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Abstract

The increasing scale of graph datasets has significantly im-
proved the performance of graph representation learning
methods, but it has also introduced substantial training chal-
lenges. Graph dataset condensation techniques have emerged
to compress large datasets into smaller yet information-
rich datasets, while maintaining similar test performance.
However, these methods strictly require downstream appli-
cations to match the original dataset and task, which of-
ten fails in cross-task and cross-domain scenarios. To ad-
dress these challenges, we propose a novel causal-invariance-
based and transferable graph dataset condensation method,
named TGCC, providing effective and transferable con-
densed datasets. Specifically, to preserve domain-invariant
knowledge, we first extract domain causal-invariant features
from the spatial domain of the graph using causal interven-
tions. Then, to fully capture the structural and feature infor-
mation of the original graph, we perform enhanced conden-
sation operations. Finally, through spectral-domain enhanced
contrastive learning, we inject the causal-invariant features
into the condensed graph, ensuring that the compressed graph
retains the causal information of the original graph. Experi-
mental results on five public datasets and our novel FinRe-
port dataset demonstrate that TGCC achieves up to a 13.41%
improvement in cross-task and cross-domain complex scenar-
ios compared to existing methods, and achieves state-of-the-
art performance on 5 out of 6 datasets in the single dataset
and task scenario.

Introduction
Graph Neural Networks (GNNs) (Wang et al. 2022; Guo,
Liu, and Li 2023; Sun et al. 2024a; Lu et al. 2025) have
garnered widespread attention for their exceptional ability to
represent complex graph data and have been applied in many
real-world scenarios, including social networks (Zhang et al.
2024a), enterprise risk prediction (Zhao et al. 2022), and
recommender systems (Zhang et al. 2025). It is widely be-
lieved that there exists a scaling law between dataset size
and the capability of deep learning models (Kaplan et al.
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Figure 1: The pipeline of existing graph condensation meth-
ods and our TGCC method. The main differences between
TGCC and existing methods lie in the extraction of causal-
invariant features from the graph structure based on causal
intervention to achieve transferable graph condensation.

2020). However, large-scale graph datasets also present sig-
nificant challenges in terms of storage, processing, and com-
putational resources. On one hand, specific applications such
as neural architecture search (Zhang et al. 2024c), continual
learning (Li et al. 2024), and pre-training (Yu et al. 2025;
Liu et al. 2025) require repetitive training on these datasets,
resulting in substantial computational costs. On the other
hand, for users with limited computational resources, train-
ing models on large-scale graph datasets can be extremely
time-consuming or even infeasible. Recently, several graph
condensation (GC) methods (Sun et al. 2024b) have been
proposed to alleviate these issues.

However, as shown in Fig. 1, most existing GC methods
are designed based on statistical correlations to compress
specific datasets, typically optimized for a single dataset
and task. This limitation severely restricts the applicabil-
ity of these methods in real-world scenarios, where users
encounter new or custom data and tasks that differ signifi-
cantly from the condensed graph datasets derived from pub-
licly available datasets. Compared to applying GC methods
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on a few public graph datasets, such scenarios are much
more common and challenging. While graph transfer learn-
ing (Zhuang et al. 2020), graph meta-learning (Fang et al.
2023), and graph foundation models (Liu et al. 2025) can
partially address this issue, they rely on fixed model archi-
tectures or complex training strategies, and require substan-
tial computational resources. Therefore, a natural question
arises: Can the condensed graph dataset be used to train
models that adapt to various tasks and different datasets?

This paper focuses on the performance of models trained
on condensed datasets when transferred to new datasets or
tasks. Ideally, enhanced transferability would enable users to
train models more efficiently, achieving better performance.
However, current graph dataset condensation methods still
face two major challenges.

Challenge 1: Efficient and Fast Cross-task Adaptation.
Existing graph condensation algorithms typically condense,
train, and test based on the same task, which prevents the
trained models from generalizing effectively to other tasks.
For example, using the Ogbn-arxiv dataset, we condense the
dataset through node classification and then test the model’s
performance on link prediction. The performance of existing
methods is on average 3.2% lower than the ground truth (us-
ing only the simple 2-layer GCN), highlighting the difficulty
of cross-task transferability.

Challenge 2: Preservation of Causal Invariant In-
formation. Existing studies mainly perform condensation,
training, and testing on the same dataset. The condensed
graphs fail to capture the causal invariant information con-
tained in the original graphs, leading to poor transferability
of models trained on the condensed data. Using the Ogbn-
arxiv as an example, we condense the dataset, then train a
2-layer GCN and generalize it to five different datasets by
replacing the final layer with a new linear layer. However,
the current methods still fail to outperform the simple GCN
model, with an average performance loss of 9.8%.

To address the above challenges, we propose a causal-
invariance-based and transferable graph dataset condensa-
tion framework, named TGCC. Unlike existing methods
that typically focus on condensing a specific dataset for a
single task, TGCC is designed to encourage the condensed
graph to retain the most universal and information-rich pat-
terns, thereby achieving better transferability across tasks
and datasets. Specifically, to enhance transferability, TGCC
first extracts causal-invariant features from the graph’s struc-
ture. To better capture the structural and feature informa-
tion of the original graph, TGCC performs contrastive con-
densation operations. Finally, through spectrum-level en-
hanced contrastive learning, the causal-invariant features are
injected into the condensed graph, ensuring that the con-
densed graph retains the causal information of the original
graph. Additionally, we construct a novel financial graph
dataset, named FinReport, which captures the correspon-
dence between corporate financial reports and analyst re-
search reports, and release it as an open-source resource for
the research community.

In summary, the main contributions are stated as follows:
• We propose TGCC, a causal-invariant and transferable
graph dataset condensation framework. To the best of our

knowledge, TGCC is the first graph condensation method
from a causal perspective that supports transferability.
• TGCC integrates spectral-domain intervention strategy
and contrastive condensation strategy, leveraging contrastive
learning to inject causal knowledge into the condensed
graph, thereby enhancing its transferability across tasks and
datasets.
• We construct a novel financial dataset, FinReport, capable
of capturing the correspondence between corporate financial
reports and company research reports, and we release it as an
open-source resource for the research community.
• Extensive experiments on six real-world datasets demon-
strate that TGCC achieves state-of-the-art performance in
both single-task and cross-dataset/cross-task scenarios.

Related Works
Graph Dataset Condensation
The current GC methods are mainly divided into three cat-
egories: gradient matching, distribution matching, and tra-
jectory matching. In recent years, several graph dataset con-
densation methods have been proposed to improve perfor-
mance on single datasets and tasks (Xu et al. 2024; Zhang
et al. 2024b; Gao et al. 2025b; Yu et al. 2025; Xiao et al.
2025). For instance, GCond (Jin et al. 2022b) first intro-
duced the gradient matching method for graph condensa-
tion. ST-GCond (Yang et al. 2025) offers a self-supervised
and transferable graph dataset condensation method to ad-
dress challenges in cross-task and cross-dataset scenarios.
However, most existing methods are still designed for spe-
cific datasets and tasks. The method most similar to ours, ST-
GCond, which achieves transferability by pre-training mul-
tiple self-supervised model to extract fundamental informa-
tion from the data. However, ST-GCond is costly and fails
to extract causal-invariant features from graph data. There-
fore, how to achieve transferable condensation remains an
under-explored issue and requires further research.

Causal Inference in Graph Neural Networks
Causality studies explore the relationships between variables
(Pearl, Glymour, and Jewell 2016), and have demonstrated
many benefits in graph learning (Fan et al. 2022; Dai et al.
2024). For example, RGCL (Li et al. 2022) introduces an
invariance perspective in self-supervised learning and pro-
poses a method to preserve stable semantic information.
GCIL (Mo et al. 2024) introduces spectral graph augmen-
tation and proposes a new graph contrastive learning (GCL)
method. UIL (Sui et al. 2025) provides a unified perspective
on invariant graph learning, emphasizing both structural and
semantic invariance principles to identify more robust stable
features for graph classification. Unlike these studies, we ex-
plore a transferable graph condensation task from a causality
perspective and propose a novel graph condensation frame-
work based on causal theory.

The Proposed Model: TGCC
Given a graph dataset G = (X,A, Y ), where X ∈ RN×d

represents the feature matrix, A ∈ RN×N represents the
adjacency matrix, N is the number of nodes, and d is the
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node feature dimension, our goal is to generate a smaller
synthetic graph dataset Gs = (Xs, As, Ys), where the num-
ber of nodes m ≪ N . We aim to train models on the syn-
thetic graph Gs that achieve similar test performance to those
trained on the original graph G for the same task, while
preserving generalization ability when transferred to new
datasets or tasks. Therefore, we propose the TGCC frame-
work as illustrated in Figure 2, which mainly consists of
three modules: Causal Invariant Feature Extraction, Graph
Contrastive Condensation, and Spectral-domain Enhanced
Contrastive Learning.

Causal Invariant Feature Extraction
According to the study (Liu et al. 2022; Mo et al. 2024), per-
turbing the structure of the original graph alters the strength
of frequency components in the graph spectrum, with the
lowest-frequency information being approximately regarded
as an invariant pattern across different views. Consistent
with prior research (Mo et al. 2024), we consider the low-
frequency components in the graph as causal content, while
the high-frequency components are treated as non-causal
content. Therefore, we intervene on the non-causal variable
S in Figure 1 by disturbing the high-frequency information
while keeping the low-frequency information unchanged.

Specifically, given the original adjacency matrix A, our
goal is to obtain a new adjacency matrix V via intervention,
which constitutes the augmented graph G′, as follows:

V = A+∆A+ −∆A− , (1)

where: ∆A+ denotes the edges to be added, ∆A− denotes
the edges to be deleted. We obtain ∆A+ by maximizing the
following objective function:

J =

Matching term︷ ︸︸ ︷
⟨ΘL,∆A+⟩2 +

Entropy regularization︷ ︸︸ ︷
ϵH (∆A+)

+ ⟨Θf,∆A+1n − a⟩+
〈
Θl,∆T

A+1n − b
〉︸ ︷︷ ︸

Lagrange constraint term

,
(2)

where Θ is a parameter updated during training, L is the
Laplacian matrix of the graph G, ϵ is a weight parameter, f
and l are Lagrange multipliers. ⟨P,Q⟩ =

∑
ij PijQij . The

vectors a and b are the node degree distributions. H (· ) de-
notes the entropy regularization term, defined as: H (P ) =
−
∑

i,j Pi,j (log (Pi,j)− 1). For the calculation of ∆A−,
due to space limitations, please refer to (Liu et al. 2022).

Invariance Objective Besides perturbing the non-causal
factors S, it is also necessary to keep the causal factors C
unchanged. This process can be regarded as an intervention
on S, enabling the model to learn invariant representations
and thereby improve its generalization ability. Accordingly,
the model should satisfy the following equation:

P do(S=si) (Y | C) = P do(S=sj) (Y | C) , (3)

where do (S = s) denotes the intervention on the non-causal
factors S. In order to achieve the objective in Equation 3,
based on causal inference theory (Pearl 2009), we can refor-
mulate it as follows:

CE (C, S = si) = CE (C, S = sj) , (4)

where CE denotes the causal effect between variables. In
other words, we need to capture the consistency between the
node representations ZA and ZV obtained by the encoder
f on A and V , respectively. Following existing studies (Mo
et al. 2024), we assume that each dimension of the repre-
sentation follows a Gaussian distribution, and we propose a
dimension-level invariance objective, which aims to main-
tain consistency across views in each dimension. Specifi-
cally, by aligning the mean and standard deviation of each
dimension of the representations. Formally, the learning ob-
jective is defined as:

ming
∑
i

∥∥ZA
i − ZV

i

∥∥2
2
, s.t.Std

(
ZA
i

)
= Std

(
ZV
i

)
= λ , (5)

where ZA
i and ZV

i are the representations of the embedding
matrices in the i-th dimension, and Std is the standard devia-
tion. The first term encourages the means of the embeddings
to be aligned in the same dimension, while the second con-
straint pushes the standard deviations to approach the hyper-
parameter λ, thereby achieving dimension-level invariance.

Overall Framework
Independence Objective To consider a more common
scenario where confounding variables exist in the causal
graph, leading to spurious correlations between variables,
we propose an independence objective to mitigate this chal-
lenge. This objective enforces mutual independence among
different causal variables, thereby eliminating the correla-
tions between them. In line with existing studies (Mo et al.
2024), we adopt the Hilbert-Schmidt Independence Crite-
rion (HSIC) to measure the independence between variables.
When the value of HSIC is 0, it indicates that the two vari-
ables are independent. By minimizing the following objec-
tive function, we encourage the different dimensions in the
representation matrix Z to be mutually independent:∑

i̸=j

HSIC (Zi, Zj) =
∑
i̸=j

1

(N − 1)
2Tr (KiHKjH) , (6)

where H is the centering matrix I− 1
N 11⊤, I is the identity

matrix, Zi represents the i-th dimension of the embedding
representation matrix, and Ki ∈ RN×N and Kj ∈ RN×N

are the kernel matrices of Zi and Zj , respectively.
Please note that using complex kernel functions (e.g.,

Gaussian kernels) in HSIC to measure the independence be-
tween different dimensions can result in high spatial com-
plexity, making it difficult to implement in scenarios with
large sample sizes and high dimensions. Inspired by previ-
ous work (Mialon, Balestriero, and LeCun 2022; Mo et al.
2024), we equivalently treat minimizing the HSIC between
different dimensions as minimizing the sum of the off-
diagonal elements of the covariance matrix. The proof for
this conclusion is as follows:

Let the kernel function be defined as k (Zi,a, Zi,b) =

ψ (Zi,a)ψ (Zi,b)
T , where ψ is an elementwise mapping

function. We denote the mapping of such projectors on the
matrix Z as Q = ψ (Z) = [ψ (Z1) , . . . , ψ (Zd)]. According
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Figure 2: An illustrative diagram of the proposed TGCC framework.

to Lemma 1 in (Mialon, Balestriero, and LeCun 2022), we
have:
HSIC (Zi, Zj) =

1

(n− 1)
2Tr

(
ψ (Zi)ψ (Zi)

T
Hψ (Zj)ψ (Zj)

T
H
)

=
1

(n− 1)
2

∥∥∥ψ (Zi)
T
Hψ (Zj)

∥∥∥2
F
= ∥Cov (ψ (Zi) , ψ (Zj))∥2F

=
∥∥∥Cov (Q)(i−1)L:iL,(j−1)L:jL

∥∥∥2
F
,

(7)

where Tr denotes the trace of a matrix, and Cov represents
the covariance between two variables. For complexity con-
siderations and in line with existing studies (Mo et al. 2024),
we use a linear kernel, i.e., g(X) = X , in this case Z = Q,
so we obtain:∑

i̸=j HSIC (Zi, Zj) =
∑

i̸=j Cov (Q)
2
i,j =

∑
i̸=j Cov (Z)

2
i,j . (8)

We convert the computation of HSIC values between dif-
ferent dimensions into the computation of covariance. By
minimizing Eq. 8, the independence between different di-
mensions can be ensured.

In the this module, we further normalize the embed-
ding matrix along each dimension, and denote the nor-
malized node embeddings as Z̄. Note that since

∥∥Z̄∥∥2 =

1, ming
∑

i

∥∥ZA
i − ZV

i

∥∥2
2

can be equivalently replaced by
maxg

∑
i Z̄

A
i · Z̄V

i , where · denotes the inner product. The
si represents the standard deviation of the i-th dimension

before normalization. Minimizing
√∥∥sAi − λ

∥∥2
2

encourages
the standard deviation to approach the target value λ. The
optimization objective is summarized as follows:

Lcausal = −α
∑
i

Z̃A
i · Z̃V

i + β
∑
i

{√
∥sAi − λ∥22 +

√
∥sVi − λ∥22

}
+γ

∑
i̸=j

(
Cov(Z̃A)2i,j + Cov(Z̃V )2i,j

)
,

(9)

where α, β, and γ are hyperparameters.

Theoretical analysis We have the following theorem to
depict the learning process of the TGCC.
Theorem 1. (Causal Invariance) Given adjacency matrix
A and the generated augmentation V , the amplitudes of i-
th frequency of A and V are λi and γi, respectively. With
the optimization of Lcausal, the following upper bound is
established:

Lcausal ≤
1

2

∑
i

θi ∥λi − γi∥2 +
∑
j

[(
1√
N

∥∥λAj ∥∥− λ

)2

+

(
1√
N

∥∥γVj ∥∥− λ

)2
]
, (10)

where θi is an adaptive weight of the i-th term.

Based on Theorem 1, we theoretically prove that TGCC
can capture the causal invariance information betweenA and
V . The proof is presented in Appendix A.

Graph Contrastive Condensation
We take gradient matching as an example to obtain the con-
densed graph. It is worth noting that our method is com-
patible with any condensation approach. We formalize the
condensation objective as:

min
Gs

Eθ0∽Θ

[
D
(
θG , θGs

)]
, (11)

where θ0 is the initialization of both θG and θGs , G is the
original graph, and Θ is a specific distribution used for re-
lay model initialization. The expectation over θ0 aims to im-
prove the robustness of the condensed data Gs against differ-
ent parameter initializations (Lei and Tao 2023). D (· , · ) is
a distance metric. The bi-level optimization objective is ap-
proximated by matching the model gradients at each training
step. To fully capture both structural and feature information
of the graph, we let the training trajectory on the condensed
data mimic the training process on both the original and the
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Figure 3: The generation of negative sample.

augmented graphs. Therefore, the optimization objective for
graph condensation, denoted as Lcond, is redefined as:

Lcond = Eθ0∽Θ


T∑

t=1

D
(
∇θLG (θt) ,∇θLGs (θt)

)
+

T∑
t=1

D
(
∇θLG′

(θt) ,∇θLGs (θt)
)


s.t. θt+1 = opt
(
LGs (θt)

)
,

(12)

where T is the number of training steps for the model, G′ =
(X,V, Y ) is the augmented version of the original graph G,
opt (· ) is the model parameter optimizer and the parameter
of relay model (e.g., GCN) is updated only on Gs.

Spectral-domain Enhanced Contrastive Learning
To inject causally invariant information from the original
graph structure into the condensed graph and train a model
with stronger generalization ability, we adopt a spectral-
domain enhanced contrastive learning strategy. Previous
studies (Liu et al. 2022) theoretically proves that GCL can
learn invariant information between two augmented graphs,
and this invariance is concentrated in the low-frequency
components. Additionally, our exploratory experiments also
confirm the same conclusion (see Appendix F). Therefore,
we retain the high-frequency information and perturb the
low-frequency components to construct negative samples.
The specific construction process is illustrated in Figure 3
and the corresponding expression is as follows:
L̂ =λ(1−κ)∗N/2u(1−κ)∗N/2u

⊤
(1−κ)∗N/2 + · · ·+ λ⌊N/2⌋−1u⌊N/2⌋−1u

⊤
⌊N/2⌋−1

+λ⌊N/2⌋u⌊N/2⌋u
⊤
⌊N/2⌋ + · · ·+ λNuNu⊤

N ,

(13)
where ui is the eigenvector corresponding to eigenvalue λi,
and κ is the proportion of eigenvalues added in descending
order. L̂ is the symmetric normalized graph Laplacian, from
which the adjacency matrix of negative samples can be fur-
ther obtained based on the degree matrix.

The core idea of GCL is to train the embedding of a tar-
get graph in one augmented view to be as close as possi-
ble to the embedding of its positive sample in another aug-
mented view, while being far from those of its negative sam-
ples. Models constructed in this way can effectively distin-
guish between similar and dissimilar graphs. In this work,
we adopt the InfoNCE loss as the optimization objective:

LInfoNCE = log
exp(φ(hVi ,hVj )/t)

exp(φ(hVi ,hVj )/t)+
∑
m ̸=i

exp
(
φ
(
hVi , hVm

)
/t
) , (14)

Datasets #Classes #Nodes #Edges #Feature

Cora 7 2,708 5,429 1,433
Citeseer 6 3,327 4,732 3,703
Flickr 7 89,250 899,756 500
Ogbn-Arxiv 40 169,343 1,166,243 128
Reddit 210 232,965 57,307,946 602

FinReport (our) 7 4,992 3,568 384

Table 1: Statistics of datasets.

where hVi and hVj represent the graph embeddings obtained
by applying a readout function to the node feature matrices
of the condensed graph and the causally invariant features,
respectively.φ is the similarity measure function, such as co-
sine similarity, and t is the temperature parameter. hVm de-
notes the graph embedding corresponding to the constructed
negative sample.

Optimization Objective
The overall optimization objective of our proposed method
TGCC is summarized as follows:

L = Lcausal + δLInfoNCE + ηLcond , (15)

where δ and η are hyperparameters that control the impor-
tance of each term in the loss function. The complexity anal-
ysis of the algorithm can be found in Appendix D.

Experiments
Experimental Setup
Datasets We evaluate our method on five public datasets
(Cora (Kipf and Welling 2017), Citeseer (Kipf and Welling
2017), Ogbn-arxiv (Hu et al. 2020), Reddit (Hamilton, Ying,
and Leskovec 2017), Flickr (Zeng et al. 2020)), and our con-
structed dataset: FinReport. For the node classification task,
we follow the settings from GCond (Jin et al. 2022b). For the
link prediction task, we follow the public split of the dataset.
The statistics of the datasets are provided in Table 1. We re-
port the details of the datasets in Appendix B.

Baselines To evaluate the performance of TGCC, we con-
duct experiments using four types of baselines, including: :
(1) traditional core-set methods including Random, Herding
(Welling 2009), K-Center (Farahani and Hekmatfar 2009),
(2) gradient matching methods including DosCond (Jin et al.
2022a), GCond (Jin et al. 2022b) and SGDD (Yang et al.
2023), (3) trajectory matching methods including SFGC
(Zheng et al. 2023) and GEOM (Zhang et al. 2024b) , and (4)
distribution matching methods including GDEM (Liu, Zeng,
and Zheng 2024) and CGC (Gao et al. 2025a). The details
of evaluated methods are in Appendix C.

Implementation Details For each dataset, we perform
condensation on 5 graphs using different random seeds and
report the average performance. Single-dataset and single-
task scenario: We train the model using the condensed graph
and evaluate it on the original graph. Cross-dataset and
cross-task scenario: We train the model using the condensed
graph, and then train a linear classifier using the downstream
data. The parameter settings are provided in Appendix E.
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Datasets Ratio (r) Random Herding K-Center DosCond GCond SGDD GDEM CGC TGCC Whole Dataset

Cora
1.3% 58.0±1.4 54.0±0.7 58.0±1.1 66.0±2.4 63.6±1.0 63.7±1.1 67.0±1.2 64.4±1.1 67.6±1.8

78.5±1.12.6% 55.0±1.4 55.0±1.8 56.0±1.3 64.3±1.3 66.4±0.9 59.7±1.3 67.8±4.5 60.1±0.1 69.8±0.4

5.2% 57.0±1.8 56.0±1.9 58.0±1.3 61.5±0.5 61.7±0.7 55.0±0.6 54.4±1.0 60.1±0.1 65.7±2.1

Citeseer
0.9% 52.0±1.3 52.0±1.6 55.0±0.6 60.0±5.3 60.3±1.5 67.1±3.4 72.3±1.8 61.4±2.5 74.1±0.2

81.2±1.21.8% 52.0±0.5 52.0±1.7 54.0±0.9 50.8±1.5 64.0±2.3 55.1±2.1 72.1±1.0 64.8±0.9 74.6±0.9

3.6% 54.0±0.2 53.0±0.8 53.0±1.0 57.5±3.2 68.7±2.6 53.6±0.8 53.5±1.0 59.0±1.2 69.4±1.2

Ogbn-arxiv
0.05% 69.7±1.0 70.3±1.1 70.4±0.7 68.8±0.6 69.2±1.1 68.2±1.2 70.2±0.4 70.2±0.6 71.0±0.3

74.1±0.20.25% 70.5±0.3 70.6±0.5 70.5±0.3 70.1±0.8 70.7±0.4 68.8±0.8 72.5±0.3 70.7±0.2 70.9±0.7

0.5% 70.8±0.4 70.9±0.5 70.1±0.5 71.5±0.6 71.5±0.3 69.9±0.4 71.4±0.2 71.6±0.0 72.8±0.5

flickr
0.1% 57.2±2.7 54.7±2.9 57.4±1.3 55.3±1.6 70.1±0.4 55.4±1.5 53.3±0.8 54.8±2.6 70.6±0.5

74.9±0.10.5% 69.6±1.0 68.7±1.5 67.2±0.7 61.6±2.2 70.0±0.4 62.7±1.3 53.3±0.7 52.6±2.1 71.0±0.6

1% 70.1±0.4 70.3±0.7 70.9±0.6 64.9±1.2 69.7±0.5 66.5±1.1 54.0±1.2 53.4±1.8 68.5±0.7

reddit
0.05% 59.0±1.7 60.1±1.3 59.6±2.0 55.1±1.3 64.9±2.4 56.1±0.8 61.2±2.8 64.6±1.1 73.6±1.1

81.6±0.10.1% 61.2±1.3 61.0±2.5 59.6±2.0 57.8±1.6 62.1±1.4 58.4±1.1 62.0±2.6 63.9±2.1 69.9±1.0

0.2% 63.4±1.1 65.8±2.1 60.6±1.9 63.5±1.5 63.7±4.5 63.5±1.9 63.9±2.2 62.3±1.7 72.4±0.9

FinReport
2.02% 70.6±1.1 70.7±0.9 71.1±0.8 72.2±1.5 73.8±1.1 70.9±1.6 72.6±1.1 73.1±0.1 74.6±0.8

77.0±0.34.05% 72.3±0.5 71.9±0.9 71.5±0.3 74.7±0.6 73.8±0.9 72.4±1.7 67.4±3.8 73.2±0.2 75.4±0.6

6.07% 72.4±0.4 71.2±0.6 71.5±1.1 74.6±0.7 72.8±0.8 74.5±1.7 72.8±1.9 71.9±0.0 74.9±1.1

Table 2: Link prediction performance (Accuracy% ± std) comparison under the cross-task and single-dataset setting. The best
results are highlighted in bold, and the runner-up results are underlined. r = m/N . Code: https://github.com/HYJ9999/TGCC.

Experiments Results
To thoroughly evaluate the performance of TGCC, we
conduct experiments in four scenarios: (1) single-task and
single-dataset (see Appendix G1); (2) cross-dataset; (3)
cross-task; and (4) cross-dataset and cross-task.

Performance Comparison on Cross-task Scenario.
Following existing studies (Yang et al. 2025), we primar-
ily focus on using node classification tasks for condensation
and evaluate link prediction performance on the test set. As
shown in Table 2, TGCC achieves either the best or second-
best performance across all datasets compared to the base-
lines. Notably, on the Reddit, our method outperforms the
second-best model, GCond, by 13.41%, indicating that the
compressed graph effectively preserves causal knowledge
beneficial for cross-task scenarios. However, on the Flickr
(r= 1%), TGCC performs relatively poorly. A potential rea-
son is the presence of complex confounding relationships
and latent variables in the data, which may hinder the accu-
rate extraction of causally invariant features.

Performance Comparison on Cross-dataset Scenario.
We compare TGCC with baseline methods under the cross-
dataset transfer learning setting. We use Ogbn-arxiv as the
source dataset and test the condensed graph on five other tar-
get datasets. The results are shown in Table 3. We observe
that TGCC achieves the best performance in most cases.
These improvements demonstrate the effectiveness of incor-
porating causal invariant information from the graph struc-
ture into universal knowledge extraction, allowing the con-
densed graph to benefit various downstream datasets. Fur-
thermore, TGCC achieves better results on target datasets,
such as the FinReport dataset, compared to using the GCN
model alone. Therefore, downstream users can achieve sim-
ilar test performance to expensive GCN models with signif-
icantly lower computational costs by training models on the
condensed graph and using a simple linear classifier. Addi-
tionally, we use FinReport as the source dataset and test the
condensed graph on four other target datasets, with results

presented in Table 10 in Appendix G2, further demonstrat-
ing the effectiveness of our method.

Performance Comparison on Cross-task and Cross-
dataset Scenario. We compare TGCC with major baseline
methods under the cross-dataset and cross-task setting. We
use Flickr as the source dataset and evaluate the link pre-
diction performance of the condensed graph on three other
target datasets. The results are shown in Table 4. It can be ob-
served that TGCC achieves the best performance. Notably,
on the Reddit, our model achieves an AUC improvement
of 7.2% and an AP improvement of 7.1%. These improve-
ments further demonstrate the effectiveness of causally in-
variant information in graph structures, enabling the con-
densed graph to better support various downstream tasks
across different datasets, and also offering a new perspective
for the development and training of graph foundation mod-
els. More results and analysis can be found in Appendix G3.

Generalizability Comparison. To compare the general-
izability of different GNN architectures, we evaluated the
node classification performance of GC methods under dif-
ferent GNN models, including GCN, SGC, SAGE (Hamil-
ton, Ying, and Leskovec 2017), APPNP (Gasteiger, Bo-
jchevski, and Günnemann 2019), and Cheby (Defferrard,
Bresson, and Vandergheynst 2016). We take Reddit as an
example to evaluate the performance of different GNN ar-
chitectures. Table 5 presents the detailed accuracy results.
We observe that GCN and SGC outperform other GNNs,
as they adopt the same propagation mechanism used in the
feature propagation process during condensation. In addi-
tion, TGCC achieves a significant improvement over other
baseline methods, indicating that our proposed method can
effectively capture causal information in graph data and con-
tribute to better performance on downstream tasks.

Efficiency Comparison. To clearly compare the effi-
ciency of these methods, Figure 4 shows the accuracy of GC
methods versus their condensation time on the Ogbn-Arxiv
and FinReport. It can be observed that our TGCC achieves
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Methods

Ogbn-arxiv → Target datasets

Cora Citeseer Flickr Reddit FinReport

0.05% 0.25% 0.5% 0.05% 0.25% 0.5% 0.05% 0.25% 0.5% 0.05% 0.25% 0.5% 0.05% 0.25% 0.5%

Random 51.5 58.5 58.0 44.0 56.7 56.3 44.6 44.9 44.9 76.1 84.6 85.5 65.1 66.1 65.9
Herding 48.0 56.6 57.8 48.6 54.6 56.1 44.4 44.7 45.0 73.6 83.3 85.2 62.1 66.0 64.1
GCond 57.0 56.7 54.3 55.7 52.1 50.4 44.6 44.6 44.5 85.7 84.5 85.0 66.6 65.9 66.4
SGDD 53.6 58.6 59.0 55.8 57.0 57.5 44.6 44.6 44.6 85.8 85.0 85.9 67.0 65.6 66.3
SFGC 55.3 57.5 59.0 50.0 49.9 55.4 44.9 44.9 44.8 81.4 84.5 86.2 65.0 65.7 65.5
GDEM 56.7 58.0 42.9 54.2 46.6 40.4 44.9 44.2 43.1 85.2 82.1 67.3 62.7 62.8 60.9
GEOM 57.2 55.6 58.2 44.4 54.1 56.7 44.6 44.8 44.9 81.5 84.5 85.9 65.8 65.7 66.3
CGC 53.9 58.3 56.7 51.8 53.6 52.0 44.8 44.8 44.5 84.9 84.2 84.8 65.2 66.0 66.3

TGCC 59.9 61.1 60.3 56.5 57.4 57.9 45.3 45.1 44.8 86.5 85.7 85.1 67.9 66.3 67.2

Table 3: Node classification performance comparison (Accuracy%) under the cross-dataset scenario.

Methods

Flickr → Target datasets

Cora Citeseer Reddit

0.1% 0.5% 1.0% 0.1% 0.5% 1.0% 0.1% 0.5% 1.0%

AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP

Random 51.2 50.6 54.2 52.2 54.7 52.5 54.5 52.4 62.2 56.9 62.8 57.4 55.3 52.9 63.3 57.7 61.3 55.8
GCond 55.6 53.1 57.3 53.1 57.2 53.7 61.4 55.7 63.4 57.8 63.0 57.5 58.4 53.5 62.5 57.2 61.8 56.4
SGDD 51.7 50.9 54.4 52.3 57.0 53.8 53.1 51.6 57.4 54.0 61.6 56.5 50.9 50.4 55.3 52.8 59.1 55.5
DosCond 54.3 52.3 53.3 51.7 55.1 52.7 55.9 53.2 56.0 53.2 61.7 56.7 52.8 51.4 55.7 53.0 60.8 56.1
GDEM 52.7 51.4 51.3 50.7 53.0 51.5 53.8 52.0 52.2 51.1 53.3 51.7 52.4 51.2 50.7 50.3 51.6 50.8
CGC 51.2 50.6 50.6 50.3 50.5 50.3 50.7 50.4 51.2 50.6 51.6 50.8 50.6 50.3 50.0 50.0 50.1 50.1

TGCC 60.5 55.9 60.4 55.8 59.7 55.4 65.5 59.2 67.3 60.4 65.5 59.2 62.6 57.3 66.9 60.2 63.8 58.0

Table 4: Link prediction performance comparison under the cross-task and cross-dataset. AP stands for Average Precision score.

Methods GCN SAGE SGC APPNP Cheby AVG

GCond 87.4 86.2 87.0 84.6 68.3 82.7
SGDD 86.0 83.1 87.5 62.2 59.3 75.6
DosCond 49.5 50.4 53.1 37.6 33.0 44.7
SFGC 78.3 81.1 89.2 88.0 58.4 79.0
CGC 88.0 86.9 90.5 87.9 61.0 82.9
TGCC 88.5 88.3 89.5 87.5 69.4 84.6

Table 5: The generalizability of GC methods on Reddit (r =
0.05%). AVG indicates the average value.

Methods Flickr Citeseer

r=0.1% r=0.5% r=1.0% r=0.9% r=1.8% r=3.6%

w/o CIFE 46.8 46.8 46.9 70.1 69.6 69.5
w/o GCC 45.7 46.8 47.2 70.6 69.3 70.2
w/o ECL 43.5 46.8 47.2 70.3 70.5 68.1

TGCC 50.2 50.2 50.3 73.0 73.3 72.8

Table 6: Node classification performance in ablation study.

the highest test accuracy, and is 3 times and 2 times faster
than the SOTA baselines SFGC and GEOM, respectively.

Ablation Study and Sensitivity Analysis. To investigate
the impact of different modules in our method, we conduct
an ablation study on node classification tasks using Flickr
and Citeseer as examples. The variants include: w/o CIFE
(excluding the causal invariant feature extraction module),
w/o GCC (excluding the graph condensation module), and
w/o ECL (excluding the spectral-domain enhanced con-
trastive Learning). From Table 6, we observe that TGCC

Figure 4: The accuracy and condensation time of GC meth-
ods on Ogbn-Arxiv (r = 0.5%) and FinReport (r = 2.02%).

achieves the best performance when all components are in-
cluded. Removing any single module leads to a performance
drop, which validates the effectiveness of jointly considering
all three components. Due to space limitations, additional
ablation studies and detailed parameter sensitivity analyses
can be found in Appendix G4 and G5, respectively.

Conclusion
We propose TGCC, a novel causal-invariance-based and
transferable graph dataset condensation framework. We first
extract causal-invariant knowledge from the graph struc-
ture based on causal interventions. Then, through contrastive
condensation operations, we extract structural and feature
information from the original graph. Finally, we guide the
condensation process by using spectral domain enhance-
ment contrastive loss, injecting the causal information. Ex-
tensive experiments demonstrate the effectiveness of TGCC.
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