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Motivation 
Detailed 3D meshes can model complex details but put a strain 
on storage and transmission. Coarse 3D meshes are favored for 
efficient storage and quick transmission but struggle to accurately 
represent fine geometric details. To tackle this trade-off, a 
practical solution is to store and transmit a coarse mesh and then 
utilize a refinement method at the user end to restore the details. 
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Motivation 
Subdivision is a widely used technique for mesh refinement. 
Classic methods rely on fixed manually-defined weighting rules 
and struggle to generate a finer mesh with appropriate details, 
while advanced neural subdivision methods achieve data-driven 
nonlinear subdivision but lack robustness, suffering from limited 
subdivision levels and artifacts on novel shapes. 

Existing subdivision methods 
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Main idea 
1. To address these issues, we introduce a neural mesh refinement 
(NMR) method that uses the geometric structural priors learned 
from fine meshes to adaptively refine coarse meshes through 
subdivision, resulting in refined meshes with more reasonable 
details and exhibiting robust generalization.  

2. Our key insight is that it is necessary to disentangle the 
network from non-structural information such as scale, rotation, 
and translation, enabling the network to focus on learning and 
applying the structural priors of local patches for adaptive 
refinement. For this purpose, we propose an intrinsic structure 
descriptor and a locally adaptive neural filter. 
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Overview 

Neural mesh refinement (NMR) performs data-driven nonlinear refinement and 
demonstrates robust generalization to unseen shapes, poses, and non-isometric 
deformation. It can also refine coarse non-organic shapes into finer ones with 
appropriate geometric details, even when trained on organic shapes. 
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Method 
NMR processes a coarse triangle mesh (gray) to produce a 
sequence of subdivided meshes (blue) with varying levels of details. 
During training, we minimize the Charbonnier loss between the 
ground truth (green) and the output meshes (blue) across levels. 
Our training data comprise pairs of coarse and fine meshes (left) 
with a bijective map between each pair. Each refinement involves 
the processing of three modules: (1) midpoint subdivision;  
(2) intrinsic structure descriptor; (3) neural filter. 

Refinement pipeline of NMR 

Front In
form Technol Electro

n Eng



Method 
1. Midpoint subdivision: The original face is subdivided into four 
faces by inserting new vertices at the midpoint of each edge and 
connecting new vertices through new edges. 

2. Intrinsic structure descriptor: For newly inserted vertices, an 
intrinsic structure descriptor is created by normalizing their one-
ring neighborhood. This normalization makes the features 
invariant to scale, rotation, and translation, allowing the network 
to focus on extracting structural priors. 

 
 

Midpoint subdivision and intrinsic structure descriptor 
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Method 
3. Neural filter: This filter predicts offsets for the new vertices to 
update their positions. It consists of: 

 edge feature embedding: capture features from the outgoing 
edges of the central vertex; 

 graph attention aggregation: aggregate edge features to the 
central vertex using a graph attention mechanism, adaptively 
emphasizing relevant local structures; 

 vertex repositioning: predict residual from the central vertex 
feature to refine its position. 

Architecture of the neural filter 
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Major results 

NMR does not suffer from the inherent limitations of existing methods, such as volume shrinkage 
and over-smoothing (Loop), amplification of tessellation artifacts (modified butterfly), or shape 
damage (neural subdivision). Moreover, it outperforms neural subdivision in generalization 
across non-isometric deformations, unseen shapes, and unseen refinement levels. 

Front In
form Technol Electro

n Eng



Major results 
NMR outperforms all baseline methods on the TOSCA dataset and exhibits 
significant advantages across all evaluation metrics. 

NMR produces finer meshes closer to the ground truth, successfully addressing issues 
encountered in other methods, such as over-smoothing, volume shrinkage, and artifacts. 
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Major results 
NMR outperforms all baseline methods on the Thingi10K dataset and exhibits 
significant advantages across all evaluation metrics. 

Classical methods 
encounter issues of 
volume shrinkage and 
amplification of 
tessellation artifacts. 
Neural subdivision 
disrupts the mesh shape. 
In contrast, our method 
robustly preserves the 
original shape. 
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Applications 
We mimic the modeling scenario by applying isometric 
deformations to the coarse cage (gray), resulting in various poses. 
NMR can generalize to refining unseen poses (blue). 
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Applications 
We mimic the modeling scenario by applying non-isometric 
deformations to the coarse cage (gray). NMR generalizes well to 
unseen non-isometric deformations compared to neural 
subdivision. 
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Applications 
Even when trained on a single shape (green fish), NMR can 
generalize to refining unseen shapes and outperform neural 
subdivision. 
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Applications 
Even when the test refinement level exceeds the training 
level, NMR can still output a reasonably smooth surface, while 
neural subdivision cannot. 
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Applications 
When trained on a single shape, NMR exhibits style transfer 
characteristics. Using different shapes in training leads to stylized 
refinement results (blue) biased towards the training shapes 
(green). 
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Conclusions 
1. We propose a data-driven neural mesh refinement (NMR) 

method that performs adaptive refinement and exhibits robust 
generalization.  

2. Our main contribution is that we propose and demonstrate that 
disentangling the network from non-structural information 
(e.g., scale, rotation, and translation) allows the network to 
focus on learning and applying structural priors for adaptive 
refinement.  

3. Extensive experiments demonstrate that the proposed method 
outperforms state-of-the-art mesh subdivision methods. 
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