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Abstract

Graph classification is a pivotal challenge in machine learn-
ing, especially within the realm of graph-based data, given
its importance in numerous real-world applications such
as social network analysis, recommendation systems, and
bioinformatics. Despite its significance, graph classification
faces several hurdles, including adapting to diverse predic-
tion tasks, training across multiple target domains, and han-
dling small-sample prediction scenarios. Current methods
often tackle these challenges individually, leading to frag-
mented solutions that lack a holistic approach to the overarch-
ing problem. In this paper, we propose an algorithm aimed at
addressing the aforementioned challenges. By incorporating
insights from various types of tasks, our method aims to en-
hance adaptability, scalability, and generalizability in graph
classification. Motivated by the recognition that the underly-
ing subgraph plays a crucial role in GNN prediction, while the
remainder is task-irrelevant, we introduce the Core Knowl-
edge Learning (CKL) framework for graph adaptation and
scalability learning. CKL comprises several key modules, in-
cluding the core subgraph knowledge submodule, graph do-
main adaptation module, and few-shot learning module for
downstream tasks. Each module is tailored to tackle specific
challenges in graph classification, such as domain shift, la-
bel inconsistencies, and data scarcity. By learning the core
subgraph of the entire graph, we focus on the most pertinent
features for task relevance. Consequently, our method offers
benefits such as improved model performance, increased do-
main adaptability, and enhanced robustness to domain varia-
tions. Experimental results demonstrate significant enhance-
ments achieved by our method compared to state-of-the-art
approaches. Specifically, our method achieves notable im-
provements in accuracy and generalization across various
datasets and evaluation metrics, underscoring its effective-
ness in addressing the challenges of graph classification.

Introduction
Graphs have garnered considerable attention for their abil-
ity to represent structured and relational data across diverse
fields, as noted in several studies (Xu et al. 2021; Wang et al.
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Figure 1: Illustration of the core knowledge learning frame-
work. The framework extracts the core subgraph from the
entire graph, which represents the fundamental structure
necessary for task-relevant predictions. This core subgraph
is then utilized for downstream tasks, including graph do-
main adaptation and few-shot learning tasks.

2021a). Graph classification, a fundamental aspect of data
analysis, focuses on predicting whole graph properties and
has seen substantial research activity in recent years (Wang
et al. 2021c; Ma et al. 2020; Yin et al. 2024). This research
has practical implications in various applications such as de-
termining the quantum mechanical properties of molecules,
including mutagenicity and toxicity (Hao et al. 2020), and
identifying the functions of chemical compounds (Kojima
et al. 2020). Various graph classification methodologies have
been developed, with the majority leveraging Graph Neu-
ral Networks (GNNs) to deliver strong performance (Kipf
and Welling 2017; Yang et al. 2023, 2024). These methods
typically utilize a neighbor-aware message passing mecha-
nism coupled with a readout function to learn discriminative
graph representations that effectively reflect the structural
topology, thereby facilitating accurate classification.

Despite its considerable potential, graph classification
faces several significant challenges that hinder its broader
adoption and effectiveness. These challenges can be broadly
categorized into three main areas: (1) Label Aspect: Graph
classification models are often designed for specific tasks,
which limits their ability to transfer knowledge to different
prediction tasks. This lack of task-agnostic adaptability re-
duces the models’ versatility and applicability across var-
ious domains (Ju et al. 2024). Additionally, differences in
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labeling standards or the quality of annotations across do-
mains can lead to inconsistencies in model predictions, thus
affecting overall performance and generalizability. (2) Do-
main Shift Aspect: Graph classification models are generally
trained on a single target domain, which diminishes their
effectiveness when applied to diverse domains. Adapting
these models to various target domains is a significant chal-
lenge due to variations in data distribution (Yin et al. 2023b),
which can degrade performance. Domain shifts, marked by
changes in the data distribution between the source and
target domains, amplify this challenge. Effective adapta-
tion mechanisms are essential to maintain model robust-
ness and enhance generalization capabilities. (3) Data As-
pect: Graph classification struggles with effectively handling
small-sample prediction scenarios. The lack of sufficient la-
beled data in the source domain, combined with data scarcity
in the target domain, presents considerable challenges to the
adaptation process, potentially leading to poor generaliza-
tion performance (Liu et al. 2018; Kim et al. 2019; Altae-
Tran et al. 2017; Wang et al. 2021b). Additionally, imbal-
anced data distributions between domains compound these
difficulties, calling for strategies to alleviate the effects of
data scarcity and ensure fair and accurate model predictions
across different domains.

In this paper, we present a new framework meticulously
crafted to address the shortcomings of existing graph classi-
fication methods. Inspired by (Luo et al. 2020), the frame-
work identifies and separates the essential underlying sub-
graph that significantly impacts GNN predictions from the
task-irrelevant portions of the graph. Our approach lever-
ages fundamental principles of graph-based learning to ef-
fectively address these issues. As depicted in Fig. 1, we uti-
lize CKL to efficiently extract the core subgraph, which is
then used for downstream applications such as graph domain
adaptation and few-shot learning tasks. Specifically, our al-
gorithm employs knowledge from these subgraphs to guide
the adaptation process, enhancing our understanding of data
distribution and improving the efficacy of domain transfer.
Additionally, for the few-shot learning task, we implement a
bi-level optimization strategy to determine how the extracted
subgraph correlates with the labels, and adapt this under-
standing to various tasks. We adopt a comprehensive strat-
egy, integrating multiple techniques to systematically tackle
each challenge. Methods for extracting core subgraph fea-
tures focus on capturing critical features that remain stable
across different tasks, while task-specific adaptation layers
are designed to fine-tune the model’s parameters accord-
ing to the specific requirements of the downstream tasks.
This structured approach ensures our model’s robustness and
adaptability in handling diverse graph-based learning chal-
lenges. Our contribution is summarized as follows:

• We introduce a novel framework, named CKL, which
learns the core subgraph instead of the whole graph repre-
sentation learning.

• We employ the learned core subgraph for graph domain
adaptation and few-shot learning tasks. By utilizing the
core subgraph knowledge, the proposed CKL enhances
the robustness and scalability of graph classification.

• We show the effectiveness of our proposed CKL with thor-
ough experimentation, showing significant improvements
in performance compared to leading methods across vari-
ous datasets and evaluation metrics.

Related Work
Unsupervised Domain Adaptation Unsupervised domain
adaptation (UDA) is a specialized area within machine
learning focused on developing domain-invariant represen-
tations from a labeled source domain to be utilized in an un-
labeled target domain. Traditional UDA methods typically
involve aligning feature distributions between the source and
target domains through techniques such as maximum mean
discrepancy (MMD) (Long et al. 2015) or adversarial train-
ing (Ganin et al. 2016). Recent progress in UDA has been di-
rected towards creating more efficient and scalable solutions
to address domain shifts. A notable trend involves the adop-
tion of deep learning strategies, including deep adversarial
domain adaptation (DADA) (Tzeng et al. 2017) and domain-
adaptive contrastive learning (DaCo) (Feng et al. 2023).
These approaches use neural networks to derive domain-
invariant features. Additionally, methods like self-training
(Yarowsky 1995) and pseudo-labeling (Lee et al. 2013) have
been implemented to exploit unlabeled data in the target do-
main, enhancing the domain adaptation process.

Graph Domain Adaptation Graph domain adaptation
(GDA) applies the concepts of unsupervised domain adap-
tation to graph-structured data. Its objective is to transfer in-
sights from a labeled source graph to an unlabeled target
graph, addressing challenges such as domain shift and label
scarcity (Ju et al. 2024). This issue is particularly pertinent
in fields like social network analysis, where graphs depict
social interactions, and bioinformatics, where graphs rep-
resent molecular structures. Existing methods mainly focus
on how to transfer information from source graphs to unla-
beled target graphs to learn effective node-level (Wu, Pan,
and Zhu 2022; Zhu et al. 2021; Dai et al. 2022; Guo et al.
2022) and graph-level (Yin et al. 2023a; Yehudai et al. 2021;
Ding et al. 2021; Yang et al. 2020) representation. Despite
recent progress, the field continues to face obstacles such as
misalignment in category distributions between source and
target domains and the absence of scalable, effective algo-
rithms for graph domain adaptation. Tackling these issues
necessitates the development of robust, scalable algorithms
capable of deriving domain-invariant representations from a
limited amount of labeled data.

Few-shot Learning Few-shot Learning (FSL) aims to
train a model capable of generalizing to new classes based
on only a small number of examples from those classes,
often just one or a few. Meta-learning is a key strategy
for FSL, enhancing the model’s ability to generalize ro-
bustly. This technique involves extracting meta-knowledge
that is applicable across a range of meta-tasks, enabling the
model to adapt to new, unseen meta-tasks after sufficient
meta-training. Meta-learning approaches for FSL can be di-
vided into two main types: metric-based and optimization-
based methods. Metric-based methods, such as Matching
Network (Vinyals et al. 2016) and ProtoNet (Snell, Swersky,
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and Zemel 2017), focus on learning a metric to assess sim-
ilarity between new instances and a few examples by map-
ping them into a metric space. For example, Matching Net-
work achieves this by encoding the support and query sets
separately to calculate similarities, while ProtoNet creates
prototypes by averaging the support set representations for
each class and classifies queries based on the Euclidean dis-
tance to these prototypes. On the other hand, optimization-
based methods (Li et al. 2017; Ravi and Larochelle 2016)
concentrate on learning how to adjust model parameters effi-
ciently using gradients from a few examples. MAML (Finn,
Abbeel, and Levine 2017), for instance, optimizes initial
model parameters for quick fine-tuning with minimal exam-
ples. Another method employs an LSTM as a meta-learner
to update parameters for specific tasks (Ravi and Larochelle
2016). Recently, FSL has been applied to graphs through
meta-learning approaches (Ding et al. 2020; Liu et al. 2021),
demonstrating success in attributed networks. However, ex-
tracting meta-knowledge for satisfactory performance typ-
ically requires numerous meta-training tasks with a diverse
class set and corresponding nodes. Our framework addresses
the challenge of limited diversity in meta-tasks, offering a
potential improvement over existing methods.

Preliminary
Graph Neural Networks
Considering the graph G = (V, E), let h(k)

v represent the
embedding vector of node v at layer k. For each node v ∈ V ,
we gather the embeddings of its neighbors from layer k− 1.
Subsequently, the embedding h(k)

v is updated iteratively by
merging v’s previous layer embedding with the embeddings
aggregated from its neighbors. The process is as follows:

h(k)
v = C(k)

(
h(k−1)
v ,A(k)

({
h(k−1)
u

}
u∈N (v)

))
, (1)

where N (v) represents the neighbors of v. A(k) and C(k)

represent the aggregation and combination operations at the
k-th layer, respectively. At last, we summarize all node rep-
resentations at the K-th layer with a readout function into
the graph-level representation, which can be formulated as:

z = F (G) = READOUT

({
h(K)
v

}
v∈V

)
, (2)

where z is the graph-level representation of G and θe de-
notes the parameter of our GNN-based encoder. K denotes
the number of the graph convolutional layers. The readout
function can be implemented using different ways, such as
the summarizing all nodes’ representations (Xu et al. 2019)
or using a virtual node (Li et al. 2016).

After obtaining the graph representation z, we introduce a
multi-layer perception (MLP) classifier H(·) to output label
distributions for final classification: p̂ = H(z), where p̂ ∈
[0, 1]C and θc denotes the parameters of the classifier.

Explainer of GNN
Following the methodology in (Luo et al. 2020), we par-
tition the entire graph into two components, denoted as

Gtotal = Gsub + Grest. Here, Gsub represents the critical
subgraph that significantly influences the predictions of the
GNN, and is thus considered the explanatory graph. Con-
versely, Grest includes the remaining edges that do not im-
pact the GNN’s predictions. To identify the essential sub-
graph Gsub, the approaches described in (Luo et al. 2020;
Ying et al. 2019) focus on maximizing the mutual informa-
tion between the labels and Gsub:

max
Gsub

MI(Y,Gsub) = H(Y )−H(Y |G = Gsub), (3)

In this scenario, Y represents the prediction made by the
GNN when Gtotal is used as input. Mutual information
quantifies the likelihood of Y when only a specific segment
of the graph, Gsub, is processed by the GNN. This con-
cept derives from conventional forward propagation meth-
ods used to provide clear explanations of how the model
functions. For example, the importance of an edge (i, j) is
underscored when its removal leads to a significant change
in the GNN’s output, suggesting that this edge is critical and
should be included in Gsub. If an edge’s removal does not
substantially affect the output, it is considered non-essential
for the model’s decision-making. Since H(Y ), the entropy
of Y , is linked to the fixed parameters of the GNN during
the explanation phase, the objective is to minimize the con-
ditional entropy H(Y |G = Gsub).

Optimizing Eqn. 3 directly is impractical due to the 2M

potential candidates for Gsub, where M represents the to-
tal number of edges. To simplify this, we assume the graph
follows the Gilbert random graph model (Gilbert 1959), in
which the edges of the subgraph are considered independent.
Here, eij = 1 indicates that the edge (i, j) is included, and
0 indicates it is not. Under this model, the probability of any
graph configuration can be expressed as a product of indi-
vidual probabilities:

P (G) = Π(i,j)∈VP (eij). (4)

Assuming the distribution of edge eij follows the
Bernoulli distribution: eij ∼ Bern(θij). Then the Eqn. 4
can be rewrite as:

min
Gsub

H(Y |G = Gsub) = min
Gsub

EGsub
[H(Y |G = Gsub)]

≈ min
Θ

EGsub∼q(Θ)[H(Y |G = Gsub)],

where q(Θ) is the distribution of the core subgraph.

Methodology
The purpose of learning core knowledge is to learn to de-
termine the most essential subset of sample features. Fo-
cusing on the graph field, our purpose is to learn the sub-
graph structure that can represent the entire graph, and use
the subgraph to replace the calculation of the entire graph.
Motivated by (Ma et al. 2019), where the real-life graphs are
with underlying structures, we develop the core knowledge
learning (CKL) module to learn the core subgraph of graphs
and utilize the knowledge for the downstream tasks learning.
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Figure 2: An overview of the proposed CKL. CKL first utilizes the node embeddings for node selection, and then cooperates
the edge embeddings for edge selection to obtain the core subgraph.

Core Knowledge Learning
To learn the core knowledge of a graph, we need to deter-
mine the important nodes subset from the whole graph. Tra-
ditional graph explainer methods (Ma et al. 2019; Luo et al.
2020) direct learn the edges sampling process to determine
the explainable subgraph. However, they typically assume
the distribution of edges as prior knowledge, which is diffi-
cult to satisfy in real scenarios. Thus, we propose the CKL
module to learn the probability of edge and node selection.
Specifically, given a graph G = (A,X), we first obtain the
node embeddings with l-layer GNNs, and then map node vi,
vj and eij into the same feature space with multilayer per-
ception (MLP):

H = GNN(A,X), En = MLP (H), Ee = MLP (E),

where E denotes the features of edges.
Node selection. We first calculate the node sampling

probability pv with the Sigmoid function to map the node
embeddings into [0, 1]:

pv = Sigmoid(EnvWv), (5)

where Wv ∈ Rd×1 and d is the dimension of Env
. A

larger probability of node sampling will lead to a higher
probability of node mask with mv = 1, indicating the
corresponding node v is important for the core knowl-
edge learning. However, the node sampling process is non-
differentiable (Yu, Liang, and He 2023), we relax mv with
Gumbel-softmax (Gal, Hron, and Kendall 2017; Jang, Gu,
and Poole 2016):

mv = Sigmoid(
1

t
log

pv
1− pv

+ log
u

1− u
), (6)

where t is the temperature parameter and u ∼
Uniform(0, 1).

Edge selection. After obtaining the probability of node
sampling, we further evaluate the probability of edges cor-
responding to the sampled nodes. Specifically, we concat the
embeddings of edge eij and the connected nodes ni, nj , and
calculate the edge mask probability meij with:

Efusion = Cat(Eni
,Enj

,Eeij ),

meij = Sigmod(EfusionWe),

where Cat denotes the concat operation, We ∈ Rk×1, k is
the dimension of Efusion.

With the node and edge selection process, we mask the
whole graph Gtotal to obtain the core graph Gsub. Finally,

...

Source domain Target domain

...

WL kernel

Figure 3: The core subgraph in the graph domain adaptation
task. CKL employs a kernel function to assess the similarity
between source and target subgraphs, and assigning labels
to the target graphs based on the most similar source graph.

we follow (Ying et al. 2019) to modify the conditional en-
tropy with cross-entropy H(Y, Ysub), where Ysub is the pre-
diction of the GNN model with Gsub as the input:

min
Θ

EGsub∼q(Θ)[H(Y |G = Gsub)]. (7)

where q(Θ) is the distribution of the core subgraph.
For efficient optimization of Eqn. 7, we simplify the con-

ditional entropy with cross-entropy H(Y |Ysub), where Ysub

is the output of subgraph Gsub. With the simplification, we
optimize Eqn. 7 with Monte Carlo approximation:

min
Θ

EGsub∼q(Θ)[H(Y |Ysub)]

≈min
Θ

− 1

K

K∑
k=1

C∑
c=1

P (Y = c) logP (Ysub = c)

=min
Θ

− 1

K

K∑
k=1

C∑
c=1

P (Y = c|G = Gtotal)

logP (Y = c|G = Gk
sub),

(8)

where K is the number of sampled subgraphs, C is the num-
ber of labels, and Gk

sub denotes the k-th sampled subgraph.

Graph Domain Adaptation Learning
Problem setup. Denote a graph as G = (V,E,X) with the
node set V , the edge set E, and the node attribute matrix
X ∈ R|V |×F with F denotes the attribute dimension. The
labeled source domain is denoted as Ds = {(Gs

i , y
s
i )}

Ns
i=1,

where ysi denotes the labels of Gs
i . The unlabeled target do-

main is Dt = {Gt
j}

Nt
j=1, where Ns and N t denote the num-

ber of source graphs and target graphs. Both domains share
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the same label space Y , but have different distributions in
the graph space. Our objective is to train a model using both
labeled source graphs and unlabeled target graphs to achieve
superior performance in the target domain.

The extracted core subgraph is the underlying subgraph
that makes important contribution to GNN’s prediction and
remaining is task-irrelevant part. Therefore, in the graph
domain adaptation task, we measure the similarity of the
source domain core subgraph and target domain core sub-
graph, ignoring the domain shift. Given two sampled sub-
graphs from source domain GS

i = (V S
i , ES

i ) and target do-
main GT

j (V
T
j , ET

j ), graph kernels calculate their similarity
by comparing their substructure using a kernel function. In
formulation,

K
(
GS

sub, G
T
sub

)
=

∑
v1∈V S

i

∑
v2∈V T

j

κ
(
lGS

sub
(v1) , lGT

sub
(v2)

)
(9)

where lGS
sub

(v1) represents the local substructure centered at
node v1 and κ(·, ·) is a pre-defined similarity measurement.
We omit lG(·) and leave κ(u1, u2) in Eq. 9 for simplicity. In
our implementation, we utilize the Weisfeiler-Lehmah (WL)
subtree kernel for the comparison of source and target core
subgraph.
Weisfeiler-Lehmah (WL) Subtree Kernels. WL subtree
kernels compare all subtree patterns with limited depth
rooted at every node. Given the maximum depth l, we have:

K
(i)
subtree

(
GS

1 , G
T
2

)
=

∑
v1∈V S

1

∑
v2∈V T

2

κ
(i)
subtree (u1, u2)

KWL

(
GS

1 , G
T
2

)
=

l∑
i=0

K
(i)
subtree

(
GS

1 , G
T
2

) (10)

where κ
(i)
subtree (u1, u2) is derived by counting matched sub-

tree pairs of depth i rooted at node u1 and u2, respectively.
Considering the number of nodes of core subgraph is lim-
ited, we utilize the whole subgraph for the WL kernel calcu-
lation.

For each target domain core subgraph, we first calculate
the most similar source domain subgraph and assign the
same label to the target graph:

Y T
j = Y S

i , s.t.max
i,j

K(GT
j , G

S
i ). (11)

In this way, we avoid complex domain alignment operations
and only align core subgraphs to achieve effective graph do-
main transfer learning.

Few shot learning
Problem setup. The target is to learn a predictor from a
set of few-shot molecular property prediction tasks {Tτ}Nt

τ=1
and generalize to predict new properties given a few labeled
molecules. The τ -th task Tτ predicts whether a molecule xτ,i

with index i is active (yτ,i = 1) or inactive (yτ,i = 0) on
a target property, provided with a small number of K la-
beled samples per class. This Tτ is then formulated as a
2-way K-shot classification task with a support set Sτ =

Inner 
optimization

Outer 
optimization

Θ Φ Task 1

Task n

...

Figure 4: The core subgraph in the few-shot learning task.
CKL employs the bi-level method to optimize the core sub-
graph learning and multi-task prediction.

{(xτ,i, yτ,i)}2Ki=1 containing the 2K labeled samples and a
query set Qτ = {(xτ,j , yτ,j}

Nq
τ

j=1 containing Nq
τ unlabeled

samples to be classified.
In order to achieve the goal of few shot learning on mul-

tiple tasks, we utilize the learned core subgraph as the input
of GNN for prediction, i.e.,

Ŷ = GNNΦ (Gsub(Θ)) , (12)
where Φ is the parameters of task relevant embedding func-
tion and classifier and Θ denotes the collection of parameters
of CKL molecular. The training loss L(Sτ , fθ,Φ) evaluated
on Sτ follows:

L(Sτ , fΘ,Φ) =
∑

(xτ,iyτ,i)∈Sτ

−y⊤
τ,ilog(ŷτ,i), (13)

where yτ,i ∈ R2 is a one-hot ground-truth. Observing that
the Eqn. 13 contains two distinct parameters Θ and Φ, we
further use bi-level optimization methods to optimize them
simultaneously:

min
Φ

F (Θ⋆) =
∑

Louter (fΘ⋆,Φ(A,X,Sτ )) ,

s.t.Θ⋆ =
∑

Linner (fΘ,Φ(A,X,Sτ )) ,
(14)

where Linner is the loss function in Eqn. 8 and Louter is the
loss function of Eqn, 13.

Inner optimization. We first optimize the parameter Φ
with a gradient descent based optimizer by fixing Θ,

Θt = Θt−1 − α∇ΘLinner(Sτ , fΘ,Φ), (15)
where α is the learning rate.

Outer optimization. Following (Finn, Abbeel, and
Levine 2017), we employ the gradient-based meta-learning
strategy and initialize Φ with set of meta-training tasks
{Tτ}Nt

τ=1, which acts as the anchor of each task Tτ . Specif-
ically, we fix parameter Θ and optimize Φ as Φτ on Sτ in
each Tτ during the outer optimization period. Φτ is obtained
by taking a few gradient descent updates:
∇ΦL(Sτ , fΘ,Φ) = ∂ΘLouter∇ΦΘ(Φ) + ∂ΦLouter. (16)

We follow (Yin and Luo 2022) to optimize the parameter Φ
with:

Φ = Φ− β∇ΦLouter(fΘ⋆,Φ(A,X,Sτ )). (17)
The details of updating Θ and Φ are shown in Algorithm

1. The core knowledge learning is shown in lines 2-3, the
graph domain adaptation task is shown in lines 6-9, and the
few-shot learning is shown in lines 12-22.
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Methods M0→M1 M1→M0 M0→M2 M2→M0 M0→M3 M3→M0 M1→M2 M2→M1 M1→M3 M3→M1 M2→M3 M3→M2 Avg.

WL subtree 74.9 74.8 67.3 69.9 57.8 57.9 73.7 80.2 60.0 57.9 70.2 73.1 68.1
GCN 73.0±1.7 68.7±1.5 66.8±3.5 69.2±0.9 53.9±3.4 53.4±2.7 69.3±0.8 74.0±1.1 55.1±1.3 42.6±1.9 55.5±3.5 57.9±2.9 61.6
GIN 74.1±1.8 73.4±3.4 65.4±1.5 70.4±2.9 58.9±2.7 61.2±1.1 73.2±3.8 77.7±3.0 63.1±3.7 63.9±2.4 67.4±2.3 73.2±1.9 68.5
GMT 69.0±4.0 67.4±3.8 60.3±4.2 66.5±3.8 54.9±1.6 54.8±3.6 65.6±4.2 70.4±3.2 64.0±2.3 56.8±4.3 64.7±1.5 61.1±3.5 63.0
CIN 68.5±2.1 65.1±2.6 65.4±1.3 63.6±2.8 57.3±3.4 59.0±3.1 59.3±1.5 68.3±1.3 58.1±2.4 71.1±3.1 60.7±1.7 61.7±2.4 63.2

CDAN 74.2±0.3 73.7±0.5 68.8±0.2 71.8±0.4 59.9±2.0 58.6±1.9 70.7±1.4 74.3±0.3 59.2±1.2 69.0±1.6 60.0±1.2 62.7±1.3 66.9
ToAlign 75.5±1.9 67.1±3.8 68.1±1.5 63.3±2.7 55.6±1.2 67.3±4.3 69.4±3.3 77.0±1.2 57.6±1.6 74.9±2.4 59.0±3.3 64.6±3.4 66.6
MetaAlign 74.5±0.9 73.8±0.6 69.4±1.2 72.6±1.3 59.8±1.8 70.7±2.7 72.0±0.5 75.6±0.6 62.4±2.1 72.3±1.9 62.2±1.1 72.0±1.2 69.7

DEAL 76.3±0.2 72.4±0.7 68.8±1.0 72.5±0.7 57.6±0.6 67.6±1.9 77.4±0.6 80.0±0.7 64.9±0.7 72.8±1.4 70.3±0.3 76.2±1.3 71.4
CoCo 77.5±0.4 75.7±1.3 68.3±3.7 74.9±0.5 65.1±2.1 74.0±0.4 76.9±0.6 77.4±3.4 66.4±1.5 71.2±2.7 62.8±4.2 77.1±0.6 72.2

CKL 78.6±0.8 76.8±1.3 73.9±1.7 75.4±1.1 68.2±2.0 75.3±0.9 78.5±0.7 81.3±1.4 67.9±1.2 75.2±2.1 69.4±1.3 78.4±1.6 74.9

Table 1: The classification results (in %) on Mutagenicity under edge density domain shift (source→target). M0, M1, M2, and
M3 denote the sub-datasets partitioned with edge density. Bold results indicate the best performance.

Experiment

Experimental Settings

Datasets. For the graph domain adaptation task, we utilize 9
graph classification datasets for evaluation, i.e., Mutagenic-
ity (M) (Kazius, McGuire, and Bursi 2005), Tox21 AhR,
FRANKENSTEIN (F) (Orsini, Frasconi, and De Raedt
2015), and PROTEINS (Dobson and Doig 2003) (including
PROTEINS (P) and DD (D)), COX2 (Sutherland, O’brien,
and Weaver 2003) (including COX2 (C) and COX2 MD
(CM)), BZR (Sutherland, O’brien, and Weaver 2003) (in-
cluding BZR (B) and BZR MD (BM)) obtained from TU-
Dataset (Morris et al. 2020). The details statistics are pre-
sented in Table 3. Additionally, we follow (Yin et al. 2023a)
and partition M, T, F datasets into four sub-datasets based
on edge density. For the few-shot learning task, we evaluate
the experiments on widely used few-shot molecular property
prediction, and the details are introduced in Table 4.
Baselines. For the graph domain adaptation task, we com-
pare our CKL with different baselines: WL subtree (Sher-
vashidze et al. 2011) GCN (Kipf and Welling 2017),
GIN (Xu et al. 2019), GMT (Baek, Kang, and Hwang
2021), CIN (Bodnar et al. 2021), CDAN (Long et al. 2018),
ToAlign (Wei et al. 2021b), MetaAlign (Wei et al. 2021a),
DEAL (Yin et al. 2022) and CoCo (Yin et al. 2023a). For the
few-shot learning, we compare CKL with Siamese (Koch
et al. 2015), ProtoNet (Snell, Swersky, and Zemel 2017),
MAML (Finn, Abbeel, and Levine 2017), TPN (Liu et al.
2018), EGNN (Kim et al. 2019), IterRefLSTM (Altae-Tran
et al. 2017) and RAP (Wang et al. 2021b).
Implementation Details. In our CKL, we employ GIN (Xu
et al. 2019) as the backbone of feature extraction. For the
graph domain adaptation task, we utilize one of the sub-
datasets as source data and the remaining as the target data
for performance comparison. We set the hidden size to 128
and the learning rate to 0.001 as default. We report the classi-
fication accuracy in the experiments. For the few-shot learn-
ing task, we use RDKit (Landrum et al. 2013) to obtain
the molecular graphs, node and edge features. We use the
GIN (Xu et al. 2019) as the backbone for feature extraction.
We calculate the mean and standard deviations of ROC-AUC
scores on each task by running ten times experiments.

Performance on Different Domains
Tables 5 to 7 present the comparative results of CKL along-
side other benchmark methods. Analyzing these results, we
observe several key insights:
• Superiority of Domain Adaptation Methods in Graphs:

Domain adaptation strategies tailored for graphs consis-
tently outperform traditional kernel and GNN-based meth-
ods. This suggests that conventional graph methodologies
may struggle with adaptability across varying domains
due to their limited expressive power. Therefore, the de-
velopment of domain-invariant techniques is critical for
the advancement of Graph Domain Adaptation (GDA).
These domain-invariant methods prove essential not only
in maintaining performance across diverse datasets but
also in facilitating the integration of graphs from disparate
sources without loss of fidelity.

• Robust Performance of GDA Techniques: Methods im-
plemented in GDA demonstrate robust performance, no-
tably surpassing traditional domain adaptation strategies.
The success of these methods can be attributed to their
ability to handle the inherent complexities in graph data.
Achieving high-quality graph representations is a complex
task, exacerbated by the structural and feature diversity
within the graphs. This complexity renders traditional do-
main adaptation strategies less effective, thus highlighting
the specialized nature and effectiveness of graph-specific
adaptation methods.

• Efficiency of CKL: The proposed CKL method outshines
other competing methods, showcasing its efficiency in
core knowledge learning. This efficiency is largely due
to CKL’s focus on critical components essential for accu-
rate predictions. Specifically, CKL excels by concentrat-
ing on learning and enhancing the most relevant parts of
the graph for the task at hand, while effectively ignoring or
minimizing attention to the less relevant subgraphs. This
approach not only boosts performance but also enhances
the model’s ability to generalize across different tasks by
reducing the noise associated with irrelevant data.

Performance on Few-shot Learning
Table 2 details the performance comparisons between CKL
and a range of baseline methods in graph-based molecular
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Methods Tox21 SIDER MUV ToxCast
10-shot 1-shot 10-shot 1-shot 10-shot 1-shot 10-shot 1-shot

Siamese 80.4±0.4 65.0±1.6 71.1±4.3 51.4±3.3 60.0±5.1 50.0±0.2 - -
ProtoNet 75.0±0.3 65.6±1.7 64.5±0.9 57.5±2.3 65.9±4.1 58.3±3.2 63.7±1.3 56.4±1.5
MAML 80.2±0.2 75.7±0.5 70.4±0.8 67.8±1.1 63.9±2.3 60.5±3.1 66.8±0.9 66.0±5.0
TPN 76.1±0.2 60.2±1.2 67.8±1.0 62.9±1.4 65.2±5.8 50.0±0.5 62.7±1.5 50.0±0.1
EGNN 81.2±0.2 79.4±0.2 72.9±0.7 70.8±1.0 65.2±2.1 62.2±1.8 63.7±1.6 61.0±1.9
IterRefLSTM 81.1±0.2 81.0±0.1 69.6±0.3 71.7±0.1 49.6±5.1 48.5±3.1 - -
PAR 82.1±0.1 80.5±0.1 74.7±0.3 71.9±0.5 66.5±2.1 64.1±1.2 69.7±1.6 67.3±2.9

CKL 82.3±0.3 81.4±0.4 75.3±0.5 71.7±0.7 67.1±2.3 64.4±2.2 70.2±1.5 68.1±1.6

Table 2: ROC-AUC scores on benchmark molecular property prediction datasets. Bold results (according to the pairwise t-test
with 95% confidence) indicate the best performance.

Figure 5: The performance with different GNNs and kernels on different datasets. (a), (b) are the performance of different
GNNs, (c), (d) are the performance of different graph kernels. WL denotes WL subtree, RW denotes Random Walk, and Propa
denotes Propagation.

encoding tasks. For this analysis, we have omitted results
pertaining to Siamese and IterRefLSTM, as their implemen-
tation details and the outcomes of their evaluations on the
ToxCast dataset are unavailable. The table clearly illustrates
that CKL consistently achieves superior performance over
other methods that also employ graph-based molecular en-
coders designed from the ground up. In particular, CKL not
only surpasses all compared baselines but does so with a
notable margin; it demonstrates an average performance im-
provement of 1.62% over the highest-performing baseline,
EGNN. The performance reveals that methods incorporat-
ing few-shot learning techniques to decode relation graphs,
such as GNN, TPN, and EGNN, deliver enhanced results
when contrasted with more traditional learning frameworks
like ProtoNet and MAML. This observation underscores
the efficacy of few-shot learning in complex graph analy-
sis tasks, where the ability to rapidly adapt to new, limited
data without extensive retraining provides a significant ad-
vantage. These few-shot learning methods leverage sophisti-
cated algorithms to capture and utilize the intricate relation-
ships and structural nuances present within the graph data,
thereby yielding more accurate and reliable predictions.

Flexibility of CKL
For the GDA experiments, we use GIN as the backbone to
extract the core subgraph feature. To show the flexibility of
the proposed CKL, we replace the GIN with different GNN
methods. In our implementation, we utilize GCN, Graph-
Sage and GMT instead of GIN to show the flexibility of
CKL. Additionally, we replace the WL subtree kernel with
Graph Sampling, Random Walk and Propagation.

Figure 5 illustrates the comparative performance of sev-
eral GNNs and graph kernels over four representative
datasets. We have noted similar performance trends across
additional datasets as well. The data indicate that among the
various GNNs and graph kernels evaluated, GIN and the WL
subtree kernel consistently stand out as the top performers in
the majority of cases. The superior performance of both GIN
and the WL subtree kernel is likely due to their exceptional
capabilities in capturing complex graph structures and pro-
viding powerful node and graph-level representations. This
consistent outperformance validates our selection of GIN
and the WL subtree kernel as the primary methods for en-
hancing task performance. The choice is further justified by
their ability to effectively handle the complexities of diverse
datasets, making them highly suitable for robust graph anal-
ysis and domain adaptation tasks.

Conclusion
In this paper, we introduce a novel approach named CKL
that focuses on learning the core subgraph knowledge neces-
sary for downstream tasks. Recognizing the essential role of
the underlying subgraph in GNN predictions, while consid-
ering the rest as task-irrelevant, we have developed a frame-
work designed for GDA and scalability learning. CKL in-
cludes several key components: the core subgraph knowl-
edge submodule, the GDA module, and the few-shot learn-
ing module, each aimed at addressing specific challenges in
graph classification such as domain shifts, label inconsis-
tencies, and data scarcity. Our experiments show that CKL
significantly outperforms existing state-of-the-art methods,
demonstrating notable advancements in performance.
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