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Graph neural networks (GNNs) have demonstrated excellent performance in graph representation learning. However,
as the volume of graph data grows, issues related to cost and efficiency become increasingly prominent. Graph distillation
methods address this challenge by extracting a smaller, reduced graph, ensuring that GNNs trained on both the original and
reduced graphs show similar performance. Existing methods, however, primarily optimize the feature matrix of the reduced
graph and rely on correlation information from GNNs, while neglecting the original graph’s structure and redundant nodes.
This often results in a loss of critical information within the reduced graph. To overcome this limitation, we propose a graph
distillation method guided by network symmetry. Specifically, we identify symmetric nodes with equivalent neighborhood
structures and merge them into “super nodes”, thereby simplifying the network structure, reducing redundant parameter
optimization and enhancing training efficiency. At the same time, instead of relying on the original node features, we
employ gradient descent to match optimal features that align with the original features, thus improving downstream task
performance. Theoretically, our method guarantees that the reduced graph retains the key information present in the orig-
inal graph. Extensive experiments demonstrate that our approach achieves significant improvements in graph distillation,
exhibiting strong generalization capability and outperforming existing graph reduction methods.
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1. Introduction

Graph data is widespread and inherently complex in
fields such as social networks,[1] recommender systems,[2]

and complex network research,[3] necessitating advanced an-
alytical methods. Graph neural networks (GNNs)[4–6] have
become pivotal in graph representation learning, leveraging
message-passing frameworks where nodes update their em-
beddings through interactions with their neighbors. This ap-
proach effectively captures both structural and feature com-
plexities, driving advancements in tasks such as node clas-
sification, link prediction, and graph classification. Notable
models include GCN,[7] GAT,[8] and GraphSAGE.[9] How-
ever, the growing scale of graph data poses significant effi-
ciency challenges for GNNs. To address this, simplification
methods like graph thinning and coarsening have been pro-
posed. These methods, however, often rely on heuristics that
may not optimally preserve critical information or downstream
performance. Recently, graph distillation[10] has emerged as
a promising solution. This approach extracts and optimizes
a reduced graph using information such as gradients,[11] fea-
ture representations,[12] and training trajectories[13] from both
the original and distilled graphs. By doing so, GNNs trained
on the distilled graph can achieve performance comparable to
those trained on the full original graph.

Despite the remarkable results achieved by graph distilla-
tion, current methods applied to graph data often merely adapt
techniques originally designed for image data, overlooking the
critical role of graph structure. This oversight introduces sev-
eral limitations: reduced graphs often fail to adequately pre-
serve the structural information of the original graph, as they
rely on learned node features to construct the adjacency ma-
trices, which leads to structural loss; moreover, symmetric
structures,[14] which are common in networks, introduce re-
dundancy during GNN training. Symmetric nodes — those
with identical neighborhood structures — are redundant, and
failing to consider the graph structure leaves this redundancy
intact, thereby negatively impacting performance. As illus-
trated in Fig. 4, symmetric nodes cause GNNs to learn similar
representations, reducing learning efficiency.

To overcome these limitations, we propose a graph distil-
lation method based on the principles of network symmetry.
Our approach leverages the network symmetry theory[14,15] to
coarsen the network while retaining the structural information
of the original graph, thus mitigating structural loss. In ad-
dition, to further enhance performance, we apply a gradient
descent algorithm to compute optimal node features, ensur-
ing that the features of the reduced graph remain aligned with
those of the original graph. Finally, we construct a complete
reduced graph by integrating the adjacency matrix of the re-
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duced graph with the optimized synthetic features.
Our contributions are as follows:
(i) Analysis of redundant structures We analyze redun-

dant structures in graph data processed by GNNs, with a par-
ticular focus on symmetric structures.

(ii) Proposal of a novel graph distillation method We
propose a graph distillation approach that efficiently reduces
redundant graph structure information by leveraging approxi-
mations of network symmetry.

These contributions are built upon the foundations of net-
work symmetry theory, aiming to bridge the concepts of graph
distillation and network symmetry to advance graph data anal-
ysis and deep learning research. We validate the state-of-the-
art effectiveness of our method through extensive experiments
on tasks such as node classification and link prediction.

2. Preliminaries
Consider a graph G = (V,E,𝑋), where V is the set of

nodes with |V | = N representing the number of nodes, E is
the set of edges, and 𝑋 ∈ RN×d is the node feature ma-
trix. The adjacency matrix of G is denoted as 𝐴 ∈ {0,1}N×N ,
where Ai j = 1, if there exists an edge between nodes i and
j, and Ai j = 0 otherwise. The node label matrix is denoted
as 𝑌 . The normalized Laplacian matrix of G is defined as
𝐿 = 𝐼N −𝐷−

1
2 𝐴𝐷−

1
2 , where 𝐼N is the identity matrix of

size N×N, and 𝐷 is the degree matrix with diagonal entries
Dii = ∑ j Ai j and off-diagonal entries Di j = 0 for i ̸= j.

2.1. Computation graph

The message-passing paradigm[16] is a central concept in
GNNs and forms the basis of many GNN models, where node
embeddings are updated as follows:

ℎ
(k+1)
u = σ

(
∑

v∈N(u)
𝑊kℎ

(k)
v +𝐵kℎ

(k)
u

)
. (1)

Here, N (u) denotes the set of first-order neighbors of node u,
ℎ
(k)
v represents the feature information of node v in the k-th

layer, σ is the activation function, and 𝑊k and 𝐵k are the pa-
rameter matrices.

The physical meaning of this paradigm is that the rep-
resentation of a node incorporates the features of all nodes
within its l-order neighborhood. This process can be repre-
sented using a computational graph.[17] In message passing,
the computational graph explicitly shows how the central node
aggregates information from its neighbors and updates its own
information. For example, the computational graph in Fig. 1
illustrates the embedding process of node 1 in a two-layer
GNN.

(i) At the first layer, the information aggregation of node
5’s neighbors (nodes 4, 2, and 1) is passed to node 5. The ag-

gregated information is then transformed and updated to gen-
erate the embedding of node 5. The same process occurs for
node 2.

(ii) At the second layer, the aggregated information from
node 1’s neighbors (nodes 5 and 2) is passed to node 1. The
aggregated information is then updated through transforma-
tion to produce node 1’s embedding.

Through this iterative process of aggregation and trans-
formation, the node embedding after two iterations of message
passing and transformation can serve as the representation of
the node, enabling downstream prediction tasks.
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Computational graph
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Fig. 1. The computational graph of graph neural network.

2.2. Network symmetry

Network symmetry refers to the properties of a network
that remain unchanged under specific transformations, reveal-
ing patterns of structural similarity. The study of network sym-
metry involves analyzing the topological equivalence of nodes
and edges, with group theory[18,19] serving as the underlying
mathematical foundation. Below are key definitions related to
network symmetry in graph theory.

Definition 1 A permutation of a finite set S is a one-to-one
correspondence from S to itself. A group composed entirely of
permutations is called a permutation group.

Definition 2 For a graph G(V,E), let S(V ) represent the
set of all permutations on V . A graph automorphism is a per-
mutation in S(V ) that preserves the adjacency relationships of
the graph. The set Aut(G) = {g ∈ S(V )|Eg = E} of all auto-
morphisms forms a group under the permutation product op-
eration.

Definition 3 Two nodes x and y in a graph G(V,E) are
symmetrically equivalent if there exists an automorphism g ∈
Aut(G) such that applying g to x yields y, written as xg = y.
This symmetry equivalence defines an equivalence relation,
partitioning the vertex set into equivalence classes or orbits.
The set of orbits is denoted by ∆(G)= {∆1,∆2, . . . ,∆n}, where
each ∆i represents an orbit of Aut(G).

Orbits[14] in group theory illustrate network symmetry
where the local connectivity remains unchanged under ver-
tex permutations. For example, as shown in Fig. 2, swapping
node 1 with node 2 does not affect the network’s adjacency re-
lations; similarly, replacing node 5 with node 6 or 7 leaves the
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network structure intact. Nodes within the same orbit are inter-
changeable without impacting the network topology, a prop-
erty that can be visually represented by color-coding nodes of
the same orbit. This concept is crucial for classifying nodes
into symmetry-based equivalence classes, which has signifi-
cant implications for understanding and analyzing the struc-
ture of complex networks.

1

3 4

2

7

5

6

Fig. 2. Illustration of network symmetry and equivalence classes (distinct
classes represented by different colors).

2.3. Graph distillation

Graph distillation (GD) is a technique designed to sim-
plify graphs and mitigate issues related to label sparsity and
high computational complexity in GNNs. It involves creating
a compact reduced graph G′ = (V ′,E ′,𝑋 ′), where the num-
ber of nodes |V ′| is significantly smaller than N (|V ′| ≪ N),
and 𝑋 ′ ∈ RN′×d . The objective is for GNNs trained on G′ to
achieve performance comparable to those trained on the orig-
inal graph G = (V,E,𝑋).

Gradient matching in graph distillation is a technique that
optimizes reduced graphs by aligning their gradient informa-
tion with that of the original graphs. This alignment ensures
that reduced graphs resemble the original ones, thereby pre-
serving performance on downstream tasks while simplifying
the graph structure. Consider a distillation model consisting
of a single-layer GNN with a mean squared error (MSE) loss
function, defined as

L =
1
2
‖𝐴𝑋𝑊 −𝑌 ‖2

F , (2)

where 𝑌 is the node label matrix and 𝑊 is the matrix of
model parameters. By differentiating the MSE loss, we obtain
the gradient expressions for the original and reduced graphs

∇𝑊 = (𝐴𝑋)T(𝐴𝑋𝑊 −𝑌 ), (3)

∇
′
𝑊 = (𝐴′𝑋 ′)

T
(𝐴′𝑋′𝑊 −𝑌 ′). (4)

The objective for gradient matching in the distillation process
is then

LGM = ‖∇𝑊 −∇
′
𝑊 ‖2

F . (5)

An upper bound for LGM can be established as

LGM ≤ ‖𝑊 ‖2
F‖𝑋T𝐴2𝑋−𝑋 ′

T
𝐴′

2
𝑋 ′‖

2
F

+‖𝑋T𝐴𝑌 −𝑋 ′
T
𝐴′𝑌 ′‖

2
F . (6)

In this inequality, ‖𝑋T𝐴2𝑋 −𝑋 ′T𝐴′2𝑋 ′‖2
F measures the

discrepancy in node feature representations between the orig-
inal and reduced graphs. ‖𝑋T𝐴𝑌 −𝑋 ′T𝐴′𝑌 ′‖

2
F quantifies

the difference in label information.
These terms are crucial as they guide the optimization up-

dates for the reduced graph, ensuring it retains essential char-
acteristics of the original graph while being more computa-
tionally efficient.

3. The proposed method: GDNS

In this section, we introduce the proposed GDNS method,
as illustrated in Fig. 3. This method improves fidelity com-
pared to previous graph distillation approaches and reduces
the computational complexity of the iterative process, thereby
enhancing distillation efficiency. The GDNS method consists
of two main steps:

(i) Simplifying the network structure Leveraging net-
work symmetry theory to simplify the graph by reducing re-
dundant structures while preserving critical structural infor-
mation.

(ii) Matching node features Aligning the node features
of the original and reduced graphs through gradient descent
optimization to ensure fidelity in feature information transfer.

Reduced graph

Original graph

Reduced graph

matching

Features

G/↼A↪X↪Y↽ G′/↼A′↪X′↪Y ′↽

G′/↼A′↪X′↪Y ′↽
Output

Fig. 3. Schematic overview of the GDNS architecture.
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3.1. Structure redundancy

In this section, we analyze the symmetric structures in the
graph and their impact on GNNs training, which motivates our
approach. In the GNNs model, each node is associated with
a computational graph, as described in Subsection 2.1. When
two nodes have different computational graphs, their repre-
sentations will also differ. Conversely, if two nodes share sim-
ilar computational graphs, their representations will be sim-
ilar. In a graph G = (V,E), nodes can be partitioned into
equivalence classes ∆ = {∆1,∆2, . . . ,∆k} based on the net-
work symmetry described in Subsection 2.2. Nodes within
the same equivalence class are referred to as symmetric nodes.
For these symmetric nodes, due to their similar neighborhood
structures, their computational graphs are identical, leading to
similar representations. For instance, in the network illustrated
in Fig. 4, nodes 3, 4, and 5 are symmetric. They share the same
computational graph, as shown in Fig. 4(b), resulting in iden-
tical representations. This redundancy leads to repetitive op-
timization of the GNNs’ parameters, unnecessarily increasing
computational complexity.

To validate our analysis, we applied the GCN model to
link prediction tasks using three real-world datasets — Cora,
CiteSeer, and PubMed (see Subsection 4.1 for details). We ini-
tially created a training set T by randomly selecting a subset of
nodes from each network and then refined it by retaining only
one representative node from each equivalence class ∆i, result-
ing in a smaller training set T ′ to assess the impact of symmet-
ric nodes on model efficiency. We use these two training sets
to train the GNNs separately and test them using the test set

of the original graph. After completing the experiments, we
obtained significant results, as shown in Fig. 5. Specifically,
figure 5(a) compares the AUC scores,[20] revealing consistent
performance levels; in some instances, T ′ even slightly out-
performs T . Figure 5(b) illustrates the training times, showing
a significant reduction in computational requirements for T ′

compared to T . These findings highlight the impact of sym-
metric nodes on the computational complexity of GNN models
and suggest that effectively managing these nodes can substan-
tially enhance model efficiency without compromising perfor-
mance.

11 6

8

9

7

10

1

2

3

5

4

(a)

(b) h3=h4=h5

Fig. 4. (a) Illustration of equivalence classes, and (b) the embeddings of
nodes 3, 4, and 5.
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Fig. 5. (a) AUC scores and (b) training times for training sets T and T ′ across three real networks.

3.2. Reduced network

As discussed in Subsection 3.1, symmetric structures in
networks reduce both the efficiency and effectiveness of GNNs
training, indicating that retaining all symmetric structures is

unnecessary. Therefore, we propose a symmetry removal

strategy based on network symmetry theory. This strategy

involves representing each equivalence class as a single su-

per node, preserving the connectivity between equivalence
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classes, as illustrated in Figs. 6(a) and 6(b). The specific the-
ory is described as follows.

Let 𝐴 be the n × n adjacency matrix of an original
network, 𝑆 the n×m characteristic matrix of the partition,
where [𝑆]ik = 1 if i ∈ ∆k and 0 otherwise. Define 𝛬 =

diag(n1, . . . ,nm), where nk = |∆k| represents the size of each
equivalence class. Then, we obtain 𝐴′ by

𝐴′ =𝛬−1𝑆T𝐴𝑆. (7)

The 𝐴′ is the m×m adjacency matrix of the reduced network,
obtained by partitioning the vertex set into equivalence classes
∆ = ∆1 ∪ ·· ·∆m. It is theoretically proven that the reduced
graph 𝐴′ preserves the key structural information of the origi-
nal graph 𝐴: The equivalence classes satisfy a regularity con-
dition known as equitability,[14] which can be expressed in ma-
trix form as

𝐴𝑆 = 𝑆𝐴′. (8)

If (λ ,𝑣) is an eigenpair of 𝐴′, then (λ ,𝑆𝑣) is an eigenpair of
𝐴, since

𝐴(𝑆𝑣) = 𝑆𝐴′𝑣 = λ (𝑆𝑣) . (9)

Thus, the spectrum of 𝐴′ is a subset of the spectrum of 𝐴, and
the eigenvectors of 𝐴 are lifted from the reduced graph by re-
peating entries on equivalence classes. Specifically, 𝐴 has an
eigenbasis of the form[14]

{𝑆𝑣1, . . . ,S𝑣m,𝑤1, . . . ,𝑤n−m} , (10)

where {𝑣1, . . . ,𝑣m} is any eigenbasis of 𝐴′, and 𝑆T𝑤i = 0
for all i. This implies that {𝑤1, . . . ,𝑤n−m} are redundant
eigenvectors, reflecting the network’s symmetries. Their en-
tries sum to zero within each equivalence class. In contrast,
{𝑣1, . . . ,𝑣m} are non-redundant eigenvectors that preserve the
essential structural information of the original graph.

2
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Super node

Super node

(a)

2
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(b)

Fig. 6. (a) An illustrative graph with symmetric nodes, (b) the reduced
graph.

3.3. Feature matching

While the coarsened adjacency matrix 𝐴′ enhances com-
putational efficiency in training GNNs, it may lead to a de-
crease in accuracy due to the loss of detailed structural and
feature information. To address this issue, we propose re-
learning the node feature matrix 𝑋 ′ to compensate for the ac-
curacy degradation. Inspired by the upper bound established
in Eq. (6), we design a loss function that directly optimizes 𝑋 ′

by minimizing the discrepancies between the original graph G
and the reduced graph G′:

f (𝑋 ′) = ‖𝑋T𝐴2𝑋−𝑋 ′
T
𝐴′

2
𝑋 ′‖

2
F

+‖𝑋T𝐴𝑌 −𝑋 ′
T
𝐴′𝑌 ′‖

2
F . (11)

This loss function comprises two critical components
that together ensure the reduced graph retains essential
characteristics of the original graph. The first term
‖𝑋T𝐴2𝑋−𝑋 ′T𝐴′2𝑋 ′‖

2
F measures the difference in node

features influenced by second-order proximities between the
original and reduced graphs. By considering 𝐴2 and 𝐴′2, we
capture structural information up to two hops, ensuring that
𝑋 ′ reflects similar structural patterns as 𝑋 . The second term
‖𝑋T𝐴𝑌 −𝑋 ′T𝐴′𝑌 ′‖

2
F quantifies the divergence in label in-

formation propagation, ensuring that the relationship between
node features and labels in the reduced graph aligns with that
of the original graph.

To optimize 𝑋 ′, we compute the gradient of the loss func-
tion f (𝑋 ′) with respect to 𝑋 ′. Since f (𝑋 ′) consists of two
squared Frobenius norms, we can compute the gradients ac-
cordingly.

The gradient of the first term is

∇𝑋 ′ f1(𝑋
′) =−2𝐴′2𝑋 ′(𝑋T𝐴2𝑋−𝑋 ′

T
𝐴′

2
𝑋 ′)

T
. (12)

The gradient of the second term is

∇𝑋 ′ f2
(
𝑋 ′
)
=−2𝐴′𝑌 ′(𝑋T𝐴𝑌 −𝑋 ′

T
𝐴′𝑌 ′)

T
. (13)

Therefore, the total gradient is

∇𝑋 ′ f
(
𝑋 ′
)
= ∇𝑋 ′ f1

(
𝑋 ′
)
+∇𝑋 ′ f2

(
𝑋 ′
)
. (14)

To minimize f (𝑋 ′), we use gradient descent or other opti-
mization algorithms. The update rule for 𝑋 ′ is

𝑋 ′←𝑋 ′−η∇𝑋 ′ f
(
𝑋 ′
)
, (15)

where η is the learning rate. By minimizing f (𝑋 ′) we ad-
just 𝑋 ′ to closely match the structural and label information
of the original graph. This optimization allows the reduced
graph to retain essential properties of G, thereby compensat-
ing for the loss of accuracy introduced during the coarsening
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process. The refined feature matrix 𝑋 ′ enhances the perfor-
mance of GNNs trained on G′, achieving a balance between
computational efficiency and model accuracy.

Algorithm 1 presents the pseudocode for the GDNS
method. Theoretically, our reduced graph preserves key infor-
mation and structural similarities of the original graph while
aligning node features. This results in improved performance
when used to train GNNs.

Algorithm 1: GDNS.

Input: Original graph G = (𝐴,𝑋,𝑌 ).
Output: Reduced graph G = (𝐴′,𝑋 ′,𝑌 ′).

1: Identify equivalence classes ∆1,∆2, . . . ,∆k based on
network symmetry.

2: for each equivalence ∆i do
3: Create super node Vi representing ∆i.
4: Update 𝑋 ′

vi
← 1
|∆i | ∑

v∈∆i

𝑋v.

5: Remove symmetric nodes and connected edges.
6: end for
7: Update 𝐴′, 𝑌 ′.
8: for t to T do
9: Compute f (𝑋 ′) via Eq. (11).
10: Update 𝑋 ′←𝑋 ′−η∇𝑋 ′ f (𝑋 ′).
11: end for
12: return Reduced graph G = (𝐴′,𝑋 ′,𝑌 ′)

4. Experimental results
In this section, we conduct extensive experiments, includ-

ing node classification and link prediction on various datasets,
to validate the effectiveness and generality of GDNS.

4.1. Datasets

For the node classification task, we used four widely stud-
ied citation network datasets commonly employed in graph
neural network research: Cora,[7] CiteSeer,[7] PubMed,[7]

and Squirrel.[21] For the link prediction task, we utilized four
datasets: Cora, CiteSeer, PubMed, and DBLP.[22] Among
these datasets, DBLP is a heterogeneous graph, which in-
cludes three types of nodes (paper (P), author (A), confer-
ence (C)) and four types of edges (PA, AP, PC, CP). The
other datasets (Cora, CiteSeer, PubMed, and Squirrel) are
homogeneous graphs, containing only one type of node. In
the homogeneous citation networks, such as Cora, CiteSeer,
and PubMed, the nodes represent papers, while in Squirrel,
the nodes represent articles. Table 1 summarizes each net-
work’s characteristics, including the number of nodes (|V |),

Table 1. Detailed topological structures of five networks.

Datasets |V | |E| |C| df |∆ | RSN

Cora 2708 5429 7 1433 2365 0.13
CiteSeer 3327 4732 6 3703 2091 0.37
PubMed 19717 44338 3 500 12998 0.34
Squirrel 5201 396846 5 2089 3301 0.36
DBLP 18405 67946 – 334 7546 0.41

edges (|E|), classes (|C|), the dimension of initial node features
(df), the number of equivalence classes (|∆ |), and the ratio of
symmetric nodes (RSN).

4.2. Benchmark methods

To evaluate the effectiveness of GDNS, we compared it
with eight benchmark graph simplification methods. These
methods include:

(I) Four traditional methods:
(i) Random sampling (selecting a subset of nodes or edges

at random);
(ii) Herding[23] (iteratively selecting representative nodes

or edges that best describe the data distribution);
(iii) K-center[24] (choosing nodes to minimize the maxi-

mum distance to any unselected node);
(iv) A graph coarsening method[25] (reducing graph size

by merging similar nodes or edges).
(II) Four graph distillation methods:
(i) Three gradient matching methods (GCOND,[11]

SGDD,[26] GDC[11]);
(ii) One trajectory matching method (SFGC[13]).

4.3. Experimental setup

To effectively evaluate the quality of reduced graphs gen-
erated by GDNS, we followed a two-step process for all re-
duced graphs obtained from different methods. First, a GNN
was trained on the reduced graph to obtain model parameters.
Second, the performance of the GNN was tested on the origi-
nal graph’s test set to assess the quality of the reduced graphs.

In the graph distillation methods, specific configura-
tions were applied to ensure consistency and comparability.
GCOND was distilled using a 2-layer SGC and evaluated on
2-layer GCNs with 256 hidden units. Similarly, SGDD used
a 2-layer SGC for distillation and was evaluated on 2-layer
GCNs with 256 hidden units. In contrast, SFGC was both dis-
tilled and evaluated using 2-layer GCNs with the same hidden
unit configuration.

For dataset splitting, we adopted standard practices.
For node classification tasks, we used the common split
widely applied across datasets, while for link prediction tasks,
the datasets were divided following an 8:1:1 ratio (train-
ing/validation/test). To validate the generalization ability of
GDNS, we conducted extensive experiments using different
GNN architectures, all implemented within the CogDL0.6 [27]

deep learning framework.
The training process was optimized using the Adam op-

timizer with a learning rate of 0.01. All models were trained
for up to 2000 iterations, integrating an early stopping mech-
anism (PATIENCE) during the validation phase to minimize
the risk of overfitting. To ensure the reliability of the results,
the final model performance was reported as the average of
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over 100 runs, providing robust and statistically meaningful
performance metrics.

4.4. Node classification

Table 2 shows ACC and F1 scores across four datasets.
Traditional graph simplification methods perform the worst
due to their exclusive focus on structural reduction with-
out considering downstream GNNs task performance. While
graph distillation methods (GCond, SFGC, and SGDD) at-
tempt to address this by optimizing node features and graph
structure, their aggressive reduction strategies result in the loss
of critical structural information that cannot be recovered dur-
ing optimization. Our proposed GDNS method, grounded in
network symmetry theory, selectively eliminates redundant in-
formation while preserving essential structural properties. Re-
sults in Table 2 demonstrate that GDNS-generated reduced
graphs consistently outperform all baseline methods across all
datasets, validating our hypothesis about the importance of
structural information preservation for GNNs’ performance.

4.5. Link prediction

On DBLP, we propose a straightforward heterogeneous
graph processing approach, as illustrated in Fig. 7 using P-type
nodes. The methodology comprises three key steps: (i) initial-
izing an empty graph containing only P-type nodes; (ii) con-
structing edges between P-nodes through meta-path connec-
tions from the original graph to form a homogeneous sub-
graph; and (iii) applying graph reduction techniques followed
by GNNs training for node representation learning. This pro-
cess is replicated for all node types, with the resulting repre-
sentations ultimately being used for link prediction tasks.

Table 3 presents the link prediction performance met-
rics (AUC) across four benchmark datasets. Consistent with

the node classification results where traditional graph simpli-
fication methods underperform compared to graph distillation
approaches, our method demonstrates superior performance.
Specifically, GDNS achieves state-of-the-art results on three
datasets, showing improvements of 1.9% (Cora) and 3.1%
(CiteSeer) over the baseline. These enhancements stem from
our method’s effective preservation of original graph struc-
tures coupled with downstream task optimization. Notably, the
PubMed dataset exhibits minimal performance gains, which
we hypothesize may be attributed to its higher average node
degree characteristics.

Table 2. The ACC values and F1 scores of eight methods on four net-
works.

Dataset Cora CiteSeer PubMed Squirrel

Metric ACC F1 ACC F1 ACC F1 ACC F1
Random 0.768 0.779 0.642 0.625 0.733 0.731 0.250 0.241

Coarsening 0.706 0.697 0.590 0.582 0.287 0.266 0.211 0.196
Herding 0.769 0.780 0.667 0.67 0.762 0.774 0.214 0.203
K-center 0.768 0.775 0.643 0.625 0.694 0.687 0.228 0.216
Gcond 0.798 0.805 0.707 0.691 0.771 0.769 0.257 0.238
SFGC 0.806 0.812 0.724 0.718 0.775 0.77 0.269 0.252
SGDD 0.801 0.804 0.702 0.696 0.780 0.78 0.247 0.227
Whole 0.810 0.826 0.717 0.71 0.793 0.789 0.330 0.327
GDNS 0.822 0.840 0.744 0.732 0.829 0.825 0.349 0.338

Table 3. The AUC scores of eight methods on four networks.

Dataset Cora CiteSeer PubMed DBLP

Random 0.587 0.548 0.623 0.675
Coarsening 0.675 0.642 0.726 0.753

Herding 0.609 0.577 0.656 0.738
K-center 0.676 0.643 0.731 0.756

GDC 0.703 0.667 0.758 0.778
Gcond 0.710 0.673 0.769 0.803
SGDD 0.739 0.708 0.797 0.822
Whole 0.784 0.745 0.846 0.837
GDNS 0.803 0.776 0.848 0.798
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Fig. 7. Heterogeneous graph transformation process (take the type P node as an example).
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4.6. Generalization ability

We evaluated GDNS’s generalization capability through
node classification experiments using six GNNs architec-
tures (GCN, SGC,[28] PPNP,[29] GAT, GRAND,[30] and
MixHop[31]) and compared against three graph distillation
baselines (GCOND, SFGC, and SGDD). Results in Table 4

demonstrate GDNS’s superior performance across all GNNs
models, achieving average accuracy improvements of 4.6%,
3.8%, and 6.6% on the three datasets, respectively, com-
pared to GCOND. This consistent outperformance across di-
verse GNNs architectures and datasets validates GDNS’s ro-
bust generalization capability.

Table 4. The ACC values of six GNNs methods on three networks.

Dataset Methods GCN SGC PPNP GAT GRAND MixHop Avg. Impro (%)

Cora

GCOND 0.798 0.795 0.793 0.662 0.761 0.772 0.764 ↑ 4.60
SFGC 0.806 0.810 0.808 0.799 0.763 0.789 0.796 ↑ 1.40
SGDD 0.801 0.804 0.796 0.784 0.754 0.778 0.786 ↑ 2.40
GDNS 0.826 0.822 0.820 0.822 0.778 0.793 0.810 –

CiteSeer

GCOND 0.707 0.703 0.696 0.691 0.714 0.708 0.703 ↑ 3.80
SFGC 0.724 0.718 0.705 0.713 0.731 0.728 0.72 ↑ 2.10
SGDD 0.702 0.713 0.692 0.706 0.709 0.703 0.704 ↑ 3.70
GDNS 0.744 0.718 0.738 0.749 0.747 0.749 0.741 –

PubMed

GCOND 0.777 0.776 0.773 0.708 0.781 0.795 0.768 ↑ 6.60
SFGC 0.775 0.774 0.776 0.769 0.797 0.801 0.782 ↑ 5.20
SGDD 0.780 0.766 0.787 0.791 0.804 0.807 0.789 ↑ 4.50
GDNS 0.829 0.815 0.840 0.821 0.852 0.845 0.834 –

4.7. Ablation study

To validate the effectiveness of the two components in
GDNS, we conducted an ablation study on three citation net-
work datasets (Cora, CiteSeer, and PubMed). We performed
link prediction experiments on these datasets using different
training set ratios.

Figure 8 presents comparative results between reduced
and original graphs, with Fig. 8(a) showing performance with-

out feature matching and Fig. 8(b) with feature matching. The
reduced graph demonstrates enhanced GNNs training effec-
tiveness, validating our analysis in Section 3. Feature match-
ing further improves the reduced graph’s performance, as ev-
idenced in Fig. 8(b). Notably, the reduced graph maintains
consistent superior performance across varying training set ra-
tios, confirming GDNS’s stability under diverse training set
ratios.
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G ′ (CiteSeer)

G (Cora)

G ′ (Cora)
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Fig. 8. AUC scores across three networks for (a) training sets G and G′ = (𝐴′,𝑋,𝑌 ), and (b) G and G′ = (𝐴′,𝑋 ′,𝑌 ′).

4.8. Computational efficiency

Figure 9 compares the GNNs training time between re-
duced and original graphs across four datasets. The results
demonstrate substantially reduced training times for reduced
graphs, with the disparity increasing with epoch count, par-

ticularly evident in DBLP, PubMed, and CiteSeer datasets.

By eliminating redundant connections and information, the

reduced graphs exhibit a notably slower growth in computa-

tional overhead across training epochs, effectively mitigating

the exponential increase in training time characteristic of the
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original graphs. This optimization proves especially beneficial
for large-scale graph datasets.

Figure 10 shows GNNs memory consumption during
training across four datasets. GDNS-generated reduced graphs
achieve significant memory reduction, with CiteSeer and
PubMed datasets showing 30%–40% decreased usage. The
Cora dataset exhibits minimal memory differential between
original and reduced graphs due to its limited symmetrical
components. These results demonstrate GDNS’s effectiveness
in reducing GNNs memory overhead through redundant struc-
ture elimination.
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5. Related work
5.1. Graph neural networks

Graph neural networks (GNNs) are neural network
models designed for graph-structured data, integrating the
strengths of graph computation and neural networks to capture
both structural information and abstract node features. GNNs
are generally categorized into spectral-based and spatial-based
approaches. Spectral-based GNNs, such as ChebyNet,[32]

BernNet,[33] and GWNN,[34] utilize spectral graph theory to
design filtering operations in the spectral domain. In contrast,

spatial-based GNNs, including GAT, GraphSAGE, and spatial
GCN,[35] explicitly leverage the graph’s structure to perform
feature extraction in the spatial domain.

5.2. Dataset distillation & graph coarsening

Dataset distillation[36,37] aims to reduce the time and
memory required to train deep networks on large datasets by
creating a small synthetic dataset that retains the generaliza-
tion properties of the full dataset. This technique has proven
highly useful in applications such as continual learning and
neural architecture search. Graph coarsening[38,39] operates
on the principle of aggregating similar nodes into super-nodes
to produce a smaller graph, thereby making large-scale graph
processing more efficient. It is widely used in graph neural
networks, graph embedding, and graph partitioning.

6. Conclusion
In this paper, we identified a substantial number of sym-

metric structures within network graphs that are ineffective for
training GNNs. To address this, we proposed a graph dis-
tillation method based on network symmetry (GDNS). Our
method first coarsens the network by removing symmetric
structures according to symmetry theory, then aligns the coars-
ened graph with the original node features to construct a
reduced graph. Theoretically, GDNS eliminates redundant
structural information while preserving the essential informa-
tion of the original graph. Our experiments confirm these the-
oretical conclusions.

Despite its notable success, GDNS does lose some infor-
mational properties during compression, especially in hetero-
geneous graphs. Therefore, future work will focus on extend-
ing GDNS to heterogeneous graphs, providing a promising av-
enue for further research in network simplification.
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