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Abstract

Dataset condensation has significantly improved model train-
ing efficiency, but its application on devices with differ-
ent computing power brings new requirements for different
data sizes. Thus, condensing multiple scale graphs simulta-
neously is the core of achieving efficient training in differ-
ent on-device scenarios. Existing efficient works for multi-
scale graph dataset condensation mainly perform efficient
approximate computation in scale order (large-to-small or
small-to-large scales). However, for non-Euclidean structures
of sparse graph data, these two commonly used paradigms
for multi-scale graph dataset condensation have serious scal-
ing down degradation and scaling up collapse problems of
a graph. The main bottleneck of the above paradigms is
whether the effective information of the original graph is fully
preserved when consenting to the primary sub-scale (the first
of multiple scales), which determines the condensation effect
and consistency of all scales. In this paper, we proposed a
novel GNN-centric Bi-directional Multi-Scale Graph Dataset
Condensation (BIMSGC) framework, to explore unifying
paradigms by operating on both large-to-small and small-to-
large for multi-scale graph condensation. Based on the mu-
tual information theory, we estimate an optimal “meso-scale”
to obtain the minimum necessary dense graph preserving the
maximum utility information of the original graph, and then
we achieve stable and consistent “bi-directional” condensa-
tion learning by optimizing graph eigenbasis matching with
information bottleneck on other scales. Encouraging empir-
ical results on several datasets demonstrates the significant
superiority of the proposed framework in graph condensation
at different scales.

1 Introduction

With the rapid expansion of applications like social me-
dia, e-commerce, and recommendation systems on mobile
and edge devices, the core challenge is efficiently training
on graph data at an increasingly large scale. The multi-
size dataset condensation approach is designed to enhance
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Figure 1: Comparison of existing paradigms

training efficiency by condensing graph datasets into vari-
ous small yet informative graphs. These condensed graphs
can accommodate the diverse computational needs of low-
resource, on-device downstream users.

However, dataset condensation typically requires a com-
putationally intensive learning-based process, and the multi-
size property exacerbates the challenge in balancing effi-
ciency and effectiveness. Based on the recent studies(He
et al. 2024; Fang et al. 2024), there can be summarized
three intuitive paradigms (illustrated in the Fig.1): (1) Re-
condensation, which involves selecting an efficient and ef-
fective dataset condensation method to redistribute the data
for each scale; (2) Large-to-Small, where the original dataset
is condensed into multiple size/scales in one process by first
creating a relatively large subset and then further condensing
it step by step from large to small; and (3) Small-to-Large,
which starts with the creation of smaller subsets that are
then iteratively expanded to larger scales, preserving essen-
tial patterns at each stage. These paradigms offer different
strategies for achieving efficient dataset condensation.



As illustrated in Fig.2(b), while the Large-to-Small and
Small-to-Large paradigms achieve a reduction in time by
nearly 10 times. However, there is still a significant effec-
tiveness gap remains compared to the naive re-condensation
paradigm at certain scales. Generally, the Large-to-Small
approach struggles at relatively small scales, whereas the
Small-to-Large approach falters at larger scales. This raises a
question of whether we can combine the advantages of both
paradigms to achieve a better balance between efficiency
and effectiveness. In order to better understand the effect of
scale variation on the condensation performance, we further
analyze the experimental phenomenon and attribute it to two
key issues: (1) Scaling Down Degradation: Similar to the
subset degradation problem observed in image data (He et al.
2024), graph data suffer from a severe ’subgraph degrada-
tion problem.” When we sample a subgraph from a con-
densed graph, its performance is much lower than a graph
directly condensed to the target scale. In the large-to-small
method, the distribution of effective information across a
large number of nodes during the initial training process
causes a more rapid degradation in performance when the
sampling target scale is significantly reduced. (2) Scaling
Up Collapse: as demonstrated in Fig. 2(b), because graph
condensation uses fixed neural network model parameters
across all scales, the small-to-large method tends to over-
fit long-tail information to adjust the fine-grained decision
boundary at larger scales. This will lead to a large of noisy
information during the scale-growing training process, thus
limiting the condensation performance at larger scales.

To address these challenges, we first analyze the multi-
scale graph condensation through the view of mutual
information(Fig.2(c)). We observe a crucial finding: a meso-
scopic scale (meso-scale) exists that balances scaling vari-
ation and condensation performance. Further, we propose
starting at a “'meso-scale’ and conducting bi-directional scal-
ing to achieve optimal results on both ends. Inspired by re-
cent research on information bottlenecks in graphs, we first
estimate the exact size of the meso-scale and first condense a
meso-scale subgraph of size, which is used to retain the max-
imum amount of valid information while minimizing the
scale. Further, we introduce the information bottleneck prin-
ciple into the optimization of bi-directional condensation to
retain more effective information during the scale-changing.
As shown in the Fig. 2(b), BIMSGC gains nearly same per-
formance to the naive re-condensation performance at the
similar time cost to the Large-to-small and Small-to-Large
paradigms. We summarize our contributions as follows:

¢ For multi-scale graph dataset condensation, we first ex-
plore the limitations of existing work and propose a novel
bi-directional multi-scale graph condensation paradigm.
For the problem of retaining valid information in scale
variation, we introduce the idea of subgraph condensa-
tion information bottleneck to minimize the scaling down
degradation and scaling up collapse problems.

Extensive experiments have demonstrated that our
BiMSGC outperforms the baselines by a large margin in
five datasets. For example, BIMSGC has 20.85 speedup
compared with the baselines on Citeseer dataset.
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2 Related Works

2.1 Graph Dataset Condensation

Graph dataset condensation (Sun et al. 2024) distills the data
of graph structures to achieve the same effect of the original
graph for graph neural network training. GCond (Jin et al.
2022) distills the graph by matching the model’s gradient at
each training step, while SFGC (Zheng et al. 2023) extends
this to match the entire training trajectory. GDEM (Liu, Bo,
and Shi 2024) offers a different perspective by eliminating
spectral domain differences between the synthetic and orig-
inal graphs through feature basis matching. On the other
hand, GCDM (Liu et al. 2022)focuses on synthesizing the fi-
nal compressed graphs by minimizing the distributional dif-
ferences in the GNN embeddings.

2.2 Information Bottleneck

The information bottleneck (IB) (Lewandowsky and Bauch
2024) originates from rate distortion theory and aims to
compress the source variable X into a compact represen-
tation Z while retaining the necessary information to pre-
dict the target variable Y. IB is used to evaluate the rate-
distortion trade-off for the source variable and is widely ap-
plied in interpretable deep learning theories to enhance ro-
bustness (Saxe et al. 2018). In parallel, graph information
bottleneck (Wu et al. 2020) has been introduced to character-
ize and manage the flow of information in graph-structured
data.

3 Problem Formulation and Analysis
3.1 Notations

Given a large graph dataset G = (X, A,Y), where X €
RNV*P denotes the number of N nodes with D-dimensional
characteristics, A € {0, 1}V denotes the adjacency ma-
trix of the graph, and Y € {0, 1, ..., C — 1}V*! denotes the
label of each node in the C classes. The purpose of graph
dataset condensation is to condense a large graph G into
a synthetic graph G’ = (X', A’,Y’) while maintaining
similar model training results, where X’ € RV XD A’ ¢
{0, 1}V >N ¥’ € {0,1,...,C—1}N"*1(N’ < N). For the
condensed graphs at different scales, we use G, G/,,, G| to
represent the small-scale, middle-scale, and large-scale con-
densed dataset respectively.

3.2 Problem Formulation

From the perspective of mutual information, the objective of
graph dataset condensation can be uniformly expressed as:

max [ (G'; H(G,Y)), (1)

where I denotes the mutual information and H(G,Y) rep-
resents the relevant information extracted from the origi-
nal graph during model training for node classification task.
Specifically, the relevant information refers to the gradients
or the trajectory of the GNN training process for gradient
matching methods, and feature distribution for distribution
matching methods.

The task of multi-scale graph dataset condensation in-
volves generating multiple condensed graphs at various
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Figure 2: (a) Three different paradigm-specific training strategies: Large-to-Small is trained by mask sampling from a large
graph to obtain a small graph. Small-to-Large is trained by considering the small graph as a subgraph expansion of the large
graph. Our method obtains meso-scale subgraphs and then trains them separately to both sides; (b) Condensation performance
on each scale (top) and time efficiency (bottom) obtained by training four different multi-scale compression strategies on Ogbn-
arxiv using GCond as a backbone method; (c) The magnitude of mutual information between the different target condensation
scales of the three paradigms and the original graph (top), as well as the magnitude of mutual information with the largest scale
condensed graph (bottom), where S-to-L represents Small-to-Large and L-to-S represents Large-to-Small.

scales, each capable of achieving the same training effec-
tiveness as the original dataset. Concerning requirements of
efficiency, recondensing the graph at every desired scale is
impractical, as it would result in significant time and space
inefficiencies. A more effective approach is to generate con-
densed graphs at different scales by selecting subsets from
the largest condensed graph. In other words, G, G/, , and
G are all subgraphs of G’. Our objective then becomes:
Lans H(G, YY) VG € Sub(G).

max I( subs

@

where G, represents a subgraph of the condensed graph
G’, Sub(G") denotes the set of all subgraphs of G'.

3.3 Problem Analysis

Understanding scaling degeneracy and collapse prob-
lems. Based on experimental observations, we identify two
key issues in multi-scale graph dataset condensation: scal-
ing down degradation and scaling up collapse. We further
analyze the primary factors contributing to these problems
using mutual information theory. Following the approach of
GMI (Peng et al. 2020)., we estimate the mutual informa-
tion I(G7,,,; G) between the sampled subgraph G7, , and
the original graph G and its mutual information I(G’,,,;; G")
with the condensed graph G’ at different scales. The results
are shown in Fig 2(c).

Large-to-Small: This method is designed to preserve
the mutual information between the large-scale subset (;
and the optimization objective, while progressively enhanc-
ing the mutual information for the small-scale subset Gi.
Since it has a very high value of I(G’,,,; G) with the orig-
inal graph, this allows it to approach the results of re-
condensation at larger scales. However, it is observed that
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the method yields very low mutual information I(G%,,,; G")
values at smaller scales, which explains the pronounced sub-
graph degradation problem in Fig2(b) at target condensation

ratio below 0.30%.

Small-to-Large: This approach begins by preserving mu-
tual information within small-scale graphs G, gradually in-
troducing new training nodes to expand the scale and incor-
porate effective mutual information into the larger graph Gj.
I(G.,,,; G') using the small-to-large method is higher than
that of the large-to-small method. It demonstrates that this
method effectively maintains a lower bound of mutual infor-
mation retention at the smallest scale. However, it does not
fully address the issue of scale discrepancy. It has the small-
est mutual information value I(G’,,;; G) among the three
condensation methods. This may be due to the introduction
of a large number of new nodes in the later stages of train-
ing, which makes the node features contain a large amount
of noisy information, thus affecting the upper limit of the
expressive power of the condensed graph. This explains why
the small-to-large method does not test as well as the other
methods after the target condensation ratio is greater than
0.35% in Fig2(b).

Fortunately, we have identified a mesoscopic-scale con-
densation graph G,, that effectively mitigates the loss of
mutual information caused by scale differences. In address-
ing the scaling down degradation problem, this approach re-
tains as much mutual information as possible while mini-
mizing scale reduction. Conversely, in the case of scaling
up collapse, it reduces the redundancy of extra information
that often accompanies scale increases, thereby maintaining
a more balanced and efficient condensation process.



4 Methodology

In this section, we elaborate the proposed BiMSGC, a
novel bi-directional and information bottleneck principle
guided multi-scale graph condensation framework. Our
work mainly consists of three parts. First of all, we present
how we use the information bottleneck principle to guide
meso-scale selection. Then, we introduce the bi-directional
multi-scale graph dataset condensation optimization method
based on information bottleneck. Finally, we combine the bi-
directional condensation framework with a concrete graph
condensation method based on eigenbasis matching. The ar-
chitecture is shown in Figure 3, and the overall process of
BiMSGC is described in Algorithm 1.

4.1 Bi-directional Multi-Scale Graph Dataset
Condensation Framework

One indispensable step of multi-scale condensation is to
generate a subgraph that best preserves mutual information
despite scale difference. We start from distilling a meso-
scale dataset, and then adjust it to target scales as needed,
minimizing the impact of excessive scale differences while
maintaining high computational efficiency.

Step 1: Information Bottleneck Guided Meso-Scale Se-
lection.

To achieve a more stable condensation performance
across multiple scales, we first distill a *'middle scale’ sub-
graph G,,, referred to as Meso-Scale subgraph. This sub-
graph captures as much valid information as possible, but
minimize redundancies and noise. Naturally, we associate
it with the subgraph information bottleneck, which aims to
compress the data from the original version while preserv-
ing key valid information. Specifically, the formulation is as
follows:

G

/
sub

I (G;ub; Y/) - BI (G/; ) ) (3)

argmax
G’ ., ESub(G”)

where (3 is a hyperparameter balancing informativeness and
compression.

It is worthy to note that this step is only a preliminary es-
timation rather than a final optimization goal. Therefore, it
can be approximated using MINE (Belghazi et al. 2018) or
GIB (Wu et al. 2020). In practice, the meso-scale is selected
by pre-setting several subgraph scales for calculation and
then comparing them. Having the meso-scale determined,
we obtain the condensed graph G, by training on this scale.
Step 2: Bi-directional Graph Condensation with IB.

After obtaining the meso-scale subgraph G/, by initial
condensation, we further train the synthesized graphs in both
directions. Specifically, we view the optimization problem
for both training processes uniformly as a variant of the
subgraph information bottleneck and call it the Subgraph
Condensation Information Bottleneck(SCIB). It takes the
following specific form:

I(

U

max sub?

H(G.Y)) - B8I (G
G’ ., ESub(G") ( ’ )) ﬁ( ;

/sub) ) (4)
Considering the difficulty to compute and optimize the
mutual information directly, VIB (Abdelaleem, Nemenman,
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and Martini 2023) optimized the objective by using a vari-
ational approach to compute the under-error session of the
information bottleneck.

To be specific, for the first part I (G”,,; H(G,Y)), we
replace P(H(G,Y)|G%,,) with a parameterized variational
approximation Q(H (G, Y)|G%,,) and infer its approximate
lower bound:

Simultaneously, for the second part I(G',G",,,), we esti-

mate it by introducing the variational approximation R for
the marginal distribution P, following common practice.
With Kullback-Leibler (KL) divergence, the mutual infor-
mation can be approximated as:

I (Gl G') < E[KL (P (G| &) 1R(
=E[f(Gou, G,

sub>
By combining these two equations together, we derive the
optimization objective Lgcrp:

G') =E[log QH(G,Y)|GLy,
— BE[f( G-

For condensation from meso-scale to smaller scales, we
consider the small-scale graphs Gj to be subgraphs of the
meso-scale graph G/, . In this case, its optimization objec-
tive would be Lscrg(G; Gb,)- Similarly, for the process of
expanding from meso-scale to large scales, we treat G, as
a subgraph of large-scale graphs, with Lscrp(GL,; G') as
the corresponding optimization. The detailed derivation is
reported in the Appendix.

Step 3: Instantiation of Multi-Scale Condensed Graph.

We instantiate the distribution () assigning importance
score to each node’s impact on the training loss function,
and then define the distribution R as a Bernoulli distribution
with parameter 6. For P (G4,5|G), we assign relevant scores
to different scales by continuously adjusting global masks.
While transitioning from meso to smaller scales, we gradu-
ally increase the global masks to reduce the training scale.
Conversely, the global masks are decreased while expanding
the training scale.

[
subs

/
sub

I

)]

!
Lscra(Gyp;

)

/
sub>s

4.2 Application on Graph Condensation

In this section, we integrate the above framework with spe-
cific techniques for graph condensation. Theoretically, our
approach can be combined with any graph condensation
method to represent H (G, Y). In order to retain more impor-
tant information, we use eigenbasis matching method, which
leverages key structural information along with gradient in-
formation.

First, we compute the Laplacian matrix L from the ad-
jacency matrix A of the original graph and decompose it
as L = UAUT = YN \uu/. We then initialize the
corresponding eigenbasis U’ = [uf, - -, u)y,] € RN XK,
where K is a hyperparameter.

For a simple GNN model, the loss function can be ex-
pressed as:
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Figure 3: An illustration of BIMSGC architecture.
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Due to the orthogonality of eigenvector matrices, the rep-
resentation space is constrained by a regularization loss:

L,=|[Ux Uk — Ik}, ©)

Generally, the optimization objective for eigenbasis
matching is:

Liotal = aLe + BLg +7L,.
where «, 3, 7y are hyperparemeters.

As for condensing multi-scale graphs, we first take the
eigenvectors corresponding to the first M eigenvalues and
distill a meso-scale subgraph utilizing the equation. After
that, we still match with the first M feature values for further
training of small-scale graphs from meso-scale ones. For go-
ing from meso to large scales, the matching is shifted to the
feature vectors corresponding to the first N’ feature values.

(10)

4.3 Complexity Analysis

First, we decompose the K largest eigenvalues of the origi-
nal image, of which the time complexity is O(K N?2). Com-
plexity of calculating the loss function (10) is O(KN'd +
Kd? + KN'?). Since the training process consists of two
phases, the time complexity of the whole process is a total of
O(2(KN'd+ Kd?+ K N'?)). However, since the first stage
training already contains some of the optimization objec-
tives for the second stage training, the corresponding train-
ing time can be reduced. The actual time complexity of our
method can be approximated as O(K N'd + Kd* + KN'?),
while re-condensation requires to train at each scale sepa-
rately. To sum up, it has a complexity of O(N'(KN'd +
Kd? + KN'?)) which is an order of magnitude higher in
complexity than our method.
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Algorithm 1: Bi-directional Condensation Algorithm

Input: Original Graph G = {X, A }; Number of training
meso-scale epochs F7; Number of training bi-directional
scale epochs FEs, the learning rate 7.
Parameter: The relevant parameters 6 about synthesized
graph G.
Output: The condensed graph G'.
Init a meso-scale G'5s using Eq (3).
fore =1to E; do
Train G using Eq (10).
Update 6,,, < 0., — nV,,.
end for
fore = 1to E5 do
Train G using Eq (10) and Eq (7);
Train G; using Eq (10) and Eq (7);
Update 6 < 0 — nVé.
end for

S Experiment
5.1 Experimental Setup

Datasets. To evaluate the performance of our BIMSGC 1
we choose five node classification benchmark graphs, in-
cluding three transductive graphs, Cora, Citeseer (Kipf and
Welling 2017), Ogbn-Arxiv (Hu et al. 2021a) and two in-
ductive graphs, Flickr and Reddit (Zeng et al. 2020).
Baselines. Based on GC-Bench (Sun et al. 2024) 2,
we select gradients-based methods: GCond (Jin et al.
2022), SGDD (Yang et al. 2023), EXGC (Fang et al.
2024); trajectory-based methods: SFGC (Zheng et al.
2023),GEOM (Zhang et al. 2024); other method:
GCDM (Liu et al. 2022), GC-SNTK (Liu et al. 2022),
GDEM (Liu, Bo, and Shi 2024).

Settings and Hyperparameters. We followed the default
values of parameters for baselines. All models were trained
and tested on a single Nvidia A800 80GB GPU. The remain-
ing details are given in the Appendix.

"https://github.com/RingBDStack/BiMSGC.
*https://github.com/RingBDStack/GC-Bench.
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Table 1: Node classification performance of different condensation methods,. (Result: average score + standard deviation. Bold:

best; Underline: runner-up. -: cuda out of memory.)

5.2 Node Classification

The node classification performance is reported in Table 1,
where we reviewed the performance of the node classifica-
tion task at different scales. For the needs of the multi-scale
graph dataset condensation task, we distilled all graphs to
the largest scale and then tested them by random sampling
the subgraph according to the target reduction rate.

First, our model demonstrates strong performance across
all scales. Notably, even with a subgraph containing just
10% of the nodes from the largest condensed graph—a sce-
nario that usually leads to a significant performance drop in
other baseline models—our method maintains nearly loss-
less training performance. This suggests that our approach
effectively mitigates challenges related to scale differences.

Second, our model not only maintains the training per-
formance at different scales, but in some cases exceeds the
performance of the original dataset. This remarkable result
can be attributed to the information bottleneck refining pro-
cess, in which we effectively retain the vast majority of
low-frequency valid information while eliminating redun-
dant data that may cause interference, which leads to im-
proved generalization ability of the model.

5.3 Cross-architecture Generalization

Next, we evaluated the ability of the model’s different scale
condensation effects to generalize across models. For mod-
eling, we used MLP (Hu et al. 2021b), SGC (Wu et al. 2019),
APPNP (Klicpera, Bojchevski, and Giinnemann 2019) and
ChebNet (He, Wei, and Wen 2022). We tested the perfor-
mance of the different compression models by sampling at
four different size scales, and their means and variances are
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presented in the Table 2. For their specific performance at
each scale, we have reported in the Appendix.

First, our approach effectively eliminates scale differ-
ences across various model architectures, achieving the best
average performance with the lowest variance, especially
on large-scale graphs like Reddit. Even with drastic scale
reductions, training performance remains consistent, prov-
ing the method’s adaptability and universal applicability for
multi-scale graph dataset condensation.

Second, when it comes to model generalization, our ap-
proach consistently achieves optimal results across various
models. This indicates that, even while preserving the multi-
scale effect, our method remains highly competitive at ev-
ery scale. It is a good illustration of the advantages of our
method in terms of generalization ability.

5.4 Ablation and Sensitivity Study

Given that our model selects the initial meso-scale for multi-
scale condensation process guided by information bottle-
neck(IB), we evaluated the necessity of IB and our model’s
sensitivity towards initial meso-scale selection. Here, we set
the scales considered by meso-scale to 0.2,0.5,0.8.

Ablation study. For the ablation study on the impact of
using IB, we set the maximum scale to 1.0% and condensed
the Citeseer dataset to various target reduction scales. Re-
sults for meso-scales of 0.2 and 0.8 are shown in Figure 4,
indicating that IB optimization effectively mitigates degra-
dation caused by scale differences. Without IB, subgraph
degradation occurs at a meso-scale of 0.8 with small com-
pression rates, and larger scales fluctuate at a meso-scale of
0.2. With IB, performance across scales stabilizes.



D Condensation Methods
ataset Models
GCond SFGC SGDD EXGC GC-SNTK GCDM GDEM GEOM ‘ Ours
GCN 5944184 4521142 540x122 595+104 5231108  59.7+61 709120 55.0x188 | 73.610.1
MLP 579465 3784181 558141 603118 5231128 50.61127 72.8450 55.0+189 | 732104
Citeseer SGC 50~6i649 40-1i14.1 55~0i10.4 59-3i1241 53~2i1540 28.2i3‘0 Mim 55~5i1842 73-4i0.1
APPNP | 52.0+19.1 3534101 56.2+16.4 553+163 38.8+139 625138 7154104 43.61153 | 73.3+0.3
ChebNet | 4734585 49.8+150 5554111 643438 60.5+106 374455 719408 5774156 | 73.2+40.2
GCN | 72.6+102 743168 723173 728183 6481123 6241116 709+23 66.8+194 | 798112
MLP 70.6+24 77.5+46 719175 Tllise 6341143 52.6490 688169 66.8+19.4 | 79.11056
Cora SGC 6491162 76.6434 T1.0191 71.01105 6544171 3381152 745106 0651193 | 797109
APPNP | 6261152 77.1+36 6984110 71.5+98 39.6+1109 6801118 66.11105 45.61148 | 799106
ChebNet | 69.1473 7574142 73.00+52 729459 67. 7492 398469 68.0190 67.00+1152 | 753408
GCN 569469 56.6494 598153 543183 3801152 597454 6l.1i07  57.0+11.1 | 631404
MLP 548459 574484 604441 540483 3794125 503437 584416 57.0+11.1 | 624408
Ogbn-Arxiv SGC 558488 56.1192 617425 532499 40.11167 581453 632101 5421112 | 602425
APPNP | 573473 548473 59.6433 552474 36.0+179 544430 0605417 53.14104 | 61.8+16
ChebNet | 50.8452 524486 51.7455 484489 229+116 392436 S574+10 5044110 | 569402
GCN | 46.840.4 441402 464419 450421 302417 353415 459428 45.7+18 | 505401
MLP 429405 41.0+06 431412 419412 254433 428414 394406 45.7+18 | 497404
Flickr SGC Mioﬁ 45.0io49 45«5i23 44-9i1A6 32'4i3.9 34.1i049 39.8i042 45.3i1_7 49-4iOA3
APPNP | 31.1139 36.0x23 418426 31.6435 21.6134 428114 315101 36.8+34 | 499101
ChebNet | 42,1117 408105 41.6110 408110 271418 41.6110 382105 425130 | 46.0.05
GCN 839177 742497 83.5+33 8274179 - 855452 874440 83.3+100 | 932103
MLP 495464 574484 503467 42.8441 - 777187 548174 8331100 | 932101
Reddit SGC 86.5+6.0 56.1492 84.0129 8334ig2 - 83.8431 865425 82441104 | 894106
APPNP | 819468 662+128 82.8471 819471 - 82.6467 T77.7+t141 817192 | 923102
ChebNet | 7234580 524486 713444 68.0+ss - 77.6+4.3 74.04133 73.6+115 | 86.7+0.8

Table 2: Generalization of different condensation methods across GNNs. (Result: average score + standard deviation. Bold:

best; Underline: runner-up. -: cuda out of memory.)
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Figure 4: Ablation study for IB with different meso-scales.

Meso-scale selection analysis. To evaluate how different
initial scales affect the performance of multi-scale conden-
sation, we calculated the average values and standard de-
viation based on the accuracy of node classification at all
scales, forming Fig.5. The results indicate that as the initial
meso-scale increases, the average performance varies by less
than 0.5%, with the lowest standard error observed at meso
scales. This suggests that initial scale influences the consis-
tency of bi-directional condensation, and our model main-
tains strong performance across all initial scales. We con-
clude that our IB-based adaptive selection of meso-scales
ensures consistent performance across multiple scales with
minimal average performance differences.
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Figure 5: Sensitivity study on meso-scale selection.

6 Conclusion

In this paper, we propose a GNN-centric Bi-directional
Multi-scale Graph Dataset Condensation framework
(BiMSGC) devised to achieve effective and efficient multi-
scale graph condensation by unifying small-to-large and
large-to-small paradigms. BIMSGC starts with generating a
meso-scale subgraph under the guidance of Informational
Bottleneck principles, and then synthesize graphs at other
scales by pruning or expanding based on the meso-scale
subgraph. Sufficient experiments were conducted to eval-
vate the performance of BiMSGC in node classification
and cross-architecture generalization tasks, with results
demonstrating the clear superiority of BIMSGC.
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