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Abstract

Graph classification is a critical task in analyzing graph data,
with applications across various domains. While graph neu-
ral networks (GNNs) have achieved remarkable results, their
ability to generalize across graphs of varying scales remains a
challenge. Conventional models often perform well on large-
scale graphs but struggle with distributions that are skewed
towards small scales. Conversely, models tailored to address
scale imbalances frequently prioritize small-scale graphs, lead-
ing to diminished performance in more balanced scenarios.
To overcome these limitations, we introduce a Unbalanced-
Balanced Representation Converter (U2B), which exhibits no
explicit bias toward graph scales. U2B employs a two-step
workflow: a distillation phase to extract base features from
both node-level and graph-level representations, followed by
a refinement phase to generate biased representations for im-
proved balance. In the distillation phase, a static constraint
guides node-level adjustments, improving the representation of
nodes in small graphs. Simultaneously, a dynamic constraint in
the graph-level process mitigates biases toward features from
large graphs. To ensure harmony between the representations,
a consistency alignment loss is introduced, aligning node-level
and graph-level features to create more cohesive and balanced
graph representations. Extensive experiments with 16 base-
lines across 8 datasets demonstrate that U2B achieves SOTA
performance, boasting improvements of up to 22.19%. Addi-
tionally, we establish its strong compatibility with a range of
other models. All associated code is provided in Supplement.

1 Introduction

Graph classification is essential in graph data analysis, focus-
ing on predicting a graph’s category based on its structural
topology and node attributes (Wu et al. 2020). In recent years,
Graph Neural Networks (GNNs) have emerged as a dominant
approach for this task due to their robust message-passing
mechanisms, which effectively capture and represent hierar-
chical graph structures (Wei et al. 2023; Xie et al. 2022).

In real-world applications, graph data often exhibit com-
plex variations in scale. As shown in Figure 1(a), three com-
monly used graph classification datasets highlight these dif-
ferences. For instance, datasets like PROTEINS and PTC-MR
follow a power-law distribution, characterized by a few large
“head” graphs and numerous small “tail” graphs, forming
a long-tail pattern. In contrast, the NCI1 dataset displays a
normal distribution, lacking the long-tail characteristics.
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Figure 1: Graph-scale distribution of different datasets.
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Figure 2: Graph classification performance of GIN across dif-
ferent graph scales on PROTEINS (a) and NCI1 (b) datasets
as examples. (c) shows performance comparison between
scale imbalance-specific methods and conventional models.

The diverse scale distributions in graph datasets pose sig-
nificant challenges to the generalization capabilities of exist-
ing graph classification methods. Conventional approaches
often prioritize large-scale graphs while neglecting small-
sacle ones, resulting in poor performance on datasets with
long-tail characteristics. As illustrated in Figure 2(a) and (b),
the predictive performance of GIN varies significantly across
different graph scales in the PROTEINS and NCI1 datasets,
with further details provided in Table 4. On the other hand,
specific models designed for small-scale graphs frequently
sacrifice performance on large-sacle graphs, leading to sub-
optimal results on datasets without long-tail distributions. For
example, Figure 2(c) shows that such methods can sometimes
underperform compared to standard GIN. Consequently, the
development of a robust approach that maintains strong per-
formance across both balanced and imbalanced graph scale
distributions remains an urgent challenge.



To address these challenges, we propose the Unbalanced-
Balanced Representation Converter (U2B). The key idea be-
hind U2B is to distill scale-invariant base features, which are
then used to reconstruct biased node-level and graph-level
representations. This process creates a scale-unbiased fea-
ture space, ultimately improving performance across diverse
graph classification scenarios.

U2B features a structured approach centered on extract-
ing and reconstructing key features. The method begins by
establishing learnable compressed tokens, which are used
in a distillation process to adaptively extract fundamental
features from input samples. These features are then refined
to reconstruct representations that effectively capture the un-
derlying graph structure. At the node level, we introduce
a static balancing constraint during the distillation stage to
ensure balanced activation of the compressed tokens. This
prevents overemphasis on nodes from large graphs and en-
hances the model’s ability to recognize structural patterns in
small graphs. The resulting node representations are pooled
to generate graph representations, which form the input for
the next stage. At the graph level, we employ dynamic balanc-
ing constraints to align feature distributions across graphs of
varying scales. This fosters the creation of unbiased represen-
tations that improve prediction accuracy across both balanced
and imbalanced datasets. To further enhance the quality of
the representations, we incorporate a consistency alignment
loss, promoting compactness and semantic coherence. The
primary contributions of this work are as follows:

® To the best of our knowledge, this is the first study to
systematically address graph classification across com-
prehensive graph scale distributions, effectively handling
both balanced and imbalanced settings.

® We propose a novel approach, U2B, designed to generate
scale-unbiased graph representations through a two-stage
framework consisting of distillation and refinement. This
approach incorporates two specific constraint terms to
regulate the distillation process, ensuring the extraction
of representative fundamental features.

® We demonstrate the effectiveness and broad applicability
of U2B through comparative experiments on 8 datasets
and 16 baselines, with accuracy gains of up to 22.19%.

2 Related Work

Graph Representation Learning Graphs are fundamental
structures for modeling complex relationships. Graph rep-
resentation learning encodes graph data into vector forms
and has been proven effective in supporting various down-
stream tasks, such as graph classification (Hamilton 2020).
Early approaches mainly relied on spectral methods, such
as Laplacian operators (Noutahi et al. 2019) and random
walks (Verdier et al. 2021). The success of deep learning
in Euclidean domains has led to the emergence of graph
neural networks (GNNs). GNNs leverage a message-passing
framework that combines node features with graph topology,
enabling nodes to exchange information while preserving
both structural and content-related information. Inspired by
the success of Transformer, recent research has extended
these techniques to graphs, enabling more effective capture

of global dependencies and structural characteristics (Yun
et al. 2019; Cai and Lam 2020). However, these methods have
demonstrated suboptimal performance in graph classification
scenarios with topology-imbalanced graphs.

Imbalanced Learning for Node Classification Recent re-
search has shifted toward investigating the long-tail problem
within graph structures. For node-level imbalance learning
tasks, methods such as DR-GCN (Shi et al. 2020) alleviate
multi-class imbalance through class-conditional adversar-
ial training, GraphSMOTE (Zhao, Zhang, and Wang 2021)
performs over-sampling of minority nodes to generate new
representations, and ImGAGN (Qu et al. 2021) leverages
generative adversarial networks to simulate the attributes and
structures of tail nodes. However, these methods require fine-
grained node labels, which is fundamentally different from
graph-level imbalance learning tasks, where the focus is on
predicting a single label for the entire graph.

Imbalanced Learning for Graph Classification Graph
imbalanced classification tasks can be further subdivided
into class imbalance and topological imbalance. Methods
designed for class imbalance emphasize learning from tail
classes. For instance, GZGNN (Wang et al. 2022) and Im-
bGNN (Xu et al. 2024) achieve data augmentation by fusing
head and tail graphs. In this work, we focus on the fine-
grained phenomenon of scale imbalance, which is prevalent
in graph datasets. TopoImb (Zhao et al. 2022) mitigates struc-
tural imbalance by integrating topology-aware modeling and
instance weighting, while SOLT-GNN (Liu et al. 2022) bal-
ances learning across graphs of different sizes by identifying
co-occurring subgraph patterns. Despite these advances, such
specialized models often sacrifice performance on large-scale
graphs, leading to suboptimal results on datasets with non-
long-tail distributions.

3 Problem Formulation

Let G = {V,€, A, X} be a graph, where V is the node
set with [V| nodes, £ is the edge set, A € RIVI*IVI is the
adjacency matrix, X € R!VI*? is the node feature matrix
with d-dimension. Given a graph set G = {G1,Ga,...,Gn}
with N graphs with their corresponding label set Y =
{Y1,Ya,...,Yn}, the goal of graph-level classification task
is to learn a mapping function 7 : G — R’ to map any
graph to a low-dimensional vector & € R/. This represen-
tation is subsequently processed by a classifier to generate
the predicted label distribution, resulting in the final output
prediction for the graph sample.

4 Method
Overall Architecture of U2B

As shown in Figure 3, U2B integrates both node-level and
graph-level unbalanced-to-balanced transformers to reshape
the generated representations, ultimately producing scale-
unbiased representations. The transformer extracts funda-
mental features from unbalanced data and employs specific
strategies to constrain this process in a balanced manner, ef-
fectively mitigating learning biases. Specifically, for a batch
of input graphs, the adjacency matrices and the feature matrix
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Figure 3: Overview of U2B, including (a) Node-level Converter, (b) Graph-level Converter, (c) Consistency Alignment Loss.

are concatenated as A € RVv*Nv and X € RN»*4, where Node-level Converter. In GNN message passing, nodes
N, denotes the total number of nodes in the batch and d is the in small graphs often aggregate insufficient neighborhood
feature dimension. We stack GNN encoders (e.g., GIN (Xu information, resulting in under-informed embeddings. To mit-
et al. 2018)) to capture complex feature interactions among igate this issue, the distillation stage in U2B compresses node
nodes, thereby generating node-level representations. These representations into coarse-grained base features that capture
representations from each GNN layer are then input to the shared patterns across graphs. In the refinement stage, these
node-level unbalanced-balanced converter. The output of this features are decoded into fine-grained, node-specific repre-
converter is subsequently passed through a READOUT func- sentations, effectively restoring representational balance.

tion to aggregate node features into a graph-level representa- Specifically, given the output of [-th GNN layer X() ¢
tion H. The graph-level converter refines this representiltion, RNv*d where N, means the number of nodes in the graph
and then outputs scale-unbiased graph representation H. Fi- and d is the number of channels, the converter introduces a
nally, a classifier is employed to predict the labels. The final compact bank of node-level distilled token representations,
loss integrates the classification loss L. and the proposed which is denoted as M,,, € R*»*“. These tokens distill base
consistency loss L. features from input. And hyperparameter K is the number of

compact tokens and set to K,, < N,,.
Unbalanced-Balanced Node-Level Representation O Distillation Process. We employ the self-attention mech-

anism to compute the similarity between the distilled token

GNN:s for Representation. GNNs are a class of deep learn- ) - -
representation and node representations, enabling the model

ing models designed to operate on graph-structured data, with . . -
notable examples including GCN (Kipf and Welling 2016) to adaptively perceive their shared components as follows,

and GIN (Xu et al. 2018). A key operation in GNNss is neigh- . . D (T
borhood aggregation, where each node recursively gathers Sim(M,,, X( )) = Softmax (M"(Wq( X! )) / vV + w)

and transforms information from its neighbors to construct 2)
its own representation. Given the input in the /-th GNN layer where the generated distillation coefficient matrix is de-
X (=1 with X(© = X, it can be formally expressed as fol- noted as Att,, € REv*Nv and Wq(l) is the learnable parame-
lows: ter. ) = WP (E)' € RE-*Nv where WP € REv*3 ig the

(1) _ ~(1—1) (1-1) ~ -1 . learnable parameter and E € RN+*3 encodes the degree of
X, =X, U HAGG ({ (X“ X ) Ue N(v)}) each node, the total number of nodes in the graph to which it

belongs, and the average degree of that graph, which serves as

where Xg,l) means the representation of node v at [-th layer. an inductive bias to guide the subsequent distillation process.
And N (v) denote the set of neighbors of node v in the graph. The distillation process relies on fine-grained interactions
The function AGG (+) represents an aggregation operation between nodes and coarse-grained entities. However, it can

such as a weighted average or attention mechanism. face the challenge of “coarse collapse,” where most nodes



are assigned to only a few clusters, leaving the remaining
clusters sparsely populated or empty (Caron et al. 2018; Zeng
et al. 2023). This imbalance obstructs the effective extraction
of base patterns. Inspired by prior work (Caron et al. 2020),
we incorporate a Sinkhorn-Knopp-based static constraint to
ensure balanced access to each distilled token during the dis-
tillation process, preventing collapse and improving pattern
extraction. Specifically, the Sinkhorn-Knopp strategy begins
by establishing a constraint matrix, C € R%v>*Nv_This ma-
trix serves as a guide for the distillation process, ensuring
balanced interactions between coarse-grained tokens and fine-
grained nodes. The objective function is then formulated and
optimized as follows:

& = argmin <c, —Sim (Mn, X<l>)> —eF(C) (3)
CeT

where (-,-) denotes the Frobenius inner product between
two matrices, F () is the entropy function and F (C) =
- Zi}i’l Zsz‘l C;jlog C;;, C;; denotes the element in the i-
th row and j-th column of C. € is a hyperparameter that
controls the smoothness of the learning. Following previous
work (Asano, Rupprecht, and Vedaldi 2019), we enforce
equal partitioning by constraining the matrix C within the
transportation polytope. We propose to adapt their solution
to mini-batch data by restricting the transportation polytope
to each mini-batch:

1
Cly, = 1k, ,Cl1g, = 1n,
)
where 1x, denotes the vector of ones in dimension K.
These constraints enforce that on average each distilled token

is selected at least %’“ times. In fact, solving Equation 3 corre-

sponds to an entrop§—regularized optimal transport problem.
The work (Caron et al. 2020) demonstrates that obtaining a
continuous solution to this problem yields better performance.
Therefore, the solution C* to the optimization problem of
Equation 3 can be approximated by a soft assignment matrix
that is normalized along both rows and columns.

T= {c € RN

L
N,

C = Diag(u) exp (Sim(Mm x0) /e) Diag(v) (5)

where u and v are renormalization vectors in RXv and R™V»
respectively, and € > 0 is the entropy regularization coeffi-
cient, which controls the smoothness of the transport matrix
and it is a fixed value in our case.
@ Refinement Process. This process entails mapping the
extracted coarse-grained base representations back to fine-
grained node representations during distillation, for which
we continue to employ the attention mechanism.

Finally, the computation of the node-level converter, which
includes the distillation and refinement processes, can be
formulated as follows,

X® = Sigmoid (Wq(l)X(” (M) " /\/E) Cwix®
. ®
where Wq(l) and W{" are learnable parameters. X() ¢

RNv*d is the calibrated output representation, which will
serve as the input for the next layer X “+1)_ Finally, we stack

L layers of GNN and concatenate the outputs of each layer
to generate the final node representations:

L

X = CONCAT ({f((l)} > e RN x(Ixd) (7

=1

Unbalanced-Balanced Graph-Level Representation

Graph-level Converter. After passing through L GNN lay-
ers, the output node representations X are pooled using the
READOUT function (Sun et al. 2019) to generate the graph-
level representation H € RN9%d where N, 4 Tepresents the
number of input graphs. Despite pooling, the representations
of large-scale and small-scale graphs still differ in informa-
tion content, which may lead to biased learning in the final
model. To address this, we introduce a two-stage graph-level
converter that distills essential features at the graph level to
enhance the representations of small-sacle graphs. Analo-
gous to previous steps, the process begins by initializing the
graph-level distilled token representations M, € R¥s*,

@ Distillation Process. The graph-level distilled attention is
defined as follows,

Sim(M,, H) = Softmax (TopK (Mg (VV;’H)T JVd + ’y))
(®)
where W, is the learnable parameter. And we retain the TopK
largest attention coefficients, as the number of graphs is much
smaller than the number of nodes, making this approach more
effective for distilling the base features. The generated dis-
tillation coefficient matrix is denoted as Att, € R¥o*No,
v € REaxNs jg a dynamic constraint term designed to pre-
vent attention from being concentrated on only a few tokens.
Specifically, we first calculate the number of times each
distillation token is activated. For k-th distilled token, u;
means the number of nonzero elements in the k-th row of the
matrix Att,. To achieve balanced activation of the distillation
tokens, the expected activation frequency for each distilled
token is set to g = 1\79271;0101(. v captures the difference be-

tween 1 and u, incorporating it as an intermediate term in
the learning process. Since the discrete number of activations
is non-differentiable, the update of y is optimized subject to
the following constraints as follows,

R G N Ry,
Vg (/’[/7 :U’> - { ) Sjgn (ﬁ — 'LL) s otherwise (10)

where 7 is the learning rate, and § is smoothing threshold.
sign (-) is a function of the numerical sign. When the activa-
tion count of a particular token exceeds the expected average,
~ imposes an additional penalty on the subsequent attention
coefficients, thus maintaining the activation of other tokens.

Unlike enforcing strict balance on the distillation coef-
ficients in the node-level converter using the Sinkhorn al-
gorithm, we adopt the aforementioned dynamic constraint
strategy to adjust the attention weights in a more flexible
manner, thereby capturing the representative base patterns
in the graph structure more effectively. We conduct ablation
studies on these two constraint mechanisms in Supplement



to evaluate their performance and applicability in different
scenarios.
@ Refinement Process. Similarly, during the distillation pro-
cess, we map the extracted coarse-grained base representa-
tions back to fine-grained node representations, for which we
continue to use the TopK attention mechanism.

Finally, the calculation of the graph-level converter can be
written as,

H = Sigmoid (TOpK (quH( )TV )) Sim(M,, H)W?H
an
Then, the generated representation H is fed into a decoder
to predict the label of the graphs.

Optimizing Loss with Consistency Alignment. To gener-
ate compact graph representations, we propose a consistency
constraint optimization that aligns node-level representations
with their corresponding graph-level representations while re-
pelling the graph-level representations of non-corresponding
graphs. This loss can be formulated as follows,

0= 3 ig 2 [ [Fros (1o R)
GeG |g| Veg
+E [log (1 + efF(XV’HQ'))”

12)
where Xv € R? represents the representation of node V.
Hg and Hg denote the representation of the graph to which
node V belongs and the representation of non-corresponding
graphs, respectively. I" (+) is the Jensen-Shannon estimator
(Nowozin, Cseke, and Tomioka 2016) to express the affinity
between two representations. The final loss function inte-
grates the cross-entropy classification loss L. and the con-
sistency alignment loss L.,:

L="L+axLey (13)

where « is the loss balance factor.

S Experiment
Experiment Setup

» Datasets. We conduct graph classification experiments
on 8 real-world datasets including 6 binary-class datasets
and 2 multi-class datasets. These datasets are collected from
various domains such as chemistry, protein biology, and so-
cial networks. We summarized the statistics in Table 1. More
detailed information is provided in the Supplement.

Avg. Avg. Avg.
Dataset # Graphs #Nod Es YE dgegs # Features # Classes #Degrege
PTC-MR 344 14.29 14.69 18 2 2.06
IMDB-BINARY 1000 19.77 96.53 65 2 9.77
PROTEINS 1113 39.06 72.82 3 2 3.73
D&D 1178 284.32 715.66 89 2 5.03
NCI1 4110 29.87 32.30 37 2 2.16
REDDIT-B 2000 429.63 497.75 - 2 2.32
COLLAB 5000 74.49 2457.22 3 65.97
IMDB-MULTI 1500 13.00 65.94 3 10.14

Table 1: Statistics of the used graph classification datasets.

» Baselines. Our experiments include six categories of
baseline methods, comprising a total of 16 models. These
methods include (1) Graph kernel methods: GK (Graphlet
Kernel) (Shervashidze et al. 2009) and WL (Weisfeiler-
Lehman subtree kernel) (Shervashidze et al. 2011). (2) Clas-
sic graph neural networks: GIN (Xu et al. 2018), GINT (Luo,
Shi, and Wu 2025), GraphSAGE, and GCN. (3) Advanced
graph neural networks: DiffPool (Ying et al. 2018),CurGraph
(Wang et al. 2021a), and Mixup (Wang et al. 2021b), and
DGCNN (Zhang et al. 2018). (4) Graph contrastive learning
methods: InfoGraph (Sun et al. 2019) and GraphCL (You et al.
2020). Graph Transformer methods: GraphGPS (Rampasek
et al. 2022), Exphormer (Shirzad et al. 2023), and Graph-
Mamba (Wang et al. 2024). (5) Topology imbalance-oriented
methods: Topolmb (Zhao et al. 2022), ImnbGNN (Xu et al.
2024), and SOLT-GNN (Liu et al. 2022). In this paper, we use
a classic graph neural network GIN as the feature extractor
for our main experiments. Further details of these baselines
can be found in Supplement.

» Setting. We conduct evaluations under both scale-
imbalanced and scale-balanced scenarios, following the pro-
tocols of the latest graph imbalance learning benchmark,
IGL-Bench (Qin et al. 2024). For each dataset, the graphs
with the largest 20% scale are defined as large-scale, while
the remaining 80% are defined as small-scale. The statistics
of the processed datasets are summarized in Supplement.
We split each dataset into 10% for training, 10% for val-
idation, and 80% for testing. Subsequently, we sample to
generate scale-imbalanced data, with an imbalance ratio of
up to 12:1. Our model is implemented in PyTorch and trained
on a 40GB NVIDIA A100 GPU. We use the Adam optimizer
(Kingma 2014) with a learning rate of 0.001. All experiments
are repeated for 10 runs, each with 1000 epochs, and early
stopping is applied. For evaluation, we adopt the widely used
Macro-F1 and Micro-F1 metrics in graph classification tasks
(Wang et al. 2022). The hyperparameter 7 is set to 0.001. The
search space for the number of distilled tokens K, in the
node-level compact token bank and K, in the graph-level
distilled token bank is set to [1,128], and the Top-K selec-
tion threshold for graph-level compact tokens is searched in
the range [1, K,]. In our experiments, we use GIN as the
backbone; other model also use GIN as encoder, whenever
applicable, to ensure fair comparison.

Experimental Result Analysis

Due to space limitations, we present the experimental re-
sults for six datasets. The remaining experimental results are
provided in the Supplement.

» Scale-imbalance Graph Classification. Table 2
presents the overall performance, while Table 4 reports
the fine-grained performance on large-sacle and small-sacle
graphs. Specifically, GIN and most graph kernel methods
perform the worst on scale-imbalanced datasets, exposing
their limitations. Graph pooling methods (e.g., DGCNN and
DiffPool) achieve better performance than GIN in classifying
small-sacle graphs. GIN™ incorporates techniques such as
edge feature aggregation and residual connections, resulting
in significantly improved accuracy. Graph Transformer (GTs)



PROTEINS NCI1 PTC-MR REDDIT-B COLLAB IMDB-MULTI

Model Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1
GK 55.4149.30 60.77+1.64 63.1940.76 63.33410.57 36.84.1750 51.564550 | 68.4811296 | 7T1.74110.46 | 28.5617.97 32.2447.95 27.0946.82 33.68.3.02
WL 58.6242.24 | 59.894205 | 44.20110.87 | 53.631a07 | 35.694s32 | 50.244907 | 65.294437 | 66.331561 | 14.9546.20 | 30.80415.87 | 16.6010.20 | 33.1640.53
GIN 53484203 | 58.0014.19 | 61.604220 | 61.841999 | 34.564632 | 48.411707 | 66.604227 | 67.4lin03 | 62.831141 | 64104153 | 20.801491 | 34.731016
CurGraph 41894697 | 62.131105 | 63244208 | 59.781137 | 35764813 | 43.444346 | 64.334235 | 65.751400 | 24.114085 | 56.654011 | 16.501031 | 32.8911.25
Mixup 63.36£6.28 | 65.571433 | 49.49116.16 | 57.81i7ss | 32554575 | 45.171724 | 63.6d40.12 | 67.991007 | 21.584550 | 49.6611478 | 16.6710.20 | 33.1710.62
DGCNN 66.56£9. 31 71.4341.73 60.3949.53 61.7441 40 41.3049.49 46.8416.01 | 584711277 | 63.571767 | 34.98417.03 | 472911560 | 32.2146.97 37.6210 62
DiffPool 68.38.£4.20 72.0513.61 66.9741 83 67.3941 66 49.0244.57 50.5614.86 63.4716.47 63.7546.38 49.85+7.01 50.96.17 55 28.55.16.83 36.3612.96
InfoGraph 55.3143.30 60.68.+3.52 62.2541 53 62.69.12.01 44.6815.14 48.3314.091 69.56+3 46 69.63.+4.08 63.28 11,68 66.20.+1.33 33.36+1.60 36.4241.10
GraphCL 57.6245 50 61.9143.84 63.62.45 43 64.0144.75 41.8246.67 49.7515.95 67.2517.92 68.3146.36 61.5814.16 59.88.£4.01 30.394953 33.9041 57
GraphGPS 65.54.£4.20 69.26 19 45 62.96.13 51 64.0242 40 44.14 1686 49.97 16,71 66.1614.19 68.4215 30 24114874 56.65.19.81 16.8710.53 33.4910.62
Exphormer 64.0149.18 67.33 1078 65.1613.19 65.2317.31 46.4515.30 50.66£4.56 | 66.4811459 | 67.8117.45 21.03+47.80 | 36.71415.27 | 25.5245.03 33.60+2.70
Graph-Mamba | 68.46.3.01 72.0943.16 64.09+2 .82 64.6312.14 42.2715.86 50.6946.99 | 64.8111247 | 67.0618.99 13.644597 | 273741482 | 17.6313.07 33.2140.52
GIN* 59.9913 50 60.933. 65 65.77 1250 65.90£2.76 43.8647.23 49.1345.15 69.0241 05 69.1941 10 67.2011 99 69.13 4913 33.53410.45 38.5410.61
TopoImb 43.82411.74 | 57.07113.48 | 63.5741.69 64.1741 33 52.29.19 09 52.614218 67.6613 93 69.29.43 47 66.33+1.38 68.27 11 69 32.7545.19 40.5049.97
IMbGNN | 66.871050 | 67.071075 | 61744180 | 61.924110 | 43981846 | 52941460 | 64555688 | 66491656 | 49231101 | 50.224182 | 22211400 | 33.1811.00
SOLT-GNN 69.343.05 71.3843.34 60.1419 35 60.58 £2.04 40.7043.97 51.7445 25 56.69+5 70 58.6219 02 62.46 14 50 65.0545 77 34.2541071 39.5812.00
Ours 83141208 83.42.215 80.23.377 80.36.270 54471045 56.081191 72621403 73941309 75571276 80451220 41.85.228 45.0517149

Table 2: Performance comparison on scale-imbalance datasets. The
results are underlined. We report the average and standard deviation

best results are highlighted in bold, while the second-best
over 10 runs.

PROTEINS NCI1 PTC-MR REDDIT-B COLLAB IMDB-MULTI

Model Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1
GK 56.7016.67 59.68.19.07 59.37+6.99 62.66.13.74 43.9143.41 46.8815.01 66.6015 53 67.9414.67 59.2040.83 61.0741.10 23.2014.21 34.86.41 .47
WL 60.4311.40 | 64424079 | 54154771 | 57.014536 | 46.6014.02 | 47.784599 | 64.1245391 | 065.294417 | 14.764731 | 31.1041890 | 16.7040.24 | 33.424065
GIN 59.67+1.87 63.58.+1.76 61.89.45.08 63.3043.19 48.2643.11 52174436 66.1441.90 674141032 58.4541 80 64.341355 35.9145.03 44.9243 66
CurGraph 42.251655 60.22.16. 54 52.3241 43 52.8811 62 49.7041 43 51.0441 65 62.734358 64.594.18 26.7849.12 58.65.43.31 16.5540.15 33.03+0.39
Mixup 56.60+£0.60 | 62.231038 | 42.42113.88 | 54.09+6.08 | 44.434288 | 46.251406 | 654041014 | 67.01111.60 | 24.4846.47 | 56.65+17.05 | 16.6410.23 | 33.29+0.60
DGCNN 58.59413.15 | 62271995 | 46.2141000 | 53.7716.01 45.1545.81 49.6215.19 46.0818.71 46.901809 | 43.7411070 | 50.271737 22.124 483 33.5241 07
DiffPool 55.6543 38 56.9019.79 65.0141.97 T7.7141.36 46.9414.03 47921332 | 56.48+13.94 | 61.7940955 28.3246.52 28.5046.07 29.29.43 29 35.4149.89
InfoGraph 61184002 | 64.274058 | 63.444442 | 64.694410 | 47194373 | 51.074284 | T1.3li594 | 72221673 | 60.031426 | 63.751a82 | 37221635 | 41.8317.01
GraphCL 63.7243.03 | 65.084429 | 65.084527 | 66.821519 | 48.571423 | 52.904465 | 70.484428 | T1.754535 | 58.4T47ss | 62.824638 | 36.984516 | 40.81li6.4s
GraphGPS 65.9549 46 66.96.+3 23 63.204£0.94 63.46.10.81 49.8142.95 50.07+2.88 66.4243 .01 67.9544.17 13.1848.47 | 28.13492.00 | 16.9040.20 33.9540.53
Exphormer | 51771030 | 54.7310m2 | 4917480 | 54771345 | 44.994300 | 45971060 | 56.981623 | 57.255624 | 15061485 | 20750544 | 21.1044ss | 33.031103
Graph-Mamba | 60.16+2.54 | 60.88+220 | 64.4941.92 | 64.7041.70 | 47.854322 | 48.194201 | 674511088 | 68.181578 | 28.65417.81 | 31.961+16.16 | 16.6110.20 | 33.164+0.53
GIN* 55.2344.02 | 56.32+4.06 | 66.2741.20 | 66.3341.14 | 50.204344 | 52.124497 | 65.031364 | 66.081380 | 58.38+137 | 59.7511.44 | 40.944974 | 45.931286
TopoImb 59.9444.32 61.1944.61 62.4110.66 62.46.10.66 48.8312.90 49.7141 .98 69.1543 83 69.47 4370 60.9149.15 62.7149.42 39.0942.72 45.2541 64
ImbGNN 62.41 11137 | 64.334465 | 62.014094 | 62.0940.99 | 48.724400 | 50.334326 | 54474062 | 584Tig74 | 53424074 | 55231101 | 25974555 | 37244255
SOLT-GNN 64.60+4.66 | 65.56+4.83 | 58.75x0.73 | 59.59+0.77 | 43.63+1161 | 47.544433 | 49174676 | 49572678 | 59.761181 | 61.7942.00 | 37594324 | 40.431327
Ours 73361271 75921130 T72.78:150 73451212 52.28:185 53.301156 75.634202 75.69i256 63.54:081 78.031126 46461205 48.04.: 58

Table 3: Performance comparison on scale-balance datasets. The best results are highlighted in bold, while the second-best
results are underlined. We report the average and standard deviation over 10 runs.

models (such as GraphGPS, Exphormer, and Graph-Mamba)
further enhance GIN with global attention mechanisms, thus
alleviating the small-sacle graph issue. Counterintuitively,
topology-specific models do not achieve dominant perfor-
mance. For instance, Topolmb and ImbGNN improve graph
representations through topology-aware modeling and en-
hanced G2G, respectively. Furthermore, we report the per-
formance on large-scale and small-scale graphs in Table 4.
It can be observed that these topology-imbalance methods
fail to achieve the expected results on small-scale graphs,
and their performance on large-scale graphs is generally infe-
rior to that on small-scale graphs. In contrast, U2B achieves
dominating performance by balancing learning at both the
node and graph levels and integrating consistency loss, with
performance improvements of up to 22.19%.

» Scale-balance Graph Classification. As shown in Table
3, in scale-balanced scenarios, models designed for topology-
imbalanced learning perform suboptimally compared with
conventional models such as GIN, indicating that their strate-
gies may be ineffective in this setting. Graph contrastive
learning methods, such as InfoGraph and GraphCL, improve

performance through mutual information consistency and
graph augmentation. Although CurGraph leverages curricu-
lum learning, it exhibits instability on certain datasets. GIN™
integrates techniques like residual connections and positional
encodings, outperforming most baselines. Graph Transformer
models excel on binary classification tasks, but their perfor-
mance is less impressive on balanced multi-class datasets. In
this scenario, U2B still achieves competitive accuracy, as it
effectively extracts base features that aid the model in classi-
fication. Compared with the strongest baseline, our method
achieves performance improvements of up to 21.28%.

Scalability Analysis of U2B

To demonstrate the scalability of U2B, we further evaluated
it in scale-imbalanced scenarios by employing different GNN
variants and Graph Transformers as backbone. The results (as
shown in Table 5) indicate that all backbone variants achieved
significant performance improvements when integrated with
U2B. These findings validate the strong scalability of our
approach, which can substantially enhance the performance
of conventional graph classification models.



PROTEINS NC1 IMDB-MULTI
Small-scale  Large-scale ~ Small-scale  Large-scale  Small-scale  Large-scale

GIN 56121315 | 64.281552 | 58391312 | 70.881601 | 32191441 | 33.9815.06
CurGraph | 54.70400 | 78.624095 | 51.204454 | 68.07s65 | 31284007 | 38.064511
DGCNN 66.2842.25 | 81.9610.63 | 56.854178 78.7540.12 | 37484319 | 38101484
DiffPool 68.674+3.40 | 83.6516.20 | 65931999 72461642 | 32.3516.97
InfoGraph | 58424047 | 65101310 | 60765520 | 70.641517 | 34.224061
GraphCL 60.0012 25 61.334467 | 74754502 | 31.244594
GraphGPS | 66.0210 55 62.81 477 | 68.181761 | 34.144;10
5¢

Model

Exphormer 65.4249 84 63.96412.87 | 68.8319.48 33.5943.45 33.67
Graph-Mamba | 68.2643.61 63.49.3 60 68.6046.11 30.4543.19 34.0741 08
GIN+ 60.32+3.19 65.9219314 | 65.784g00 | 35.99:0.65 | 45.03+1.97

TopoImb 55.3646.68 | 62.87436.75 | 61.7241.24 | 72.924157 | 38.404056 | 47.6242.74
ImbGNN 68.301088 | 63.231307 | 58.68+186 | 70.89+156 | 32.7616.13 | 34.071733
SOLT-GNN 67.341357 | 83.881364 | 58.5211.01 | 68.7717.06 | 36.641139 | 42.241076

Ours 82341192 86.31li26s8 79.68i230 81.42i505 43.48:181 45.544015

Table 4: Micro-F1 Performance comparison on Scale-
imbalance datasets.

PROTEINS NCIl IMDB-MULTI

Method Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1

GIN 53481903 | 58.00£419 | 61.60+920 | 61.841299 | 20.80+401 | 34.731216
GIN + U2B 83.144208 | 83.421215 | 80.23:377 80.36:270 41.85:228 45.05171.49
GCN 51.2941.10 57.0245.02 60.3941.21 ‘ 60.4841.17 ‘ 20.47 4413 ‘ 32.9341.35
GCN + U2B 74.651249 | 76.44 261 | T4.72:680 74731187 35361273 40.25.; 03
GraphSAGE 52.9541.10 59.1841.17 61245066 | 61.6310.74 | 19.031210 | 31424112
GraphSAGE + U2B  78.434;¢67 | 78461133 | 751951443 75825438 384.29:310 39.46.238
Exphormer 64012215 | 67.33207s | 65161319 | 65.234731 | 25.524503 | 33.6042.70
Exphormer + U2B 80.214342 | 80.28:202 | 78481219 78.61:320 39.61i206 43.25:281
GraphMamba 68.46:301 | 72.09:316 | 64.091280 | 64.631004 | 17.631307 | 3321052
GraphMamba + U2B  86.711304 | 86.931415 | 82.29:247 8245.354 32.07:562 38.821497

Table 5: Scale-imbalance graph classification performance
with other models as backbone.

Ablation Study

To evaluate the contribution of each component in U2B, we
create six variants: @ w/o NC means that the Node-level
Converter is removed; ® w/o GC means that the Graph-level
Converter is removed; ® w/o Sink means that the a Sinkhorn
Knopp-based static Constraint in the Node-level Converter is
removed; @ w/o Dyna means that the Dyanmic Constraint in
the Graph-level Converter is removed; & w/o ConA means
that the Consistency Alignment Loss between graph repre-
sentation and node representations is removed.

From Figure 4, all variants perform worse than U2B. The
w/o NC variant has the lowest accuracy on PROTEINS datat-
set, showing that the node-level Converter improves small-
scale graph expressiveness by capturing key node patterns.
The w/o GC variant also underperforms, highlighting the
effectiveness of graph-level Converter in enriching graph rep-
resentations. Additionally, the constraint regularization terms
(w/o Sink and w/o ConA) are crucial for balancing graphs of
different scales.
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Figure 4: Ablation Experiments on Scale-imbalance datasets.

Parameters Sensitivity Analysis

We evaluate the sensitivity of two key hyperparameters in
the U2B framework : @ the number of node-level distilled
tokens K, and @ the number of graph-level distilled tokens
K. Specifically, using four datasets under scale-imbalance
scenario, Figure 5 illustrate the performance impact of The
optimal range for K, and K, is between [16, 64]. When the
number of tokens is too large, the model may struggle to
focus on extracting representative base features.
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Figure 5: Impact of K, and K, on Scale-imbalance datasets.

Visualization of graph representations

As shown in Figure 6, we further visualized the final
graph representations used for classification, using the scale-
imbalanced NCI1 dataset as an example to analyze the quality
of the representations. The initial GIN representations were
disorganized. As we gradually incorporated node-level and
graph-level Converters into GIN, the graph representations
become highly discriminative. This demonstrates that U2B
can effectively balance graph representations of different
scales and enhance performance.

$ i
Yoo &,‘3’.
D e
(a) GIN (b) + Node-level Converter  (c) + Graph-level Converter

Figure 6: Representation visualization on NCI1 dataset.

6 Conclusion

In this paper, we develop U2B to tackle the challenges posed
by comprehensive scale distribution scenarios in graph classi-
fication. U2B employs a novel distillation-refinement frame-
work to extract fundamental features at both the node and
graph levels. By introducing static constraints at the node-
level converter and dynamic constraints at the graph-level
converter, U2B reduces bias toward large-scale graphs while
maintaining performance on samll-scale graphs. Finally, we
introduce a consistency alignment loss to further enhance
the coherence between node-level and graph-level represen-
tations. Extensive experiments conducted on 8 benchmark
datasets and 16 baselines demonstrate that U2B achieves
optimal accuracy, with improvements of up to 22.19%.
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ing the experiments is included in a code appendix
(yes/partial/no) yes

All source code required for conducting and analyz-
ing the experiments will be made publicly available
upon publication of the paper with a license that al-
lows free usage for research purposes (yes/partial/no)
yes

All source code implementing new methods have
comments detailing the implementation, with refer-
ences to the paper where each step comes from (yes/-
partial/no) yes

If an algorithm depends on randomness, then the
method used for setting seeds is described in a way
sufficient to allow replication of results (yes/par-
tial/no/NA) yes

This paper specifies the computing infrastructure used
for running experiments (hardware and software), in-
cluding GPU/CPU models; amount of memory; oper-
ating system; names and versions of relevant software
libraries and frameworks (yes/partial/no) yes

This paper formally describes evaluation metrics used
and explains the motivation for choosing these met-
rics (yes/partial/no) yes

This paper states the number of algorithm runs used
to compute each reported result (yes/no) yes

Analysis of experiments goes beyond single-
dimensional summaries of performance (e.g., aver-

age; median) to include measures of variation, con-
fidence, or other distributional information (yes/no)
yes

4.12. The significance of any improvement or decrease in

performance is judged using appropriate statistical
tests (e.g., Wilcoxon signed-rank) (yes/partial/no) yes

4.13. This paper lists all final (hyper-)parameters used

for each model/algorithm in the paper’s experiments
(yes/partial/no/NA) yes



