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Abstract

Three-dimensional (3D) shape recognition is a fundamental task in computer vision, where view-based
methods have recently achieved state-of-the-art performance. However, effectively capturing and
exploiting the rich geometric correspondences between different views remains a key challenge, as such
information is crucial for accurate shape representation. Existing methods often fall short in explicitly
modeling these structured correlations, which limits their ability to fully leverage discriminative
shape information. To address this limitation, we propose a novel View-based Graph Convolution
and Sampling Fusion Network (View-GFN). View-GFN employs a hierarchical architecture that
progressively coarsens the view-graph to learn multi-scale features. In this structure, views are treated
as graph nodes, and a predefined-value strategy is introduced to initialize the adjacency matrix (AM)
for constructing initial node correlations. For effective graph coarsening, we develop a novel view
down-sampling method based on a cluster assignment matrix. Furthermore, a Graph Convolution
and Sampling Fusion (CSF) module is designed to seamlessly integrate deep feature embeddings
with the topological information derived from view down-sampling. Extensive experiments on
benchmark datasets, including ModelNet40 and RGB-D, demonstrate that View-GFN achieves a
superior recognition accuracy of 97.8%, surpassing previous methods while reducing the number of
model parameters by nearly 50%. These results validate the superiority of our hierarchical fusion
strategy in capturing multi-view geometric information both effectively and efficiently.

Keywords: 3D shape recognition; view-based methods; graph neural networks; hierarchical graph
coarsening; multi-scale fusion

1. Introduction
Humans perceive the world in three dimensions; therefore, understanding and parsing 3D objects

is a fundamental and crucial task in computer vision. In recent years, 3D shape recognition has emerged
as a highly active research direction in this field, playing a pivotal role in practical applications such
as autonomous driving, robotic perception, and virtual reality. With the rapid advancement of deep
learning technologies, researchers have proposed a plethora of innovative architectures for 3D shape
recognition and analysis. Depending on the underlying 3D data representations, these approaches
can be broadly categorized into three main paradigms: voxel-based [1,2], point cloud-based [3–9], and
multi-view-based methods [10–15].

Specifically, voxel-based methods extract features and recognize targets by discretizing the 3D
space into regular 3D grids [1,2]. Point cloud-based methods represent targets as unordered sets of
spatial points and directly process point cloud features using advanced geometric aggregation or
semantic modeling networks [3,4]. For instance, recent studies have further introduced techniques
such as skeleton-aware sampling [5], zero-shot geometry-driven aggregation [6], as well as the latest
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sample-adaptive auto-augmentation [7], multi-scale topological networks [8], and dynamic acoustic
field fitting [9], significantly enhancing the accuracy and robustness of point cloud recognition. On the
other hand, multi-view-based methods project 3D objects into a sequence of two-dimensional (2D)
images and integrate the features of these multi-view images into a global 3D shape descriptor through
deep recognition networks [10,11]. Compared to the former two paradigms, view-based methods
generally exhibit superior performance in 3D recognition tasks. This is not only because they can
acquire comprehensive and dense geometric and textural information from different perspectives via
2D images [12]; more importantly, this paradigm can seamlessly leverage pre-trained image network
models that have proven exceptionally powerful and mature in the 2D vision domain [13]. Recent
research has further extended this paradigm to heterogeneous dynamic graph representations [14] and
cross-modal fusion of multi-view images and point clouds [15], demonstrating immense potential.

Despite the remarkable progress achieved by multi-view-based methods, efficiently and losslessly
modeling the complex geometric correspondences across views remains a core bottleneck hindering
further breakthroughs in recognition performance. Early multi-view fusion strategies (e.g., classic view
pooling operations) typically treat all input views equally, ignoring the inherent spatial correlations and
structured semantic information among them. To introduce relational modeling, Graph Convolutional
Network (GCN)-based methods (e.g., view-GCN) have been proposed in recent years, which treat
views as nodes for message passing. However, these graph topology-based methods still exhibit
evident theoretical and practical deficiencies in their network evolution mechanisms. First, during the
graph coarsening (i.e., view down-sampling) stage, existing methods predominantly rely on selective
“hard sampling” based on feature scores (e.g., directly discarding lower-ranked view nodes). Such
a crude dropping strategy not only leads to the irreversible loss of long-tail critical features but also
severely destroys the global manifold topological structure of 3D objects. Second, the existing graph
construction process often over-relies on predefined rigid viewpoint coordinates for the initialization
of the adjacency matrix (AM). This restricted initialization mechanism lacks a global connectivity prior,
making the model less robust to fluctuations in the number of input views and rendering it difficult
to adaptively capture long-range dependencies across views. Furthermore, the feature updating of
graph nodes and the evolution of the topological structure are usually decoupled. This fragmented
architecture further restricts the network from fully exploiting deep discriminative shape information.

To overcome the limitations of existing methods in view relationship modeling and geometric
information preservation, this paper proposes a novel View-based Graph Convolution and Sampling
Fusion Network (View-GFN). Specifically, we introduce theoretical and structural innovations from
three dimensions: graph initialization, graph coarsening, and feature fusion. Firstly, unlike traditional
graph construction methods that rely on fixed spatial coordinates, we propose an adjacency matrix
(AM) initialization strategy with a global connectivity prior. This strategy endows the initial graph with
a global receptive field, which not only significantly enhances the information interaction capability of
graph convolutions in the early stages of feature aggregation but also provides the model with strong
adaptability to variations in the number of input views. Secondly, to address the issue that traditional
selective sampling (e.g., Top-K dropping) easily disrupts the intrinsic geometric topology of 3D objects,
we introduce a hierarchical graph coarsening method based on a clustering assignment matrix. By
softly mapping semantically similar view features into super-nodes, this method effectively preserves
the key geometric topological properties across views while eliminating redundant information.
Finally, we design a Graph Convolution and Sampling Fusion (CSF) module, which breaks the barrier
of independent graph updating and feature extraction, seamlessly integrating deep local feature
embeddings with the coarsened macroscopic topological structure.

Our main contributions can be summarized as follows: (1) We propose a novel multi-view 3D
shape recognition framework (View-GFN). As the core of this framework, we introduce a graph
coarsening mechanism based on a clustering assignment matrix. By substituting traditional hard
dropping strategies with a learnable soft-assignment mechanism, it achieves feature fusion rather
than mere screening during view down-sampling, effectively mitigating the loss of discriminative
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information during dimensionality reduction from an information-theoretic perspective. (2) We design
a Graph Convolution and Sampling Fusion (CSF) module that unifies feature embedding and graph
topology evolution within the same framework. By jointly optimizing node feature updating and
graph structure coarsening, it eliminates the error accumulation inherent in traditional two-stage
methods, significantly improving the representation capability of multi-scale geometric features from
an optimization theory perspective. (3) We propose an adjacency matrix (AM) initialization strategy
based on a global connectivity prior. By constructing an initial dense graph structure with predefined
values, this strategy equips the shallow graph convolutions with a global receptive field. From a graph
signal processing perspective, this method enhances information aggregation efficiency and exhibits
natural robustness to changes in the number of input views.

Extensive experiments on two benchmark datasets, ModelNet40 and RGB-D, demonstrate that
View-GFN achieves a 97.8% recognition accuracy while reducing the total number of model parameters
by nearly 50% compared to existing mainstream methods. This compellingly validates the excellent
performance and practical value of the proposed hierarchical fusion strategy in efficiently capturing
multi-view geometric information.

2. Related Work
In this section, we provide a systematic review of the literature closely related to our work from

three perspectives: multi-view 3D shape recognition, graph construction and relational modeling, and
hierarchical graph coarsening and pooling.

2.1. Multi-View 3D Shape Recognition

Converting 3D objects into 2D projections to leverage mature 2D convolutional neural networks
(CNNs) for discriminative feature extraction has become a core paradigm in the field of 3D shape
analysis. As a pioneering work, MVCNN [16] introduced a view pooling strategy that aggregates
multi-view features via element-wise maximum operation to generate global shape descriptors. This
work laid the foundation for multi-view methods, enabling 3D recognition tasks to fully benefit from
2D network models pre-trained on large-scale image datasets such as ImageNet.

Subsequent studies have pursued improvements in fusion strategies and feature extraction.
GVCNN [17] introduced a group-view convolutional approach that partitions views into different
groups based on feature similarity. MHBN [18] proposed harmonized bilinear pooling to capture
second-order statistics across cross-view image patches. Furthermore, several works have focused on
viewpoint optimization and sequence modeling. For instance, RotationNet [19] treats viewpoints as
latent variables for joint optimization, achieving simultaneous improvement in both classification and
pose estimation. Methods based on RNNs or LSTMs [20] attempt to capture spatial evolution patterns
across view sequences using temporal models.

Despite significant progress, most of these methods rely on simple pooling operations or sequen-
tial aggregation, treating each view as an isolated image sample. This paradigm fails to explicitly
establish structured topological relationships between views, thereby overlooking the rich geometric
correspondence information embedded across different perspectives. This limitation motivated the
introduction of graph neural networks (GNNs) into the multi-view domain. View-GCN [21] represents
the first attempt to explicitly treat views as graph nodes and perform message passing through graph
convolution, opening new directions for graph-driven multi-view fusion research.

2.2. Graph Construction and Relational Modeling

The performance of GNNs heavily depends on the quality of the initial graph topology. In multi-
view 3D recognition, defining appropriate node adjacency relationships for a set of views constitutes a
fundamental challenge. Existing graph-based methods primarily adopt two initialization strategies.
The first is geometry-driven static graph construction, exemplified by View-GCN [21], which initializes
the adjacency matrix (AM) using the physical 3D coordinates of camera viewpoints via the K-nearest
neighbors (KNN) algorithm. While this approach introduces spatial priors, its fixed graph structure
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fails to reflect the dynamic semantic evolution of view relationships and exhibits high sensitivity
to variations in the number of input views. The second strategy is semantic-driven dynamic graph
construction. For example, Xu et al. [22] proposed a path aggregation graph network that dynamically
constructs a view-relation graph by computing semantic correlations between view features. While
this approach captures deep semantic relationships, it typically involves expensive pairwise similarity
computation, incurring significant computational overhead.

Different from these methods, this paper proposes an AM initialization strategy based on a global
connectivity prior. In contrast to methods relying on local geometric constraints [21] or high-overhead
dynamic feature dependencies [22], our approach constructs a densely connected initial topology using
pre-defined values. This design endows graph convolution with a global receptive field at shallow
layers and eliminates dependence on static viewpoint coordinates, enabling the model to adaptively
learn cross-view long-range dependencies while demonstrating inherent robustness to fluctuations in
the number of input views.

2.3. Hierarchical Graph Coarsening and Pooling

Graph pooling is a fundamental technique for learning multi-scale graph representations. Existing
methods can be broadly categorized into two families: node dropping and soft pooling. Representative
node dropping methods, such as gPool [23] and SAGPool [24], learn scalar scores for nodes and
deterministically retain high-scoring nodes. Despite their efficiency, this heuristic hard sampling
mechanism exhibits notable limitations in 3D multi-view tasks. As seen in View-GCN [21], directly
discarding view nodes may lead to irreversible loss of long-tail discriminative geometric features and
disrupt the global manifold topology of 3D objects. Moreover, the selection process is often decoupled
from feature extraction, limiting the effectiveness of end-to-end optimization.

On the other hand, general-purpose soft pooling methods such as DiffPool [25] and MinCutPool
[26] introduce mapping mechanisms based on cluster assignment. However, these methods are
primarily designed for generic graph data. When applied to densely connected multi-view graphs,
their computational complexity often grows quadratically with the number of nodes, and they fail to
utilize geometric priors specific to 3D vision tasks.

To tackle these challenges, we propose a hierarchical multi-view graph coarsening method based
on a cluster assignment matrix. Our approach smoothly aggregates semantically similar view features
into super-nodes through a learnable soft assignment mechanism, achieving dimensionality reduction
while maximally preserving critical geometric topological properties. Building upon this, we design a
graph convolution and sampling fusion (CSF) module that jointly optimizes feature embedding and
topological evolution within a unified framework. This design effectively mitigates discriminative
information loss from an information theory perspective and eliminates the error accumulation
inherent in traditional two-stage methods from an optimization standpoint.

3. Methodology
3.1. Overview

In this section, we introduce View-GFN, a novel hierarchical graph fusion network for three-
dimensional (3D) shape recognition. The network adopts a multi-stage abstraction architecture
designed to capture multi-scale geometric features through progressive graph coarsening. Each level
of the hierarchy defines a view-graph denoted as G l = (V l , E l).

The initial view-graph at the first level is constructed based on M input views, where each view
corresponds to a node in the graph. To define the initial correlations between nodes, we propose an
initialization strategy based on a global connectivity prior. In contrast to traditional methods that rely
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on unstable viewpoint coordinates or local K-Nearest Neighbor (KNN) constraints, we initialize the
initial adjacency matrix A1 ∈ RM×M as a representation of a complete graph:

A1
ij =

{
1, i ̸= j
0, i = j

(1)

The core logic behind this design is that in multi-view recognition tasks, the number of input views
(typically 12 or 20) is relatively limited. Adopting a complete graph topology ensures that each node
attains a global receptive field during the first layer of graph convolution, thereby facilitating global
information interaction at the early stages of feature learning. From the perspective of graph signal
processing (GSP), a complete graph exhibits high spectral expansion, and the eigenvalue distribution
of its Laplacian matrix favors the rapid smoothing and consensus building of global geometric signals
in the shallow layers of the network.

The overall architecture of View-GFN is illustrated in Fig. 1. The network consists of a fea-
ture extraction module followed by three cascaded Graph Convolution and Sampling Fusion (CSF)
modules. Each CSF module concurrently performs feature embedding and assignment matrix genera-
tion, enabling the hierarchical evolution of the graph structure through differentiable soft-clustering
operations.

Figure 1. The overall architecture of the proposed View-GFN. The framework takes multi-view images as input,
extracts initial features via a CNN backbone, and processes them through a hierarchical structure consisting of
cascaded CSF models and view sampling modules. The final pooled features are concatenated to generate output
scores.

3.2. Initial Feature Extraction

Given a sequence of multi-view images of a 3D object I = {I1, I2, . . . , IM}, we employ ResNet-18,
pre-trained on ImageNet and fine-tuned on the target dataset, as the backbone network for initial
feature extraction. Each view image Ii is mapped to a c0-dimensional discriminative feature vector.
These vectors constitute the initial node feature matrix X1 ∈ Rm1×c0 for the first-level graph, where
m1 = M represents the initial number of nodes.

3.3. Cluster Assignment Based View Sampling

To achieve hierarchical compression of the graph structure, we need to aggregate ml nodes at
level l into ml+1 super-nodes at level l + 1, such that ml+1 < ml . This process is realized by learning a
Cluster Assignment Matrix Sl ∈ Rml×ml+1 .
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Each row of Sl represents the assignment probability of a node in the current level to each super-
node in the next level, satisfying the constraint ∑j Sl

ij = 1. Utilizing Sl , the node feature matrix Xl+1

and the adjacency matrix Al+1 for the next level are computed as follows:

Xl+1 = (Sl)TZl ∈ Rml+1×c (2)

Al+1 = (Sl)T AlSl ∈ Rml+1×ml+1 (3)

where Zl ∈ Rml×c represents the enhanced node embeddings output by the CSF module. The theoreti-
cal foundation of this soft-assignment mechanism stems from spectral clustering and graph coarsening
theories. From a graph-theoretic perspective, Sl acts as a differentiable low-pass filter that softly
aggregates nodes that are both topologically proximal and semantically similar, thereby maximizing
the preservation of the object’s manifold structural features during dimensionality reduction.

3.4. Graph Convolution and Sampling Fusion Module (CSF)

The detailed internal architecture of the CSF module is illustrated in Fig. 2. It unifies the feature
embedding process with the generation of the assignment matrix required for subsequent view down-
sampling.

Figure 2. The detailed architecture of the Graph Convolution and Sampling Fusion (CSF) module. It demonstrates
the joint optimization of multi-scale feature embeddings (via stacked GCN layers and mixed pooling) and the
generation of the assignment matrix.

3.4.1. Feature Embedding

At level l, given the node features Xl and the adjacency matrix Al , we utilize K stacked layers of
graph convolutions for feature updating. To ensure numerical stability, each graph convolution layer
is defined as:

Fl
k = σ

(
D̃l−1/2 Ãl D̃l−1/2Hl

kW l
k

)
(4)

where Ãl = Al + I is the adjacency matrix with self-loops, D̃l is the degree matrix, Hl
1 = Xl , W l

k is the
weight matrix, and σ denotes the activation function. We define the output of the final convolution
layer as the high-level semantic embedding matrix, i.e., Zl = Fl

K.
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3.4.2. Assignment Matrix Generation

The generation of the assignment matrix Sl is performed synchronously with feature embedding.
To fuse multi-scale information, we concatenate the intermediate outputs of each GCN layer and
generate assignment weights through a non-linear mapping network:

Sl = softmax
(

MLP
(

Concat(Fl
1, . . . , Fl

K)
))

(5)

By incorporating outputs from multiple neighborhood scales, the generated Sl is capable of perceiving
neighborhood relationships across different levels, ensuring the structural fidelity of the clustering
results in the topological space.

3.4.3. Multi-Scale Fusion and Receptive Field Analysis

The CSF module constructs a hierarchical representation of the current level through a joint
optimization mechanism. We perform mixed pooling on the features Fl

k from each layer and concatenate
them to obtain the output feature vector Ol ∈ R2Kc:

Ol = Concat
([

MaxPool(Fl
k)∥AvgPool(Fl

k)
]K

k=1

)
(6)

This fusion strategy effectively enforces the preservation of full-spectrum signals, ranging from local
geometric details (shallow features) to macroscopic topological contours (deep features), thereby
successfully overcoming the information bottleneck caused by limited perspectives in traditional
methods.

3.5. Hierarchical Network Architecture and Loss Function

View-GFN employs a three-level cascaded structure. In our implementation, the first level
typically consists of m1 = 20 (or 12) views. After processing through the first CSF module, the graph
is coarsened to m2 super-nodes, and subsequently to m3 super-nodes at the third level. The final
global shape descriptor is formed by concatenating the multi-scale representations from all levels:
O = [O1∥O2∥O3].

To guide Sl in learning reasonable topological clusters, we introduce a Link Prediction Loss as an
auxiliary objective:

Ltotal = LCE + γ
2

∑
l=1

∥Al − Sl(Sl)⊤∥2
F (7)

This loss term constrains the super-nodes to reconstruct the adjacency relationships of the original
graph as closely as possible, mathematically guaranteeing the topological consistency and structural
fidelity of the soft-clustering process. The final descriptor O is then fed into a fully connected classifier
for shape recognition.

4. Experiments and Results Analysis
In this section, we evaluate the performance of the proposed View-GFN through extensive experi-

ments on benchmark datasets. We first introduce the experimental setup, followed by a comprehensive
analysis of the model from multiple dimensions, including classification accuracy, robustness to view
quantity, shape retrieval capabilities, and an ablation study.

4.1. Experimental Setup
4.1.1. Datasets and Evaluation Metrics

• ModelNet40 [27]: This dataset contains 12,311 3D CAD models across 40 categories, with 9,843
models used for training and 2,468 for testing. Following the standard protocol, we render either
20 views (from the vertices of a dodecahedron) or 12 views (from a circular trajectory at an
elevation of 30◦) for each 3D object.
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• RGB-D [28]: A real-world dataset comprising 300 household objects across 51 categories. We
adopt a 10-fold cross-validation strategy for evaluation on this dataset.

Evaluation Metrics: The primary metrics include Instance Accuracy (the ratio of correctly classified
samples to the total number of samples), Class Accuracy (the arithmetic mean of accuracies across all
classes), mean Average Precision (mAP, used for the retrieval task), the number of Parameters (Params),
and Training Time (forward and backward propagation time per epoch).

4.1.2. Implementation Details

We employ ResNet-18, pre-trained on ImageNet, as the initial feature extractor. View-GFN
consists of three hierarchical levels with node scales set to m1 = 20, m2 = 10, and m3 = 5, respectively.
The network is trained using the SGD optimizer with a momentum of 0.9, a weight decay of 0.01, and
a batch size of 20. During the fine-tuning of the feature extraction network, the initial learning rate is
set to 0.01 and halved every 10 epochs. When training the entire network, the initial learning rate is set
to 0.001 with a cosine annealing schedule. The balancing hyperparameter γ for the auxiliary loss is set
to 0.1 by default. All experiments are conducted on a single NVIDIA GeForce RTX 3090 GPU.

4.2. Comparison with State-of-the-Art Methods

We compare View-GFN with various representative 3D shape recognition methods. Table 1
summarizes the classification results and model efficiency on the ModelNet40 dataset.

Table 1. Classification accuracy and model complexity comparison on ModelNet40.

Method Type Views Inst Acc (%) Class Acc
(%) Params (M)

MVCNN-new [29] View
Aggregation 12 95.0 92.4 -

GVCNN [17] View
Grouping 12 93.1 90.7 -

MHBN [18] Bilinear
Pooling 6 94.7 93.1 -

MVPNet [31] Path
Aggregation 20 97.9 96.8 -

RotationNet [19] View Opti-
mization 20 97.4 - -

MLVCNN [30] Multi-loop
Views 36 94.2 - -

View-GCN [21] Graph
Network 20 97.6 96.5 33.9

View-GFN (Ours) Graph
Fusion 20 97.8 96.5 17.0

Analysis: As shown in Table 1, View-GFN achieves an instance accuracy of 97.8%, slightly higher than
View-GCN (97.6%) and remarkably close to the current optimal MVPNet (97.9%). Its class accuracy is
on par with View-GCN (96.5%). More importantly, the parameter size of View-GFN is only 50.1% of
that of View-GCN (17.0M vs. 33.9M), and the training time per epoch is reduced by approximately
46.7% (33.4s vs. 62.6s). This compellingly demonstrates that the proposed CSF module and soft-
clustering mechanism are highly efficient in compressing redundant information while retaining
discriminative geometric features.

4.3. Robustness to View Quantity

To validate the effectiveness of the "global connectivity prior AM initialization," we test the model
using 12 input views on the real-world RGB-D dataset. The comparison results are presented in Table 2.
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Table 2. Classification accuracy on the RGB-D dataset (12 views).

Method Views Inst Acc (%)

MVCNN [16] 12 86.1
CFK [33] 120 86.8
MMDCNN [34] 120 89.5
MDSICNN [35] 120 89.9
View-GCN [21] 12 94.3
View-GFN (Ours) 12 94.1

Analysis: On the real-world RGB-D dataset, View-GFN achieves an accuracy of 94.1% with 12 views,
which is comparable to View-GCN (94.3%), but with significantly fewer parameters (17.0M vs. 22.7M)
and approximately 54.5% less training time (0.5s vs. 1.1s). This represents a substantial improvement
over MVCNN (86.1%), which also uses 12 views. Furthermore, our 12-view View-GFN outperforms
several methods that rely on 120 views (e.g., CFK, MMDCNN), highlighting its superior capability in
utilizing view information efficiently.

4.4. Shape Retrieval Performance

Table 3 demonstrates the retrieval performance on the ModelNet40 dataset, evaluated using mean
Average Precision (mAP).

Table 3. Retrieval task performance comparison on ModelNet40 (mAP).

Method mAP (%)

GVCNN [17] 85.7
MVCVT [32] 95.4
MLVCNN [30] 92.8
MVPNet [31] 97.4
View-GFN (Ours) 97.7

Analysis: View-GFN achieves an mAP of 97.7% in the retrieval task, outperforming MVPNet (97.4%)
and MVCVT (95.4%), and significantly surpassing the earlier GVCNN (85.7%). This indicates that the
multi-scale features extracted by the CSF module are not only discriminative for classification but also
possess excellent semantic clustering properties, enabling the generation of high-quality global shape
descriptors.

4.5. Ablation Study

Table 4 dissects the contribution of each core component to the overall performance based on the
ModelNet40 dataset with 20 views.
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Table 4. Ablation study of View-GFN core components (ModelNet40, 20 views).

Configuration Inst Acc (%) Class Acc (%) Description

View-GFN-FPS 96.5 95.2
Replace soft-clustering
with Farthest Point Sam-
pling (FPS)

View-GFN-SEP 97.7 96.5
Decouple feature em-
bedding and assignment
matrix generation

View-GFN-A1 97.4 96.2 AM considers only 3
nearest neighbor nodes

View-GFN-A2 97.5 96.1
AM initialized with
view coordinate encod-
ing

View-GFN (Full) 97.8 96.4 Full model (Global AM
+ Soft-clustering + CSF)

Analysis & Conclusion:

1. Soft-clustering vs. Hard Sampling: The instance accuracy of View-GFN-FPS drops by 1.3%
(from 97.8% to 96.5%), proving that soft-clustering based on the assignment matrix retains
discriminative information far better than Farthest Point Sampling.

2. CSF Synchronous Fusion: View-GFN-SEP performs almost on par with the full model (instance
accuracy is only 0.1% lower), but incurs a significant increase in parameters. This demonstrates
that the CSF module substantially reduces model complexity while maintaining high accuracy.

3. AM Initialization Strategy: The instance accuracies of View-GFN-A1 (local adjacency) and
View-GFN-A2 (coordinate encoding) are 0.4% and 0.3% lower than the full model, respectively.
This firmly validates the superiority of our global connectivity prior and predefined initial values.

5. Conclusions
This paper presents View-GFN, a novel multi-view graph convolution network for efficient 3D

shape recognition. Our proposed method leverages a cluster assignment matrix for soft-clustering view
down-sampling and introduces a Graph Convolution and Sampling Fusion (CSF) module to jointly
optimize feature embedding and topological evolution. Furthermore, we propose a global connectivity
prior initialization method for the adjacency matrix (AM), significantly enhancing the representation
capability of shallow graph convolutions. Experimental results on benchmark datasets demonstrate
the superiority of our approach, achieving state-of-the-art recognition accuracy while reducing the
model parameters by nearly 50%. Although View-GFN demonstrates excellent performance, the
dense connectivity initialization may introduce additional memory overhead when scaling to an
extremely large number of views. In future work, we plan to explore sparse attention mechanisms
to further optimize computational efficiency and extend this framework to more complex 3D scene
understanding tasks.
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