β, and γ on Aromaticity-CL and REDDIT-MULTI-12K-CL. Assessing a specific parameter
necessitates maintaining the other hyperparameters constant.

• Q3: Can RL-GNN really differentiate between rationales
and environments for CGL?

Experimental Setup
Datasets. To answer the aforementioned questions, we
carry out experiments on three real-world datasets: Aro-
maticity (Xiong et al. 2019), REDDIT-MULTI-12K (Ya-
nardag and Vishwanathan 2015), and ENZYMES (Borg-
wardt et al. 2005). Following (Zhang, Song, and Tao 2022a),
we divide each dataset into 2-way graph classification tasks,
with each category being stratified into training/valida-
tion/testing subsets in accordance with 8/1/1 ratio, yielding
three task streams suffixed with ”-CL” for CGL. More de-
tails regarding the datasets and task configurations can be
found in Appendix A.1.

Baselines. For a rigorous comparison of performance
across various methods, all experiments are conducted
following Continual Graph Learning Benchmark (CGLB)
(Zhang, Song, and Tao 2022a), where EWC (Kirkpatrick
et al. 2017), MAS (Aljundi et al. 2018), GEM (Lopez-Paz
and Ranzato 2017), TWP (Liu, Yang, and Wang 2021), and
LWF (Li and Hoiem 2017) are regularization-based meth-
ods, ER-GNN (Zhou and Cao 2021) employs a rehearsal
strategy, and Fine-tune and Joint-train denote the lower and
upper bounds of CGL performance. Given that ER-GNN is
tailored for node-level tasks, we re-implement it for appli-

cation on graph-level tasks. Moreover, ER-GS-LS (Hoang
et al. 2023), serving as an ensemble method, is also included
in our baselines.

Metrics. To gauge the performance of the baselines and
our RL-GNN on CGL, we adopt average performance (AP)
and average forgetting (AF) as metrics for the plasticity and
stability, respectively. Formal definitions are provided in Ap-
pendix A.2. Conceptually, a robust method should exhibit
superior performance across both metrics.

Environment and Hyperparameters. All experiments
are implemented on the PyTorch 3.10 framework, with an
NVIDIA 3090 GPU. Following (Zhang, Song, and Tao
2022a), we adhere to default settings for the baselines. As
the source code for ER-GS-LS is not publicly available,
the values in Table 1 are cited from the publication. More-
over, considering that CGL performance is intricately linked
to certain hyperparameters such as batch size and training
epochs, we maintain consistency across all experiments. De-
tailed settings are documented in Appendix A.3.

Comparative Study for Q1
Table 1 presents our comparison results on three datasets
with varying task lengths. The visualization of the per-
formance matrices and learning dynamics is available in
Appendix B. It is evident that directly fine-tuning GNNs
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Ground truth Naive training (δ>0.5)
(b) COc1ccc(-c2cn3c(n2)sc2cc(C(=O)NCC(C)c4ccccc4)ccc23)cc1, Num=24

Naive training (δ>0.9) Alternating training (δ>0.5) Alternating training (δ>0.9)

(a) c1ccc2c(c1)ccc1ncccc12, Num=14
Ground truth Naive training (δ>0.5) Naive training (δ>0.9) Alternating training (δ>0.5) Alternating training (δ>0.9)

Figure 4: Visualization graphs of two molecules in Aromaticity-CL, where Num is the number of aromatic atoms in each
molecule, and δ denotes a threshold used to filter atoms with lower mask scores. Two training strategies are compared.
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Figure 5: TSNE visualization on Aromaticity-CL reports
ER-GNN and our RL-GNN, where different colors indicate
different classes, and the star symbols in the right panel de-
note class prototypes.

results in pronounced degradation of retained knowledge.
Regularization-based methods exhibit lower AF, under-
scoring the formidable challenge of mitigating CF in
class-incremental learning scenario through existing pa-
rameter regularization strategies. Rehearsal-based methods
(e.g., ER-GNN) demonstrate substantial superiority over
regularization-based approaches regarding AP and AF, par-
ticularly on Aromaticity-CL and REDDIT-MULTI-12K-CL,
which verifies the efficacy of memory replay in bolster-
ing both plasticity and stability. ER-GS-LS, which com-
bines memory replay and knowledge distillation, achieves
elevated performance, indicating a synergistic relationship
among different CGL techniques. Furthermore, while dis-
playing higher AF values compared to RL-GNN, it shows
lower AP, especially on Aromaticity-CL. This trade-off sac-
rifices plasticity for stability, resulting in inflated AF. Our
RL-GNN excels in harmonizing both aspects and attains ex-
ceptional CGL performance with low replay costs. Increas-
ing nc leads to better results, suggesting that the CGL per-
formance is correlated with the representativeness of sam-
ples in the memory bufferM, which is not the focus of our
work.

Sensitivity Study for Q2
To further explore the complexities of parameter tuning, we
conduct sensitivity analysis on α, β, and γ without loss of
generality. Figure 3 demonstrates that RL-GNN is insen-
sitive to α and β, exhibiting consistent trends across vari-
ous datasets. γ showcases divergent distributions on the two

datasets, implying the discrepancies in rationales underlying
different types of graphs. A reasonable regularization term
can aid in identifying rationales, thus improving the perfor-
mance of CGL. Furthermore, the fluctuations on REDDIT-
MULTI-12K-CL are less pronounced than on Aromaticity-
CL, owing to the former having a larger number of instances
for training. Our contrastive invariant learning necessitates
more negative samples to some extent to achieve stability in
performance.

Case Analysis for Q3
Ensuring that RL-GNN can really identify rationales is piv-
otal to our work. Hence, we casually select two cases from
Aromaticity-CL to illustrate their node masks. As shown
in Figure 4, we take a threshold δ to exclude atoms with
lower mask scores, highlighting the aromatic atoms identi-
fied as rationales with red circles. We compare two train-
ing strategies, with naive training focusing solely on min-
imizing RRL−GNN. Following the integration of initializa-
tion parameters with class information, our alternating train-
ing paradigm produces more accurate and more stable pre-
dictions across various thresholds. This suggests that RL-
GNN can effectively discern the functional groups (ratio-
nales) within each molecule through the node mask scores.
Moreover, Figure 5 visualizes the molecular graph embed-
dings, observing that our method generates a more compact
embedding space across the task sequence compared to ER-
GNN, with representations of diverse classes closely clus-
tered around their corresponding class prototypes.

Conclusion
In this paper, we proposed a novel graph-level CGL
paradigm, RL-GNN, which, to the best of our knowledge,
was the first attempt to introduce the invariant learning prin-
ciple into this domain. To be specific, we perturbed the in-
stances in the current task and memory buffer through en-
vironment replacement, then achieved awareness of ratio-
nales by minimizing a supervised contrastive invariant learn-
ing risk, thus alleviating CF. Extensive experiments demon-
strated that our RL-GNN exhibited strong resistance to CF.
In the future, we will further investigate the applications
of CGL grounded in invariant rationales across diverse do-
mains, such as neurodegenerative disease diagnosis and fi-
nancial risk assessment.
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