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Multi-view 3D shape classification paradigms: 

(a) Parametric softmax can be interpreted as a learnable prototype-based approach, 

where class- and view-coupled prototypes are learned in a fully parametric manner. 

(b) Non-parametric prototype learning directly identifies subcluster centers of 

embedded features as prototypes, enabling per-view predictions through nonparametric 

nearest prototype retrieval.

Problem: Multi-view 3D classification excels in 

coarse-grained tasks but struggles with fine-grained 

recognition. 

Challenges:

·Local fine-grained inter-class discrepancies

·Severe subclass-imbalance

·Weak interpretability of visual relationships

Innovation:

First prototype-based framework for fine-grained 

3D classification.

Paradigm Shift:

From parametric softmax to non-parametric 

prototype-based classification. 

Datasets: FG3D (fine-grained) & ModelNet40 (coarse-grained)

Baselines: CNN-based (MVCNN-new, GVCNN, SMVCNN)

& ViT-based (DAN, VSFormer) SOTA methods

Metrics: Dual evaluation with Average Instance Accuracy (AIA) & 

Average Class Accuracy (ACA)

Key Results: Comprehensive performance improvements in accuracy 

and efficiency

We analyze the interpretability of Proto-FG3D from 

both global and local perspectives. 

The interpretable class prototypes are used to capture 

global 3D fine-grained shape characteristics, while 

the view-level class activation maps (CAMs) reveal 

local detail features

Table 2 showcases representative prototypes selected 

from Airplane, Car, and Chair. For each dataset, 

including the top-3 prototypes from both majority and 

minority subclasses for each dataset. 

The selected representative prototypes demonstrate

significant diversity in both visual appearance and 

viewpoint variations, while maintaining clear 

discriminative patterns across subclasses in each dataset. 

Notably, the framework consistently extracts 

semantically meaningful prototypes even for minority 

subclasses, demonstrating its robustness in addressing 

class imbalance challenges common in fine-grained 3D 

recognition tasks. 

We also measure the similarity scores between input test 

samples and their assigned prototypes during inference. 

The top matched prototypes consistently achieve high 

similarity values across both majority and minority 

classes, confirming robust alignment between the 

learned prototype representations and the feature 

distributions of test instances.

View-Level CAMs. Table 3 demonstrates the 

explainability of FG3D predictions, revealing

local interpretability through CAM visualization. 

For each input sample, we present:

 (i)the top-5 representative views with activation maps, 

selected by view-prototype similarity

scoring, and (ii) their corresponding prototypical parts. 

We observe that for majority classes such as Airliner 

and Helicopter, the selected views consistently 

capture key structural features (e.g., wing assemblies 

and rotor systems), highlighting the model’s precise 

localization of discriminative class-specific regions.

In this paper, we proposed Proto-FG3D, the first 

prototype-based framework for fine-grained 3D 

shape classification. Departing from conventional 

softmax-based classifiers, Proto-FG3D employs 

prototype learning to simultaneously: (i) enhance 

inter-subcategory discrimination through online 

clustering that dynamically updates view-specific 

prototype representations, (ii) mitigate class 

imbalance via adaptive prototype allocation, and 

(iii) provide built-in interpretability through 

visualizable prototypes. Experimental results on 

both FG3D (fine-grained) and ModelNet40 

(standard) benchmarks demonstrate that Proto-

FG3D achieves state-of-the-art classification 

accuracy while providing comprehensive 

interpretability through global prototype 

visualization and local view-activation mapping.

Overall Architecture

Three-stage prototype learning framework:

·Shared encoder extracts feature embeddings

·Dynamic prototype pool     with      trainable prototypes per class

·Joint optimization via optimal transport and metric learning

Prototype Association

Prototype Initialization:

·Cluster multi-view representations into class-specific 

sub-centroids. 

· stored in dynamic prototype pool. 

Prototype Assignment via Optimal Transport:

Find assignment matrix                           that maximizes:

Constraints:

Entropy Regularization:

Solution via Sinkhorn-Knopp:

Online Prototype Update

Exponential Moving Average (EMA) Updating:

Momentum Scheduling:

Feature Aggregation:

Prototype-based Supervised Learning

Intra-class Alignment:

Cross-entropy Loss:

Inter-prototype Contrastive Learning:

Total Loss:

Prototype-based Inference

Nearest-Prototype Classification:

Key Advantages:

•Transparent case-based reasoning

•Built-in interpretability via prototype visualization

•Robust to class imbalance through balanced clustering

Implementation Parameters:

•Prototypes per class: 

•Temperature: 

•Loss weight: 

•Initial momentum:
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