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Abstract

Most existing Graph Neural Networks (GNNs) rely
on the node-level message passing or attention
mechanisms to propagate and extract useful in-
formation. Although recent advances attempt to
move beyond purely the node-level propagation by
constructing high-level representations, these ap-
proaches are often constrained by pre-computed
substructures or unidirectional bottom-up aggrega-
tions. Consequently, high-level structural seman-
tics cannot effectively feed back to guide node rep-
resentation learning, limiting the collaborative opti-
mization between fine-grained features and macro-
scopic structural semantics. To address these lim-
itations, we propose a novel Adaptive Dual-level
Collaborative GNN (ADC-GNN) associated with
an adaptive dual-level collaborative mechanism.
We commence by introducing a set of global, learn-
able latent prototypes as high-level semantic refer-
ences, and then employ a relaxed Sinkhorn algo-
rithm to establish differentiable, non-collapsing as-
signments between nodes and prototypes. Based
on these assignments, the ADC-GNN constructs
high-level representations and enables interactions
among them. We show that the ADC-GNN can in-
ject the learned high-level information back into the
node level, forming a closed-loop, bidirectional op-
timization process. Experiments demonstrate the
superior performance of the proposed ADC-GNN
on graph classification.

1 Introduction

Graph-based machine learning methods such as Graph Neu-
ral Networks (GNNs) and Graph Transformers (GTs) have
been demonstrated as powerful tools for analyzing graph
structured data associated with complex interactions. Typi-
cal instances include molecular property prediction [Stokes
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et al., 2020; Fout et al., 2017], link prediction of phys-
ical systems [Sanchez-Gonzalez er al., 2018], social net-
work analysis [Hamilton ef al., 2017, Wu et al., 2020], etc.
Most existing methods take nodes as fundamental compu-
tational units and capture local information through itera-
tive node-wise message passing [Kipf and Welling, 2017;
Bai et al., 2023] orlong-range dependencies through pairwise
attention [Ying eral., 2021; Rampasek er al., 2022].

However, real-world graphs often exhibit higher-level
structural semantics beyond individual nodes and edges. For
instance, in molecular graphs, functional groups represent
stable and reusable chemical substructures that largely deter-
mine molecular properties; in social networks, recurring com-
munity structures convey macroscopic functionalities. Such
high-level structures can be viewed as certain forms of graph
structural patterns characterized by larger receptive fields,
stronger semantic stability, and reusability across graph in-
stances, which are difficult to explicitly and efficiently cap-
ture and exploit using node-level interactions alone.

Existing methods that incorporate high-level structural in-
formation can be roughly divided into two main categories.
The first category relies on pre-computed structural rules to
construct high-level structures [Morris et al., 2019; Gao et al.,
2022], such as manually defined substructures [Bevilacqua et
al.,2022; Ai et al., 2024] or graph partitions [He et al., 2023].
The resulting high-level structures are then encoded as high-
level representations for downstream prediction. While these
approaches enhance structural modeling to some extent, the
resulting high-level structures remain fixed once constructed
and are independent of downstream tasks and node features.
As a result, such approaches struggle to adaptively capture
optimal high-level structures relevant to the task, which in
turn limits flexibility and generalization.

The second category induces high-level structures from
node representations through learnable aggregation mecha-
nisms. These include pooling or coarsening approaches [Ying
et al., 2018; Ranjan et al., 2020; Song et al., 2024; Bai et al.,
2024], which form coarse-grained graph structures by learned
node clustering or selection, as well as methods that introduce
learnable global latent units or prototypes [Baek et al., 2021;
Vincent-Cuaz ef al., 2022], associating nodes with high-level
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representations based on similarity measures such as atten-
tion, distance metrics, or optimal transport, etc. Although
more flexible, these methods typically follow an unidirec-
tional paradigm in which high-level representations are con-
structed bottom-up from node features [Bianchi and Lachi,
2023]. In this setting, high-level structures act as compressed
summaries of node representations for pooling or readout,
rather than an independent representation level with its own
semantics that can provide global contextual information to
inform or constrain node representation learning. Conse-
quently, the interaction between fine-grained node-level rep-
resentations and high-level structural semantics remains lim-
ited, hindering effective collaborative optimization across
representation levels.

Based on the above observations, we argue that high-level
structural semantics should be modeled as an explicit and
learnable intermediate representation level that not only ag-
gregates node information but also feeds back to guide node
representation learning. This calls for a bidirectional infor-
mation flow between node-level and high-level representa-
tions, enabling adaptive construction of high-level semantics
while providing global contextual guidance to node updates.

To this end, we propose a novel Adaptive Dual-level Col-
laborative Graph Neural Network (ADC-GNN), a collabo-
rative framework that learns graph information at both the
node level and the high-level in a parallel and interactive
manner. Specifically, at the node level, the ADC-GNN em-
ploys standard message passing to preserve the sparse topol-
ogy and fine-grained structural information of the original
graph. At the high level, it introduces a set of globally
learnable latent prototypes that serve as stable semantic refer-
ences shared across graph instances. To bridge the two repre-
sentation levels, the ADC-GNN adopts a relaxed Sinkhorn
algorithm [Chizat er al., 2018] to compute dynamic soft
assignment relationships between node representations and
global prototypes. The resulting assignment matrix is used to
construct adaptive high-level representations. This optimal-
transport-based assignment mechanism provides a differen-
tiable and non-collapsing way to model node-prototype inter-
actions, enabling effective dual-level collaborative modeling.

Moreover, instead of constructing a high-level adjacency
matrix, we directly apply a self-attention encoder to model
interactions among high-level representations. Because the
number of high-level units is much smaller than the number
of nodes, this design significantly reduces computational and
storage costs while maintaining strong expressive capacity.
More importantly, after high-level interactions, the learned
assignment relationships are used to project high-level in-
formation back to node representations. Consequently, each
node integrates both local topological information and global
semantic context. These enriched node representations then
guide subsequent rounds of node-level propagation and high-
level structure construction,forming a closed-loop, bidirec-
tional optimization process between the two representation
levels. In summary, our contributions are as follows.

* We propose a dual-level collaborative graph neural net-
work framework that models high-level structures as ex-
plicit, learnable, and shared latent prototypes, establish-
ing a closed-loop interaction between node-level and

high-level representations.

* We introduce a relaxed Sinkhorn-based node-prototype
assignment mechanism to alleviate assignment collapse,
together with an efficient high-level interaction scheme,
enabling adaptive and computationally scalable dual-
level modeling in an end-to-end manner.

» Extensive experiments on multiple graph classification
datasets demonstrate that the proposed ADC-GNN con-
sistently outperforms existing methods with favorable
computational efficiency and robustness.

2 Related Works

2.1 Modeling and Utilizing High-level Structure

Extracting pre-computed substructures from the original
graph is a commom way to incorporate high-level structural
information. For instance, ESAN [Bevilacqua et al., 2022]
aggregates predefined equivariant subgraphs and Graph ViT-
Mixer [He et al., 2023] adopts the METIS algorithm to par-
tition graphs into substructures that are treated as patches for
high-level representation modeling. A more flexible class
of methods learns high-level structures directly from node
representations through pooling or coarsening mechanisms.
DiffPool [Ying er al., 2018] introduces a learnable soft as-
signment matrix to cluster nodes into coarse groups and pro-
gressively build hierarchical graph representations. Other ap-
proaches, such as GMT [Baek et al., 2021], leverages atten-
tion. mechanisms to aggregate node features into global multi-
set representations.

Remarks. Although these GNNs can effectively incorpo-
rate high-level information, they still suffer from some theo-
retical drawbacks. First, the fixed modeling approaches de-
pend on the pre-detected substructures. Therefore, they can-
not adaptively identify the optimal substructures for specific
downstream tasks. Second, the modeling process of adaptive
approaches is unstable and prone to the collapse problems,
where the learned assignment matrix degenerates into trivial
solutions [Ying et al., 2018; Bianchi er al., 2020]. More-
over, The bottom-up paradigm they follow hinders the re-
verse guidance of information interaction among these nodes,
which does not fully utilize high-level information.

2.2 Sinkhorn Algorithm and Balanced Assignment

The Sinkhorn algorithm was originally proposed to approx-
imate optimal transport solutions [Genevay et al., 2018;
Mena et al., 2018; Chizat et al., 2018]. In graph represen-
tation learning, Sinkhorn has been used to compute transport
plans as alternatives to the attention mechanisms [Chen et al.,
2020], to measure distances between graphs and templates,
also as feature descriptors [Vincent-Cuaz et al., 2022], or to
define losses for graph coarsening [Ma and Chen, 2021].

Remarks. Not for distance computation or explicit graph
matching, our approach adopts Sinkhorn as an intra-layer nor-
malization strategy. By leveraging its doubly stochastic con-
straints, Sinkhorn regularizes the node—prototype assignment
matrix and prevents collapse to a few prototypes, thereby en-
abling stable bidirectional information flow between node-
level and high-level semantic representations.
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Figure 1: Illustration of the Dual-level Collaborative Convolution (DCC) Module.

3 Definitions of the Proposed ADC-GNN

3.1 Preliminaries

Graph Notations Let G = (V,€) € G be a graph with
node set V and edge set £, where |V| = N and |€] = M. Let
A € RN*N denote the adjacency matrix of G, and X(©) ¢
RN *¢0 denote its initial node feature matrix.

High-level Structural Information High-level structural
information refers to graph patterns beyond individual nodes
and edges, such as coarse-grained groups or substructures. In
this paper, it is instantiated as learnable latent units, which
derive their representation from the set of nodes composed to
them. For a graph G at layer [,we define it as

HO@) = (s0.2). M

where S() € RN*K denotes the node-to-unit assignment
matrix, capturing the composition of high-level structures,

and Zgll) € RE*d denotes the interacted high-level repre-
sentations, capturing their content and dependencies.

3.2 Dual-level Collaborative Convolution Module

The Dual-level Collaborative Convolution (DCC) module is
the core component of ADC-GNN, designed to enable bidi-
rectional and collaborative information exchange between
fine-grained node-level representations and high-level repre-
sentations. The whole stage has three procedures exhibited by
Figure 1. First, an adaptive assignment between nodes and
a set of learnable prototypes is learned, mapping the node-
level representations and the high-level representations. Sec-
ond, high-level representations are constructed based on the
learned assignments and they can interact globally to capture
macroscopic dependencies. Third, the interacted high-level
contexts are injected back into node representations guided
by the same assignments. These are fused with node rep-
resentations obtained through node-level message passing to
produce the final result. Together, these stages form a closed-
loop collaborative update mechanism between node-level and
high-level representations.

Procedure A: Node-level to High-level Assignment

Given the input graph at the I-th layer G = (X1 A),
where X € RNV >4 denotes the node feature matrix and d is
the feature dimension. We introduce a set of prototype vec-
tors P € REX4 where K denotes the number of prototypes.
Each prototype py, is a globally learnable parameter vector,
rather than being computed from pre-defined graph rules or
obtained by node clustering algorithms. It serves as a poten-
tial high-level semantic reference that adaptively aggregates
nodes with similar attributes.

To measure the similarity between nodes and prototypes,
we first compute a scaled cosine similarity matrix M €
RN x K as

1

M, = -z 2)
€

where Z; and pj; denote the /5-normalized node feature a:z(»l)

and prototype vector pg, respectively. The value M, repre-
sents their logit score. The temperature parameter e controls
the smoothness of the assignment. As € — 0, the assignment
approaches a hard assignment, while a larger € leads to a more
uniform distribution.

Our goal is to learn an assignment matrix S € RV*X that
satisfies two requirements, i.e., a) each node should be rea-
sonably matched to its most similar prototypes; and b) as-
signment collapse should be avoided, where most nodes are
assigned to only a few prototypes, resulting in redundant or
degenerated high-level semantics. To this end, we adopt a
Sinkhorn algorithm based on log-domain iterations and in-
corporate soft load-balancing constraints to enhance numeri-
cal stability and encourage balanced prototype utilization.

Specifically, we initialize the log-assignment matrix as
H© = M. At the t-th iteration, we first perform row nor-
malization over the prototype dimension of H®) ¢ RN*K
ensuring that the assignment weights of each node across all
prototypes sum to one as follows

Hgt) — Hgt) LogSumExp; (H(t)),
— log =, explz;).

_T
iPk s

3)
where LogSumExp; (z;)
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Next, we employ a soft load-balancing constraint along the

prototype dimension. We define the current log mass of the

k-th prototype ﬂ](ct) and its target log mass /i(*) as

py) = LogSumExp, (H{)), @)
Al = LogSumEij}k(H;ig) —log K. (5)

Here, /1) corresponds to the target assignment under the as-
sumption of approximately balanced prototype masses. The
assignment matrix is then smoothly adjusted according to the
discrepancy between the current and target masses

H ™ e By 47 (00 - 1), (©)

where 7 € (0, 1] controls the strength of the load-balancing
constraint. This update does not enforce strict equality of pro-
totype masses; instead, it softly encourages balanced assign-
ments across prototypes, alleviating assignment collapse.

After T iterations, the final log-assignment matrix is
mapped back to the probability space, yielding the soft node-
to-prototype assignment matrix as

Sk = exp (HEZ) — LogSumExpj(Hg))) . @)

The resulting matrix S encodes the affinity between each
node and each prototype, thereby providing the basis for sub-
sequent high-level representation construction and node-level
context injection.

Procedure B: High-level Representation Construction
and Interaction

After obtaining the soft assignment matrix S, we construct
concrete high-level representations and conduct their global
interactions. Specifically, the initial representation of each
graph in high-level space is obtained by aggregating node fea-
tures as

Zogy =S'XW ¢ REX4, (8)

This operation can be regarded as an adaptive weighted pool-
ing scheme that compresses node-level information into K
compact high-level feature vectors.

However, the aggregated features Z,g, are isolated from
each other at this stage and lack an understanding of de-
pendencies among high-level units. Different from node-
level representations whose interactions are constrained by
the topology of the original graph, we do not explicitly con-
struct an adjacency structure among high-level units. In fact,
the adjacency relationship of these units is a dense graph that
is almost fully connected. Therefore, we can model their pair-
wise interactions directly. We employ a standard Transformer
block consisting of multi-head self-attention (MSA) and a
feed-forward network (FFN) to perform global information
exchange as follows

Zin = Zaggwina (9)
Z = MSA (LN(Zin)) + Zin, (10)
Zy, = FFN (LN(Z)) + Z, (1)

where W;,, € R?? is a learnable projection matrix and
we set d’ = d in this work. LN(-) denotes layer normaliza-
tion, MSA(-) computes semantic correlations among high-
level units and performs global aggregation, Z is an inter-
mediate representation, and FFN(-) denotes a position-wise
feed-forward network.

Each high-level unit can adaptively aggregate information
from all other units according to semantic relevance. The re-
sulting representation Z;, € R >4 encodes global contextual
information over the entire graph. Since K < N, the compu-
tational complexity of this interaction is O(K?), effectively
avoiding the prohibitive cost of node-level self-attention.

Procedure C: High-level to Node-level Context Injection
After interacting at the high level, we further inject Z;, back
into the node level as semantic context, enabling node repre-
sentations to explicitly perceive the semantics of their associ-
ated high-level structures. This process relies on the learned
soft node-prototype assignment matrix S from Section 3.2
procedure A, that is,

Xp =SZ;, € RV*4, (12)

Since S;;, measures the degree to which the i-th node is as-
sociated with the k-th prototype, it also naturally defines the
projection weights from the high-level semantic back to the
node. Asa result, X provides each node with global contex-
tual information aligned with its role.

Meanwhile, a standard node-level message passing oper-
ation is performed to capture fine-grained local information,
yielding node representations X,, € RV*? as

X, = GNN (A, X"), (13)

where GNN(-) can be instantiated by any graph neural net-
work convolution operation, such as GIN or GCN.

Considering that different nodes may rely on high-level
context to different extents, for example, structurally central
nodes may emphasize local connectivity. In contrast, bridg-
ing nodes may benefit more from global semantics. We intro-
duce a learnable gating coefficient  to dynamically regulate
the fusion ratio as below

o = U(WQ[Xn | Xn]+ bg) , (14)
Xout = Norm(X,, + a © X3), (15)

where || denotes feature concatenation, W, € R??*4 and
b, € R? are parameters of the gating network, o (-) is the Sig-
moid activation function, and © denotes element-wise multi-
plication. The fused representation X, is then used as the
input to the next convolutional layer.

Through this design, the ADC-GNN forms a complete
closed loop. Specifically, node representations firstly con-
struct globally interacted high-level structures, and the results
are then fed back to refine node representations.

3.3 Overall Architecture

In this section, we present the overall architecture of the pro-
posed ADC-GNN. As shown in Figure 2, the ADC-GNN
consists of three sequential stages, i.e., initialization, collab-
orative encoding, and graph readout.
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Figure 2: The architecture of the proposed ADC-GNN model. The assignment of a and b illustrates the configuration of prototype numbers
and possible allocations across different DCC. By adjusting the number of prototypes, we control the semantic granularity of the induced

high-level structures.

Given an input graph G with initial node features X(©),
we first map the node features into a continuous embedding
space and apply a standard GNN layer for initialization,

XM = GNN;, (X@ A). (16)

This initialization step injects basic local structural informa-
tion into node representations, providing a stable foundation
for subsequent feature based assignment and high-level se-
mantic construction.

In the second stage, we alternately stack standard node-
level GNN layers and Dual-level Collaborative Convolution
(DCC) modules. Formally, the node representation update at
the [-th layer is defined as

S (+1) _ DCC(X®, A), iflmod 2 # 0, (a7
GNN(X® A), otherwise.

Each DCC module performs bidirectional refinement be-
tween node-level and high-level representations, serving as
the core unit for dual-level collaborative evolution. The al-
ternating stacking strategy enables this collaboration to be
progressively propagated across network depth while main-
taining computational efficiency. Residual connections [He
et al., 2016] are applied at each layer to stabilize deep train-
ing. In addition, an SE layer [Hu et al., 2018] is employed
after each DCC module to recalibrate feature channels and
enhance discriminative capacity.

As the network deepens, node representations update from
both local structural information and global semantic context,
which in turn yields richer and appropriate node-prototype
assignments in subsequent DCC modules.

Finally, after L layers of collaborative encoding, the fi-
nal node representations X (%) are aggregated via global sum
pooling to obtain a graph-level representation g € R? as

N
g= SumPooling(X(L)) = Z ZBEL)7 (18)
i=1

which is then used for downstream graph classification tasks.

3.4 Complexity Analysis

We analyze the computational complexity of a single Dual-
level Collaborative Convolution (DCC) module in the ADC-
GNN. Let the input graph contain N nodes and E edges, with
K high-level prototypes and Sinkhorn iteration count 7'. At
the node level, the DCC module employs a standard GNN for
local message passing, whose time complexity scales linearly
with the number of edges as O(E), consistent with conven-
tional GNN models. In the assignment procedures, comput-
ing the similarity matrix requires O(/N K ) operations, while
T Sinkhorn iteration costs O(TNK). Since T is typically
set to a small constant (e.g., 2-3), the overall complexity of
this stage is O(NK). In the high-level interaction proce-
dures, self-attention among the K high-level units incurs a
time complexity of O(K?). Given that K < N, this de-
sign effectively avoids the quadratic complexity associated
with node-level Transformers. Combining the above com-
ponents, the overall time complexity of a single DCC module
isO(E+ NK + K?).

In terms of space complexity, the ADC-GNN adopts sparse
storage at the node level and additionally maintains the node-
prototype assignment matrix S € RY*X and the high-level
representations. The extra space complexity is therefore
O(NK + K). Consequently, the ADC-GNN introduces ex-
plicit global modeling capability while maintaining favorable
computational and memory efficiency.

4 Experiments

In this section, we conduct extensive experiments to eval-
uate the performance of ADC-GNN. Specifically, we aim
to: 1) verify its effectiveness on standard graph-classification
benchmarks from TUDataset; 2) assess its generalization
ability and long-range dependency modeling capability on
more challenging OGB and LRGB datasets; 3) analyze its
runtime efficiency; 4) perform ablation studies to justify the
necessity of each module in the ADC-GNN; 5) analyze the
performance of different assignment strategies; 6) discuss the
selection of the number of prototypes and its implications and
7) provide visualizations to qualitatively demonstrate the ef-
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Biochemical Domain

Social Domain

MUTAG PROTEINS DD IMDB-B COLLAB AR
# Graphs 188 1,113 1,178 1,000 5,000 -
# Classes 2 2 2 2 3 -
Avg. Nodes 17.93 39.06 284.32 19.77 74.49 -
GCN 69.50+1.78 73.2440.73 72.0540.55 73.2640.46 80.59+0.27 9.0
GIN 81.3941.53 71.4611.66 70.794+1.17 72.784+0.86 78.1940.63 10.6
GMT 83.44+1.33 75.0940.59 78.7240.59 73.4840.76 80.74+0.54 5.4
GSAPool-MID 79.8840.20 75.0440.42 76.704+0.56 73.0640.20 79.4440.30 8.2
DiffPool 79.2241.02 73.034+1.00 77.56+0.41 73.1440.70 78.68+0.43 8.8
ASAP 77.834+1.49 73.9240.63 76.58+1.04 72.8140.50 78.6440.50 9.8
SEP-G 85.56+1.09 76.4240.39 77.984+0.57 74.124+0.56 81.2840.15 4.0
Cluster-GT 87.114+1.37 76.484+0.86 79.15+0.63 75.104+0.84 80.4340.52 3.6
GKNN GL 85.24+2.28 75.36+1.12 - 69.90+1.44 - 7.3
ENAHPool - 77.12+0.15 79.91+0.25 74.5440.42 81.0940.51 2.3
AEGK(A) 89.1140.40 75.114+0.28 77.824+0.29 - - 4.7
UnionSNN 87.31£5.29 75.0242.50 77.0042.37 - - 6.7
ADC-GNN (Ours) 90.69+1.06 76.7840.81 80.1210.29 75.544+-0.39 82.51+0.26 1.2

Table 1: Classification accuracy (% =+ standard error) on TUDataset benchmarks. The best results are highlighted in bold. “-” indicates the

result is not reported. AR denotes Average Rank.

fectiveness of our design.

Datasets and Experimental Setups We evaluate our
method on 1) Five publicly available graph-classification
datasets from TUDataset, including three biochemica
datasets and two social interaction datasets; 2) ogbg-molhiv
from the Open Graph Benchmark (OGB) [Hu et al., 2020];
3) Peptides-func from the Long-Range Graph Benchmark
(LRGB) [Dwivedi et al., 2022b]. Basic dataset statistics are
summarized in the headers of Tables 1 and 2.

For the proposed ADC-GNN, we perform hyperparameter
tuning using a grid search strategy. Specifically, the number
of layers is selected from the range of 1 to 7. ‘The temper-
ature parameter € is searched in [0.01,0.2] with a step size
of 0.02; the number of Sinkhorn iterations ¢ is chosen from
[2, 3]; and the load-balancing relaxation coefficient 7 is tuned
in [0.05,0.1,0.2,0.3, 0.6, 0.8]: The number of high-level pro-
totypes in each DCC module is selected from [32, 16, 8] for
all datasets, and we use orthogonal initialization to ensure its
initial diversity. All experiments are conducted on NVIDIA
RTX 3090 GPUs with 24GB of RAM. The additional imple-
mentation details are available in our project repository’.

4.1 Comparisons on the TUDataset

We compare the proposed ADC-GNN with 12 graph clas-
sification methods, including 2 classic node-level message-
passing models 1) GCN [Kipf and Welling, 20171, 2)
GIN [Xu et al., 2019]; 6 models related to our proposed
method 1) GMT [Baek et al., 20211, 2) GSAPool-MID [Liu
et al., 2023], 3) DiffPool [Ying et al., 2018], 4) ASAP [Ran-
jan et al., 20201, 5) SEP-G [Wu et al., 2022], 6) Cluster-
GT [Huang et al., 2024]; and 4 the latest outstanding models

"https://github.com/Volento/ADC-GNN

ogbg-molhiv Peptides-func AR
# Graphs 41,127 15,535 -
Avg. Nodes 25.5 150.9 -
Metric AUROC 1 Avg. Precision 1 —
GraphGPS 0.7880+0.0101 0.6535+£0.0041 6.5
Graph-MIP-Mixer 0.79974+0.0102  0.6970+0.0080 3.0
GRIT 0.783540.0054 0.6988+0.0082 5.0
Subgraphormer 0.8038+0.0192 0.6415+0.0052 4.5
Graph-Mamba - 0.6739£0.0087 6.0
GIN+ 0.792840.0099  0.7059+0.0089 3.0
GatedGCN+PE+VNG 0.7910+0.0086 0.6822+0.0052 5.0
ADC-GNN (Ours) 0.7993+0.0124  0.7113+0.0025 2.0

Table 2: Results on OGB and LRGB benchmarks. Best results are
highlighted in bold. “-” indicates the result is not reported. AR
denotes Average Rank.

1) GKNN GL [Cosmo et al., 20251, 2) ENAHPool [Zhao et
al., 2025], 3) AEGK(A) [Bai et al., 2025], 4) UnionSNN [Xu
et al., 2024]. In our experiments, to ensure a fair comparison,
we perform 10-fold cross-validation and repeat each exper-
iment ten times, reporting the mean classification accuracy
along with its standard error. For datasets with node labels,
we adopt one-hot encodings of the node labels as initial node
features; for datasets without node labels, we use node de-
grees as initial features. GIN [Xu ef al., 2019] is chosen as
the node-level convolutional backbone of ADC-GNN.

Results and Analyses. The experimental results on the TU-
Dataset are reported in Table 1. As can be seen, the proposed
ADC-GNN outperforms the remaining models significantly.
Specifically, except for PROTEINS, our ADC-GNN achieved
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Method Time (s/epoch) | Params.
GIN+ 12.60 ~500k
GraphGPS 96.00 ~550k
Subgraphormer 67.82 ~300k
ADC-GNN (Ours) 30.20 ~500k

Table 3: Efficiency comparison on ogbg-molhiv.

PROTEINS DD
ADC-GNN (Full) 76.78+0.81 80.12+0.29
ADC-GNN-NoS 76.19+0.54 78.61+0.34
ADC-GNN-NoA 76.46+£0.67 77.711£0.38
ADC-GNN-NoH 75.56+0.40 76.74£0.26
IMDB-B COLLAB
ADC-GNN (Full) 75.54+0.39 82.511+0.26
ADC-GNN-NoS 75.35+0.34 82.24+0.14
ADC-GNN-NoA 75.30£0.15 81.28+0.22
ADC-GNN-NoH 75.30£0.35 81.17+£0.15

Table 4: Classification accuracy for ablation study.

the best classification performance. This validates that the
proposed architecture can yield powerful multi-scale graph
representations adaptively and is suitable for varying datasets.

4.2 Comparisons on the OGB and LRGB

We compare our ADC-GNN with a set of recent represen-
tative methods, including 1) GraphGPS [Rampdsek er al.,
2022], 2) Graph-MIP-Mixer [He er al., 2023], 3) GRIT [Ma
et al., 2023], 4) Subgraphormer [Bar-Shalom et al., 20241,
5) Graph-Mamba [Wang et al., 2024], 6) GIN+ [Luo et
al., 2025], and 7) GatedGCN+PE+VNG [Southern et al.,
2025]. Due to the characteristics of the datasets, we follow
the setup of GIN+ [Luo et al., 2025], which-adopts GINE,
an edge-aware extension of GIN [Hu er al., 2020], as the
node-level convolutional backbone and uses the concatena-
tion of atom features and Random Walk Structural Encoding
(RWSE) [Dwivedi et al., 2022al as the initial node features.
The model is constrained to approximately SOOK parameters.
We report the mean performance and standard deviation over
five different runs.

Results and Analyses. =~ As shown in Table 2, our model ex-
hibits strong competitiveness, particularly on the dataset re-
quiring long-range dependencies. This advantage stems from
our high-level mechanism, where nodes that are distant in
the original graph are compressed into high-level units and
can exchange information directly. The refined high-level
information is then injected back to the original nodes to
guide subsequent message passing, thereby naturally enhanc-
ing long-range communication.

4.3 Runtime Efficiency Comparison

Table 3 reports the runtime results on ogbg-molhiv, where all
models are evaluated on n NVIDIA A100 GPUs for fair com-
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Figure 3: Analysis of different assignment strategies.

parison. Due to the additional high-level module, our model
is slightly slower than plain GIN, but remains faster than other
transformer-based models, indicating competitive efficiency.

4.4 The Ablation Study

To investigate the contribution of each component in our
ADC-GNN, we design three ablation variants, namely the
ADC-GNN-NoS, ADC-GNN-NoA, and ADC-GNN-NoH. In
the ADC-GNN-NoS, we remove the Sinkhorn constraint and
allow potential assignment collapse. In the ADC-GNN-NoA,
we construct the high-level adjacency matrix A, = ST AS
and perform standard message passing on the high-level
graph instead of the original attention mechanism. In the
ADC-GNN-NoH, we entirely remove the high-level module.
We evaluate the full model and all variants under the same
hyperparameter settings. As shown in Table 4, removing any
component leads to performance degradation, indicating that
all designs jointly contribute to the effectiveness of our pro-
posed ADC-GNN.

4.5 The Analysis of Assignment Strategies

We further analyze the effect of the node-prototype assign-
ment strategies on the collapse problem. We replace the
assignment module in ADC-GNN with three representative
alternatives, including 1) DMoN-style collapse regulariza-
tion [Tsitsulin et al., 2023], 2) MinCut-style orthogonality
regularization [Bianchi et al., 2020], and 3) unconstrained
Softmax. For the assignment matrix S € RN*K | we de-
fine the normalized usage mass of the k-th prototype as
my = % sz\; S;x. Based on my, we use three diagnostic
metrics to measure prototype utilization,

K
1
Rempry = 22 > 1(mx < 0), (19)
k=1
K
Hproto = — »_ my log(my, + €), (20)

k=1
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# Prototypes 8 16 32 64

PROTEINS  0.7610 0.7552 0.7601  0.7561
DD 0.7924 0.7805 0.7831 0.7971
IMDB-B 0.7475 0.7440 0.7470  0.7450
COLLAB 0.8137 0.8141 0.8155 0.8130

Table 5: Sensitivity analysis to the number of prototypes.

Mmax = HllilX mg, (21)

where Rempty measures the ratio of inactive prototypes, § =
0.1/K, Hproto characterizes the overall balance of prototype
usage, and M. indicates whether the assignment mass is
overly concentrated on a small number of prototypes. An
ideal assignment mechanism should avoid empty prototypes
and excessive concentration, while maintaining sufficiently
clear node-prototype preferences.

As shown in Figure 3, unconstrained Softmax leads to
a higher empty-prototype ratio and a larger maximum pro-
totype mass, suggesting that row-wise normalization alone
is insufficient to regulate global prototype usage. DMoN
and MinCut regularization mitigate collapse to some extent,
but they may still suffer from skewed prototype usage or
overly uniform assignments during training. In contrast,
the relaxed Sinkhorn assignment maintains a lower empty-
prototype ratio, a moderate maximum prototype mass, and
stable prototype-usage entropy, while also achieving the best
classification performance. These results indicate that the re-
laxed Sinkhorn assignment provides a more reliable routing
mechanism for bidirectional information exchange and con-
tributes to the final results.

4.6 Sensitivity to the Number of Prototypes

To study the effect of high-level prototype numbers on ADC-
GNN, we varied the number of prototypes while keeping
other hyperparameters fixed. All experiments used four lay-
ers (two DCC layers) with consistent prototypes per layer.
Table 5 shows the performance. Note that the results may
differ from those reported in Table 1 due to different settings.
Our main observation is that the model is robust to the proto-
type number within a practical range, with performance vary-
ing but not dramatically. Since prototypes are learned end-
to-end, the model can adaptively redistribute semantic roles
across them. We find-that a moderate number of prototypes
strikes a good balance between performance and efficiency,
with values up to 64 sufficient for most datasets.

4.7 The Visualization Evaluation

In our visualization analysis, we focus on two aspects: 1) the
node-to-prototype assignment results in each DCC layer, to
understand how high-level units are composed of underlying
nodes; 2) the fusion patterns between high-level information
and node-level information across different layers. Figure 4
presents the visualization of a graph instance from the PRO-
TEINS dataset after 50 training epochs, with two DCC layers,
located on Layer 1 and Layer 3, respectively.

As shown in Figure 4(a), the color intensity indicates the
assignment weight of each node to the high-level prototype.
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(a) Assignments visualization. The x-axis corresponds to different
prototypes, and the y-axis corresponds to graph nodes. Left: Layer
1; Right: Layer 3
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(b) Fusion gates visualization. The x-axis denotes the learnable gat-
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ciated with each coefficient value. Left: Layer 1; Right: Layer 3

Figure 4: Visualization of the DCC module for a sample graph.

We observe that each node exhibits a relatively clear prefer-
ence toward specific prototypes, and all prototypes are effec-
tively utilized. It means assignment collapse or uniform dis-
tribution across prototypes does not happen, and the model
has learned a good correspondence relationship.

Regarding the injection of high-level information into
nodes, Figure 4(b) illustrates that different nodes rely on high-
level information to varying degrees. For this graph, the im-
portance ratio of high-level information to node information
is approximately 4:6, which suggests that node-level features
and high-level representations in our ADC-GNN collabora-
tively contribute to the final graph representation.

5 Conclusions

In this paper, we have proposed a GNN method, namely
ADC-GNN, for graph classification. By introducing learn-
able high-level prototypes and a relaxed Sinkhorn-based as-
signment mechanism, we have shown that ADC-GNN de-
rives rich high-level representations for each node and reinte-
grates them into the node-level features to generate enhanced
node representations, thereby collaboratively capturing both
global and local information across multiple levels. More-
over, the model enhances long-range information exchange
while maintaining favorable computational efficiency. Exper-
imental results demonstrate the effectiveness of ADC-GNN
for graph classification.
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