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Abstract

Triangular mesh is one of the most widely used representations for 3D surfaces. However, high-
resolution mesh models often contain a large number of triangles, leading to significant burdens in
storage, transmission, and real-time rendering. Mesh simplification aims to reduce model complexity
while preserving geometric fidelity and structural features. Classical methods, such as quadric error
metrics (QEM), rely solely on local geometric errors, making them difficult to distinguish between
redundant regions and structurally important features, often resulting in feature loss and topological
degradation. To address these limitations, this study proposes a structure-aware triangular mesh
simplification framework based on graph neural networks (GNNs)-guided QEM. GNNs are
employed as a structural importance estimator to predict geometric saliencies of mesh edges. The
predicted importances are incorporated into the classical QEM edge collapse cost through a soft
modulation mechanism. Furthermore, a geometry-saliency driven dynamic cost modulation strategy
is designed, enabling the simplification process to prioritize critical features in early stages and
gradually transition to global error minimization in later stages, without compromising the geometric
optimality of QEM. In terms of model design, hybrid structural representation GNNs are constructed
by integrating spectral geometry and a dual-branch architecture. Laplacian positional encoding is
introduced to capture global topological information, while 1-hop and 2-hop message passing
branches enable multi-scale representation of complex geometric structures. In addition, a staged
inference strategy is adopted to dynamically update graph structural features during simplification,
effectively mitigating topological drift. Experimental results on the TOSCA dataset demonstrate that
the proposed method achieves stable performance across various simplification ratios. It consistently
outperforms FQMS and QEM in terms of geometric error (Pcp) and normal consistency (Pyg). For
structural preservation (P,g), the method shows advantages, with win-rates generally exceeding 90%.
Moreover, it significantly improves the preservation of local geometric details at low to moderate
simplification ratios. In summary, the proposed method effectively enhances local structural
preservation while maintaining global geometric topology, providing an interpretable and practical
solution for integrating learning-based structural awareness with classical geometric optimization in
mesh simplification.

Keywords: triangular mesh simplification; graph neural networks; quadric error metrics; structural
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1. Introduction

Triangular mesh remains the most widely used data structure for representing 3D surfaces in
geo-visualizations [1,2]. With the rapid development of 3D scanning, photogrammetry, and physical
simulation technologies, high-resolution mesh models have found broad applications in digital
humans, cultural heritage, industrial inspection, and 3D mapping. However, such models often
contain hundreds of thousands or even millions of triangles, imposing significant storage,
transmission, and real-time rendering burdens. To meet the demands of interactive applications and
resource-constrained scenarios, such as mobile devices and large-scale scene rendering, progressive
meshes (PM) [3] represent a high-resolution triangular mesh as a low-resolution base mesh combined
with a sequence of refinement records. This improved representation supports multi-resolution
visualization and levels of detail (LoD) rendering [4], and has been widely adopted in applications
such as 3D gaming and photorealistic maps. Nevertheless, even within PM or multi-resolution
frameworks, a fundamental mesh simplification challenge remains: how to significantly reduce mesh
complexity while faithfully preserving the original geometric appearance and critical structural
features.

Traditional methods are predominantly greedy, defining cost functions for vertices or edges and
executing simplification operations according to priority. Among these, the quadric error metrics
(QEM) proposed by Garland and Heckbert (1997) [5] are the most representative, and improvements
to the classical QEM framework have been proposed via geometric constraint strategies [6], saliency
metrics [7], or intrinsic error metrics [8]. Owing to their computational efficiency and implementation
stability, such methods are widely used in industrial pipelines. However, relying solely on local
geometric error often fails to distinguish between “redundant regions that can be safely collapsed”
and “critical features essential for global shape and structure”, which can lead to premature loss of
feature edges, unstable normals, or topological degradation. Therefore, mesh simplification is not
merely a geometric optimization problem but also a structure-aware task.

Graph neural networks (GNN) [9,10] represent one of the most prominent approaches within
geometric learning that identify which local structures are important to preserve during
simplification, providing adaptive guidance for simplification decisions. It propagates information
through the connectivity of irregular graph neighborhoods, making them ideal for representing
structural patterns and contextual relationships within meshes [11,12]. Nonetheless, fully learning-
based approaches often struggle to precisely control geometric error like QEM and are unstable under
high simplification ratios or complex topologies. Furthermore, the mesh topology continuously
evolves during simplification, rendering guidance predicted from the initial mesh progressively
invalid and resulting in topological drift. Therefore, effectively integrating learned structure-aware
information into classical simplification workflows remains challenging, especially when
computational efficiency and geometric stability must be maintained.

To address this issue, this study proposes a structure-aware triangular mesh simplification
framework based on GNN-guided QEM. Unlike end-to-end prediction approaches, our method
employs GNNs as a structural importance estimator to predict the geometric significance of edges,
which is then injected into the classical QEM process via soft modulation. Specifically, we introduce
a geometry-saliency driven dynamic cost modulation strategy that adjusts edge collapse costs
throughout the simplification process. This ensures that critical geometric and topological structures
are preferentially preserved in the early stages, while gradually reverting to global error
minimization in later stages, without compromising QEM’s geometric optimality.

The main contributions of this study are as follows:

(1) Triangular simplification framework based on GNN-guided QEM: We integrate GNN-
predicted edge structural importances with classical QEM, injecting the importances via soft
modulation. This preserves QEM’s advantages of minimal geometric error and algorithmic stability
while introducing geometry-saliency driven structure awareness, significantly enhancing the
protection of key features and providing an interpretable fusion of deep learning with classical
geometry optimization.
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(2) Hybrid GNNs with spectral geometry and dual-branch architecture: We incorporate
Laplacian positional encoding (Laplacian PE) to capture global topology and design a dual-branch
message passing structure, enabling the network to simultaneously capture 1-hop fine-grained
geometry and 2-hop neighborhood structures, thereby improving expressive power for complex
geometries.

(3) Geometry-saliency driven dynamic cost modulation with staged inference: By constructing
a dynamic soft-modulation function that evolves with simplification progress, we achieve a smooth
transition from feature preservation to error control. Combined with staged inference updating
graph-topology features, this strategy effectively mitigates topological drift while balancing
computational efficiency and prediction accuracy.

2. Related Works

Mesh simplification is a fundamental problem in computer graphics, aiming to reduce model
complexity while preserving critical features. It is essential for large-scale scene rendering [13] and
real-time applications [14]. The field has evolved from traditional approaches focused on local
Euclidean geometric errors toward multi-level methods integrating intrinsic geometry awareness,
visual saliency, structural perception, and end-to-end differentiable learning.

Garland and Heckbert (1997) [5] laid the foundation of classical mesh simplification with their
QEM, which gained widespread adoption due to its efficiency and was later extended to arbitrary
dimensions [15,16]. However, the original QEM computes the sum of squared distances from a vertex
to its adjacent triangle planes, which considers only local Euclidean geometry. As a result, it lacks
sensitivity to surface topology, often causing distortions in texture mapping or geodesic distances.
To address this problem, Liu et al (2023) [8] introduced an intrinsic error metric, which optimizes
intrinsic distances rather than extrinsic geometry, effectively reducing the formation of elongated
triangles on curved surfaces.

Beyond geometric refinements, researchers recognized that simplification should incorporate
perceptual and structural awareness, not just geometric curvature. Hoppe (1999) [17] introduced an
appearance-based metric to preserve texture, while Lee et al (2005) [7] proposed the concept of mesh
saliency, computing the visual importance of regions using a center-surround operator on Gaussian-
weighted average curvature and integrating it into QEM. This approach allocates more triangles to
perceptually important regions rather than merely areas of high curvature, thereby overcoming the
limitations of purely geometric metrics. Building on this, Song et al (2014) [18] enhanced saliency
detection using spectral processing; Xu et al (2024) [19] introduced anisotropic optimization for weak
features through the CWF algorithm; and Heep et al (2025) [20] made significant contributions to
normal-integrated feature preservation. Despite these heuristic enhancements, feature extraction
remains limited by manually designed geometric descriptors, making it difficult to adaptively
capture complex global topologies.

With the rapid development of geometric deep learning, GNNs have emerged as effective tools
for learning structural features of 3D meshes. A significant milestone in this direction is the
emergence of collapse learning methods, which parameterize the edge collapse operation within
neural architectures. Early work, such as MeshCNN [21], pioneered this approach by defining edge-
centered convolutions and a learnable pooling operator based on edge collapse in a task-driven
manner, allowing the network to retain topologically important features while discarding redundant
ones. Furthermore, recent advances have integrated deep learning-driven feature sampling into the
QEM framework to achieve more precise collapse control. For example, Lan, et al. [22] proposed the
SFSP-QEM algorithm, which utilizes a deep learning-based salient feature-preserving point sampler
to prioritize key geometric regions during the simplification process, which significantly reduces
geometric distortion compared to vanilla QEM. In a broader context, numerous studies explored
more general convolution operators on manifolds or non-Euclidean domains. For instance, MoNet
[23] and SplineCNN [24] aggregate features within local neighborhoods using continuous kernels,
providing a foundational approach for spatial-domain convolutions on non-Euclidean data. Building
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upon this, the expressive power for complex geometric relationships have been enhanced by
enlarging neighborhood ranges or constructing multi-scale structures. For example, DGCNN [25]
dynamically updates neighborhood relationships to better capture local structural features, while PD-
MeshNet [26] expands the receptive field via multi-scale encoding to capture broader geometric
context. Beyond neighborhood design, providing GNNs with global structural information has
become a key research focus. For example, DiffusionNet [27] leverages diffusion operators from
spectral geometry to achieve robust feature learning on discrete meshes. Inspired by these studies,
this study incorporates Laplacian Positional Encoding into node features, using eigenvectors of the
graph Laplacian to supply global structural context, thereby alleviating the limitations of traditional
message passing neural networks (MPNNSs) in expressing absolute node positions and modeling
long-range structures.

In recent years, end-to-end learning-based mesh processing methods have gained increasing
attention. For instance, Potamias et al (2022) [1] proposed an end-to-end learnable mesh simplification
approach that bypasses traditional edge collapses, directly predicting simplified meshes via vertex
sampling and candidate face generation. Similarly, Neural Progressive Meshes [28] emulate dynamic
mesh editing through learning. In the domain of generative and representation learning, MeshMAE
[29] explored self-supervised feature extraction via masked autoencoders, providing a new avenue
for mesh structural priors, while Neural Subdivision [30] implemented learnable geometric
subdivision operators.

Meanwhile, differentiable topology optimization has emerged as another research frontier.
These methods model mesh geometry and topology as differentiable parameters, enabling gradients
to directly influence vertex positions and connectivity for end-to-end optimization. For example,
DeepMesh [31] applies differentiable processing to deep implicit fields to generate explicit meshes
with topology changes; Differentiable Surface Triangulation [32] employs softened weighted
Delaunay triangulation for differentiable optimization of discrete topology; FlexiCubes [33]
introduces tunable parameters for mesh extraction, allowing flexible updates of geometry and
connectivity during gradient descent; and DMesh [34] achieves differentiable representation for
general triangular meshes, jointly modeling geometry and topology. Collectively, these end-to-end
differentiable approaches provide high flexibility and gradient control over geometric and
topological optimization. However, although these methods offer advantages in geometric
representation flexibility and differentiable optimization capability, they often struggle to provide
strict single-edge collapse error bounds or precise local geometric control like classical QEM, while
their prediction processes lack intuitive geometric interpretability and face stability challenges.

Therefore, effectively introducing learning-driven structure awareness while maintaining
geometric controllability remains a critical challenge for high-fidelity mesh simplification. To address
this, we propose a hybrid optimization strategy, integrating deep learning-based structural
awareness with classical geometric optimization to balance error control and topological feature
preservation. Inspired by the multi-hop neighborhood aggregation of MixHop [35] and the multi-
scale feature aggregation of PointNet++ [36], we design a dual-branch message passing structure. The
1-hop GCN branch captures fine-grained geometric features on the manifold surface, while the 2-hop
GCN branch captures 2-hop geometric patterns and topological dependencies. Unlike fully data-
driven generative models, we leverage GNN-predicted edge importance scores as guiding factors to
dynamically soft-modulate QEM edge collapse costs. This GNN-guided QEM framework combines
the structural perception capabilities of deep learning with the stability and interpretability of
classical geometric error metrics, achieving a favorable trade-off between geometric fidelity and
structural feature preservation.

3. Materials and Methods

We propose a mesh simplification framework guided by structure-aware GNNSs, as illustrated
in Figure 1. This framework integrates deep-learned geometric features with the classical QEM
algorithm. The core innovation is a GNN-guided dynamic soft cost modulation strategy, which
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adjusts edge collapse costs based on learned edge importance scores, effectively preserving important
geometric and topological features while substantially reducing mesh complexity. The input 3D
triangular mesh M = (V,F) is represented as a graph G = (V, Ehops 82hop), where V denotes the
set of vertices, €15,y is defined as the set of first-order adjacency edges derived directly from
triangular faces F, while &,y,, represents second-order connections from neighborhood relations.
Given an input 3D mesh M, the framework first performs feature and topology reconstruction. An
initial node feature matrix H® is constructed by concatenating geometric attributes, topological
descriptors, and Laplacian Positional Encodings. Concurrently, a multi-scale graph comprising 1-hop
local edges &p,, and 2-hop far edges E;p,p is built. During the message passing phase, a dual-
branch Graph Convolutional Network consisting of GCN,p,, and GCN,p,, aggregates 1-hop and 2-
hop neighborhood information in parallel. Features from both branches are then fused via weighted
linear combination and non-linear transformations to yield the final node embeddings HY. In the
edge importance prediction stage, the endpoint node embeddings of each edge, along with their
absolute difference and explicit geometric edge features, are concatenated and processed sequentially
by a Multi-Layer Perceptron (MLP) and a Sigmoid activation function to generate the predicted edge
importance score I,,,,. Subsequently, these scores are directly integrated into the dynamic cost soft
modulation stage: building upon the base QEM cost Cypy (1, v), a soft modulation function 2(1,y )
magnifies the cost of candidate edges with high importance scores, strictly governed by a relaxation
threshold G(t) that dynamically evolves with the simplification progress t. This yields the final
modulated cost C*(u, v). Finally, all candidate edges are ranked in a priority queue based on C*(u, v).
Iterative edge collapse operations are executed subject to specific constraints (i.e.,, normal flip
prevention, quality control, and manifold preservation), ensuring a seamless transition from rigorous
feature preservation to global error minimization.

To ensure predictive reliability and geometric consistency under high simplification ratios, a
staged inference scheme is introduced during the simplification process. The overall procedure is
divided into S stages. At the beginning of each stage, the graph structure is reconstructed from the
current intermediate mesh, and trained GNNs are invoked to re-estimate the geometric importance
score I, for each edge. This allows the predictions to remain aligned with the evolving mesh
geometry, thereby maintaining geometric consistency between the inferred importance scores and
the underlying mesh structure. GNNs share the same network parameters across all stages, while
only the topology of the input graph is updated dynamically. This design preserves computational
efficiency and alleviates the topological drift that may arise when early predictions become
inconsistent with the continuously evolving mesh connectivity. The staged inference mechanism
operates in conjunction with the geometry-saliency driven dynamic soft cost modulation strategy.
The former provides periodic global updates of edge importance, whereas the latter continuously
modulates edge collapse costs. Together, they balance overall geometric error control with the
preservation of critical structural features throughout the simplification process.
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Figure 1. Mesh Simplification Framework based on GNN-guided QEM.

3.1. Graph and Its Features
3.1.1. Node Feature Initialization

To capture both local geometric details and global topological context, each vertex v; €V is
initialized with a high-dimensional feature vector x; € R}, where D, denotes the dimensionality
of input features. The feature vector is constructed by concatenating three components:

(1) Geometric attributes. These include 3D vertex coordinates (x,y,z) and normal vectors n =
(n,,n,,n,), obtained by accumulating and normalizing the normals of adjacent faces. Together they
provide an explicit description of the local surface geometry.

(2) Topological descriptors. These consist of the normalized vertex valence and a binary
boundary indicator b; € {0,1}, which distinguishes interior manifold vertices from boundary
vertices.

(3) Laplacian PE. Standard MPNNs aggregate features primarily from local neighborhoods
under the constraint of permutation invariance [37]. However, due to the theoretical limitation
imposed by the 1-Weisfeiler-Lehman (1-WL) test, such models are insensitive to absolute node
positions and may fail to distinguish symmetric structures with locally isomorphic neighborhoods
[38]. To enhance the expressive power, we introduce spectral positional encodings derived from the
eigen-decomposition of the graph Laplacian, enabling the model to capture global topological
information [39]. Specifically, the normalized graph Laplacian is computed as [40]:

_1 _1
L=1—-D2ADz, 1)

Specifically, I denotes the identity matrix, A represents the adjacency matrix of the mesh
graph, and D is the diagonal degree matrix with diagonal entries defined as D;; = }.; A;;. This
formulation corresponds to the symmetric normalized graph Laplacian, a classical definition in
spectral graph theory [40], and has been applied in graph representation learning [39]. Compared to
the unnormalized Laplacian (L = D — A), the eigenvalues of the normalized Laplacian are bounded
within the interval [0,2]. This property improves the numerical stability of spectral representations
across graphs with varying sizes and connectivity patterns, thereby leading to more robust positional
encodings derived from eigendecomposition on 3D meshes of different resolutions. Based on this,
the eigenvectors corresponding to the smallest k non-zero eigenvalues are used as positional
encodings, in order to avoid the trivial solution associated with the zero eigenvalue. The parameter
k controls the trade-off between representation capacity and computational cost, and is empirically
set to k = 16 in this work. These low-frequency eigenvectors characterize smooth geometric modes
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of the mesh surface and provide long-range positional references. To address the inherent sign
ambiguity in eigen-decomposition, a maximal-component sign normalization scheme is adopted,
aligning the direction of the largest-magnitude component to ensure deterministic and consistent
input features.
For efficient processing by the graph neural network, the vertex features are stacked row-wise
to form the input feature matrix:
X1

X
X= 32 € RVIXPin HO — x, @)

X\v|

where the matrix H® serves as the initial node embedding of the graph neural network, where
H® denotes the node embedding matrix at the [-th layer.

3.1.2. Multi-Scale Graph

To overcome the limitation that a single graph convolution layer aggregates information only
from first-order neighbors, a multi-scale graph structure composed of 1-hop and 2-hop
neighborhoods is constructed, in which two types of edge indices are defined:

(1) 1-hop Edges (€1x0p): Represent direct connections in the original mesh topology within the
1-hop neighborhood, capturing local geometric structures and surface continuity.

(2) 2-hop Edges (€;p0p): Inspired by the multi-scale grouping (MSG) strategy in PointNet++ [36],
we introduce sparse connections based on the 2-hop neighborhood. For each vertex v;, the strict 2-
hop neighborhood (excluding itself and its 1-hop neighbors) is identified, and connections are
established to the K (K=12 in this study) nearest vertices based on Euclidean distance. This allows the
network to aggregate features across local variations and capture 2-hop geometric patterns.

The composition of the vertex feature vectors and the construction of the multi-scale graph are
illustrated in Figure 2.

—— 1-hop Edges
——— 2-hop Edges

Geometry (Pos, Normal)

Topology (valence)

Laplacian Positional Encodings

Node Feature Vector (x;)

Figure 2. Illustration of vertex features and multi-scale graph construction for the triangular mesh. Solid lines

indicate 1-hop edges, while dashed lines denote 2-hop edges.

3.2. Edge Importance GNNs

We propose an EdgeImportanceGNN model to predict the geometric importance of mesh edges.
The model employs GCNs as the fundamental message-passing operator, aggregating neighborhood
features to learn node embeddings, which are subsequently used to predict the importance
probability I, € [0,1] for each undirected edge (u,v). The overall architecture of the proposed
model is illustrated in Figure 3.
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3.2.1. Dual-Branch Message Passing

Standard GCNss struggle to capture feature mixing across multi-hop neighborhoods. Inspired by
the multi-hop feature mixing mechanism in MixHop [35], we design a dual-branch message passing
architecture, significantly enhancing the model’s ability to represent complex mesh geometries.

The architecture consists of L GCN layers, each processing multiple graph scales in parallel:

(1) 1-hop GCN branch (GCNyp,p): Aggregates information from 1-hop neighbors, focusing on
capturing local geometric features of the manifold surface.

(2) 2-hop GCN branch ( GCNyp,), ): Captures 2-hop geometric patterns and topological
correlations.

Node feature updates are performed via a linear combination of multi-scale features followed
by nonlinear transformations, including layer normalization, activation, and dropout regularization:

H®D = Dropout <a (LN (GCNinop(HY, E1nop) + Aznop * GCNanop(HY, ez,m,,)))) @3)

where, HY € RV*Pt denotes the node embeddings after the I-th layer, with D, representing the
feature dimension. ¢(-) is a nonlinear activation function (ReLU in this work), and the
hyperparameter A,,, balances the relative contribution of 1-hop local information and 2-hop
neighborhood context during feature fusion. Notably, GCNjp,, and GCNyp,p share the standard
GCN formulation but maintain independent weight matrices, each responsible for extracting spatial
features at different scales, forming a functionally complementary dual-branch structure.

3.2.2. Edge Importance Prediction Head

After L layers of message passing, the final node embedding matrix H: € RIVI*PL is obtained,
where the embedding of node i is denoted as hj, corresponding to the i-th row of H". For any
undirected edge (u,v), its edge feature vector z,, is constructed via the Feature Concat Module.
This vector is formed by concatenating the embeddings of its endpoints, their absolute difference,
and explicit geometric edge attributes g,,:

Zy, = Concat(h%, h%, |k — hL|, gy,), )

where the geometric attributes g,, comprise edge sharpness and normalized edge length. Edge
sharpness is computed from the normalized dihedral angle and is explicitly enhanced for topological
boundary edges (by taking the maximum value), providing a unified numerical scale to characterize
both internal sharp edges and open boundary edges. The absolute difference term |h% — h}| enables
the model to sensitively detect abrupt changes in node embeddings across feature boundaries, such
as sharp creases, thereby assigning higher retention weight to geometrically salient regions. The edge
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importance I, is then predicted via a two-layer multilayer perceptron (MLP, ¢) with a sigmoid
activation:

Ly = Singid((p(Zuv))r ®)

3.3. QEM Simplification with GNN-Guided Dynamic Soft Modulation

We further propose a dynamic soft modulation strategy that integrates GNN-predicted edge
geometric importance into the simplification process. Unlike conventional static weighting schemes,
this strategy employs a dynamic cost modulation function that evolves with the simplification
progress, enabling a smooth transition from strict feature preservation to global error control.
Notably, this approach constitutes a soft modulation of edge collapse priorities and does not
compromise the underlying QEM algorithm’s geometric error minimization.

3.3.1. QEM Cost Initialization

For a candidate edge (u,v) and its optimal collapse position ¥, the base geometric error is
determined by the accumulated quadric matrices Q:

CQEM (u, U) =o' (Qu + Qv)‘br (6)

where @, and Q, are the quadric error matrices accumulated from the planes of adjacent triangles
at vertices u and v, respectively.

To prevent the formation of degenerate meshes during simplification, the following constraints
are incorporated:

(1) Normal Flip Check: Collapse is prohibited if it induces a change in the angle between adjacent
face normals exceeding a threshold 6;p,esn (e.8., 60°).

(2) Quality Control: Collapses that generate extremely elongated triangles (with low aspect ratio)
are penalized or disallowed.

(3) Manifold Preservation: Edge collapse is permitted only on 2-manifold edges to maintain
topological consistency.

3.3.2. Dynamic Cost Soft Modulation

To regulate the strength of feature preservation throughout the simplification process, we
introduce a dynamic cost soft modulation strategy. This approach incorporates a relaxation threshold
that evolves with the simplification progress, balancing geometric fidelity against the reduction rate
during topological evolution.

We first define a monotonic, continuous function G(t) over the normalized simplification
progress t € [0,1] to control the influence of geometric importance in edge collapse costs:

G(t) = Gspare + (1 — Ggare) * tP, (7)

where t = (Ngare — Newrr)/ (Nstare — Nmrget) is the normalized simplification factor, with N
denoting the current face count. Gy, is the initial protection threshold (set to 0.2 in this study), and
p (p = 2.0 in this study) is a power exponent controlling the relaxation rate.

This function effectively establishes a dynamic soft modulation mechanism. As illustrated in
Figure 4a, G(t) maintains strong constraints on high-importance edges during the early stages of
simplification and gradually relaxes feature preservation requirements in later stages. This ensures
that target face counts are achievable while preserving the geometric optimality of QEM and
maintaining stable global error control.
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Figure 4. Illustration of the QEM simplification mechanism with dynamic cost soft modulation: (a) Relaxation
threshold G(t) varying with simplification progress t, showing a smooth transition from strict feature
preservation to global error control. (b) Continuous penalty scaling function 2(I,y), which penalizes high-

importance edges to ensure early-stage protection of salient geometric features.

The final dynamically modulated edge collapse cost C*(u,v) is given by:
C*(w,v) = Copm (w,v) - (1 + (I, G(t))), 8)

where £ is a continuous scaling penalty term that integrates the GNN-predicted geometric
importance score I, with the current relaxation threshold y,where y = G(t) represents the
adaptive relaxation strength at simplification step t. The penalty function is defined as:

— Ascate * (U —y)/ (A —y + 8))2' if1>y
oy { 0, otherwise !

©)

where ¢ = 107° ensures numerical stability, and A4 is a scaling factor enhancing the early-stage
protection of high-importance edges in the priority queue (set to 100.0 in this study).

To strengthen the theoretical foundation of the proposed dynamic soft modulation, we analyze
the analytical properties of the scheduling function G(t) and the penalty function Q(/,y), where
y = G(t). These properties mathematically guarantee the algorithmic stability and the asymptotic
convergence of our method.

(1) Monotonicity and Convexity of G(t): Given t € [0,1], Gsqre € (0,1), and p = 1, the first
derivative of the scheduling function with respect to the simplification progress t is G'(t) = (1 —
Gseare)pt?~* = 0. This ensures that G(t) is strictly monotonically increasing, mapping the domain
[0,1] to [Gstart, 1]. Furthermore, with p = 2.0, the second derivative G"(t) = 2(1 — Ggpqre) > 0
indicates that G(t) is a strictly convex function. From an algorithmic perspective, this convexity
ensures that the relaxation of feature protection is initially slow (maintaining strong geometric
constraints when the mesh is dense) and accelerates only as the mesh approaches the target
decimation ratio.

(2) Non-negativity and Asymptotic Convergence to Standard QEM: Q(I,y) = 0 strictly holds
for all I and y. Consequently, the modulated cost satisfies C*(u,v) = Copy (u, v). This implies that
the modulation only penalizes feature-rich edges and never underestimates the base geometric error.
Crucially, as the simplification reaches its target (t — 1), the scheduling function converges to its
upper bound: lim ., G(t) = 1. Since the predicted importance score is bounded by I, € [0,1], the
activation condition I, > G(t) becomes mathematically impossible to satisfy. Therefore,
lim,,; Q(I,y) =0, leading to lim,,; C*(u,v) = Copm(u,v). This asymptotic behavior rigorously
proves that the barrier naturally vanishes at the tail end of the simplification process, guaranteeing
that our framework degrades to the exact classical QEM, inheriting its fundamental local error
minimization guarantees.

(3) €' Continuity (Smoothness) of the Penalty Function: The penalty term Q is defined as a
piecewise function, which introduces a potential risk of algorithmic instability (e.g., abrupt priority
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inversions in the min-heap) if the cost landscape is discontinuous. However, our formulation is
deliberately constructed to be differentiable. Let x = I — y. The function transitions at x = 0. The left

2
limit approaches 0, and the right limit is lim ,_+ Asmle( ad ) = 0. Thus, Q is C° continuous.

1-y+e

50 24scate(I=Y) I > Y
Furthermore, evaluating the first partial derivative with respect to I:— = { (1-y+e)? ’ LAt
0, otherwise

the boundary I =y, the right derivative evaluates to 0, perfectly matching the left derivative. Thus,
Q(l,y) is C' continuous. This mathematical smoothness ensures that as edges traverse the
activation threshold during the dynamic relaxation of G(t), their collapse costs experience
continuous and differentiable changes. This prevents sudden stochastic jumps in the priority queue,
ensuring deterministic and robust topological evolution.

As shown in Figure 4b, the continuous penalty function 2(I,y) increases sharply for edges
whose importance exceeds the current dynamic threshold, thereby amplifying their collapse cost,
reducing their priority in the queue, and preventing premature removal of geometrically important
features during early simplification stages.

3.3.3. Overall Implementation Pipeline

The overall execution procedure of the proposed GNN-guided mesh simplification framework
is presented in pseudocode form (see Table 1). The method follows a dual-timeline architecture that
combines staged global inference with continuous local optimization, which can be decomposed into
three core phases: (1) Staged global graph inference. A multi-scale graph is reconstructed at each
stage and an EdgelmportanceGNN is used to predict edge importance scores I. These scores remain
fixed within each stage to preserve global consistency. (2) QEM initialization and priority queue
construction. Quadric error costs are computed for all edges and modulated by GNN-predicted
importance to form final collapse priorities. All edges are inserted into a priority queue for
subsequent optimization. (3) Dynamic edge collapse and local update. The algorithm iteratively
collapses the minimum-cost edge under validity constraints and updates local topology and quadric
errors. Neighborhood edge costs are continuously re-evaluated during the process. The three stages
are executed sequentially and repeated for S stages, forming a progressive refinement pipeline. The
algorithm terminates once the target compression ratio is achieved, producing the final simplified
mesh M,,;.

Table 1. GNN-guided dynamic soft modulation QEM mesh simplification algorithm.

Algorithm 1: GNN-Guided Dynamic Soft Modulation QEM Simplification
Input:
M, = (W, F): Original 3D mesh

Niarger: Target face count

S: Total number of staged inference steps
0: Trained EdgeImportanceGNN parameters
Output:
Myt Simplified 3D mesh
Definitions:
GNN(G, H; ©): Returns predicted edge importance scores I for the graph
G (t): Computes dynamic relaxation threshold at normalized progress t
Q(1,y): Computes soft penalty scale given importance I and threshold y
ExtractMin(PQ): Pops and returns the edge with the tuple (u,v, C*(u,v), #,,) with the
minimum cost

ValidCollapse(u, v, 7): Boolean check for manifold, normal flip, quality, and valence
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Constraints

Procedure:
1. M & My, Nstare < Neurr
2:  Compute per-stage geometric decay ratio: p < (Ngrger/ Nsmrt)@)
3: forstage s=1 to S do
4 // Phase 1: Staged GNN Inference
5 Set stage target: Nsiqge < max(NstaTt - p°S, Ntarget)
6: /] Update stage progress and dynamic scheduling threshold
7 Reconstruct multi-scale graph G = (V, E1pops E2nop) from current mesh M
8 Extract node feature matrix H® (Geometric, Topological, Laplacian PE)
9: Predict edge importance: I « GNN(G, H (0, 0)
10: // Phase 2: QEM & Priority Queue Initialization
11: Compute base quadric matrices Q,, for all vertices v € V
12: Initialize an empty priority queue PQ
13: Compute stage initial progress: t « 0
14: Compute dynamic relaxation threshold: y « G(t)
15: for each valid edge (u,v) € E;pop do
16: Solve optimal collapse position ¥ and compute base cost Cogp(u, v)
17: Modulated cost C*(u,v) < Copy(w,v) - (1 + QI ¥))
18: Insert (u,v,C*, v,,) into PQ
19: end for
20: // Phase 3: Dynamic Edge Collapse (Continuous Local Optimization)
21: while Ngyryr > Nggqge and PQ is not empty do
22: (u,v,C*, v,,) « ExtractMin(PQ)
23: if edge (u,v) or vertices u,v are dead then continue
24: if not ValidCollapse(u, v, 7,,,) then continue
25: Collapse edge (u,v) — 1, and update mesh connectivity M and N,y
26: Update quadric strictly via accumulation: @, < Qy + @y
27: /I I, remains fixed within the current stage; surviving edges retain their scores
28: Update normalized stage progress:

t= (Nstart - Ncurr)/(Nstart - Ntarget)
29: Update dynamic relaxation threshold: y < G(t)
30: for each affected edge (x,y) inlocal 1-ring neighborhood of #,, do
31 Solve new optimal position ¥,, and recompute base cost Cogy(x,y)
32: Recompute final cost C*(x,y) < Copm(x,y) - (1 + Q(Lyy,¥))
33: Push updated (x, y,C*, ﬁxy) into PQ
34: end for
35: end while
36: end for

37: return M, « M
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3.4. Loss Function

Since an ideal simplified mesh does not possess a unique “ground-truth” topology, it is difficult
to directly supervise the evolution strategy through explicit labels. To address this issue, we construct
a composite objective function £ consisting of structural representation loss, geometry-aware
guidance loss, and spatial regularization terms. This formulation enables joint self-supervised and
weak-supervised training without requiring manual annotations.

3.4.1. Structural Contrastive Loss (Lon)

To learn topology-aware latent representations, a margin-based contrastive objective is
introduced to impose self-supervised constraints on node embeddings. The loss encourages adjacent
nodes to maintain high similarity in the embedding space while suppressing excessive similarity
between non-adjacent nodes, thereby forming a structured feature representation space:

Leon = IE(u,v)eg [1 - Sim(hw hv)] + IE(u,k)E& [max(O, Sim(hw hk) - m)]/ (10)

where sim(-) denotes the cosine similarity operator, h represents the vertex embeddings learned
by the GNN, and m is the similarity margin parameter (set to m = 0 in this study). This objective
encourages the embedding space to explicitly encode mesh adjacency relationships, while pushing
the representations of non-connected nodes toward orthogonality, thereby providing stable
structural features for subsequent geometric importance prediction.

3.4.2. Geometry-Aware Loss (Lg¢,)

To convert explicit geometric priors into learnable supervisory signals, we design a unified
geometry-aware loss that combines an absolute importance loss and a relative ranking loss, guiding
the network to learn an edge-importance distribution consistent with geometric characteristics:

Lgeo = Lhinge + ArankLranks (11)

(1) Hinge Loss

For the set of sharp feature edges Egpqrp, identified by high dihedral-angle thresholds or
boundary conditions, a hinge loss is imposed to ensure that their importance scores do not fall below
an empirical threshold 7p,;,:

Lhpinge = Eeegsharp [max (0, Tynin — L)1, (12)

where 7,,;, is the minimum importance threshold (set to 0.6).

(2) Pairwise Ranking Loss

To strengthen the distinction between feature regions and flat areas, a pairwise ranking loss is
introduced. This loss samples edge pairs (e;e;) from the sharp-feature set Egp,q,, and the flat-region
set Efiq¢, respectively, and enforces a minimum margin u between their predicted importance
scores:

Lyank = Eeiessham,eieeﬂat [max (0’ u—= (Iei - Ie]-))]/ (13)

where the ranking margin is set to p=0.1. The set £, corresponds to geometrically smooth regions
automatically identified using a low dihedral-angle threshold. By injecting geometric priors through
relative ranking, this constraint encourages the network to assign significantly higher importance
scores to sharp edges than to flat edges, ensuring that salient geometric structures are preferentially
preserved during simplification.

3.4.3. Local Smoothness Regularization (L)

To suppress local prediction noise and maintain continuity in topological evolution, a local
smoothness regularization term is introduced. This term encourages edges sharing the same vertex
to have similar importance scores, preventing irregular collapse ordering within local regions:
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T+
1 —_utv
uv 2

Lsm = IE(u,v)EE ’ (14)

where I, denotes the mean importance of all edges incident to vertex u. By penalizing abrupt
variations in local importance scores, this regularization improves the stability of the simplification
process during topological evolution.

3.4.4. Total Loss Function
The final training objective is defined as a weighted linear combination of the above loss terms:
L= AconLcon + AgeoLgeo + /lsmLsm/ (15)

where Acon, Ageo, and Agp, denote weighting coefficients of loss terms, allowing a controllable trade-
off between structural consistency, geometric preservation, and prediction smoothness.

4. Results

4.1. Dataset and Baselines

To test the proposed method, we use the benchmark TOSCA dataset, which contains 80 high-
resolution meshes [41]. To ensure robust evaluation, we implement a five-fold cross-validation
strategy. Specifically, the dataset is partitioned into five mutually exclusive folds, with each fold
utilizing 64 meshes for training and the remaining 16 meshes reserved exclusively for testing. For
comparison, we consider two representative baselines, including a classical geometry-saliency driven
approach and a feature-preserving engineering-oriented method. For each of the 80 meshes, we
perform five simplification experiments with target reduction ratios of 0.05, 0.1, 0.2, 0.5, providing a
comprehensive assessment of method performance under varying levels of mesh simplification.

QEM: As a theoretical baseline for geometric error minimization, we adopt the classical QEM
algorithm proposed by Garland and Heckbert (1997) [5]. The experiments are conducted using the
standard implementation provided by Open3D [42] to ensure reproducibility and fair comparison.
This implementation explicitly preserves the original mesh boundaries. Consequently, non-zero Py,
values appear for TOSCA models with open boundaries (e.g., cat and dog), reflecting the intrinsic
topological characteristics of the data rather than algorithmic degradation. For watertight models
(e.g., centaur), the implementation correctly maintains topological integrity and yields 0% Py4.
Compared with implementations that ignore boundaries or implicitly fill holes, the Open3D strategy
provides a more conservative and consistent evaluation protocol.

Fast Quadric Mesh Simplification (FQMS): To evaluate the performance differences between
learning-based approaches and engineering-level mesh simplification strategies, we select FQMS as
a representative mesh simplification method. FQMS is a highly engineered implementation of the
classical QEM framework. It accelerates the simplification process by using threshold-based edge
collapses, avoiding the computational cost of global sorting, and aims to balance computational
efficiency with geometric fidelity. Owing to its exceptional runtime performance and robust handling
of watertight volumes, FQMS has been integrated as a core component in authoritative medical
imaging platforms such as 3D Slicer and serves as the underlying engine of the Python geometry
processing library pyfqmr. Since FQMS is primarily designed to maximize processing speed and
topological robustness, rather than explicitly preserve local geometric or visual features, it may
exhibit certain geometric deviations at high simplification ratios. Including FQMS in the comparison
allows an objective assessment of the proposed method’s improvements in key metrics, including
geometric accuracy, normal consistency, and topological fidelity, relative to commonly used
engineering-level tools. For experimental reproducibility, we employ the publicly available open-
source implementation [43].
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4.2. Experimental Environment and Model Settings

The experiments in this study were implemented using the PyTorch and PyTorch Geometric
(PyG) deep learning frameworks [44]. The specific hardware and software configurations of the
experimental platform are detailed in Table 2.

Table 2. Experimental environment configuration.

Configuration Value
CPU Intel(R) Core(TM) i7-10700 @ 2.90 GHz
GPU NVIDIA GeForce RTX 2060 SUPER (8GB)
RAM 32GB
Operating System Windows 10 Pro 64-bit
DL Framework PyTorch 2.4.0 + PyTorch Geometric 2.5.3
CUDA Version 12.1

The specific network architecture configurations and training hyperparameters are summarized
in Table 3. The network encoder takes 21-dimensional composite node features as input, which
consists of a 3D surface normal, a 2D structural prior, and a 16-dimensional Laplacian positional
encoding. The encoder utilizes three graph convolutional layers (GCNConv) with a hidden
dimension of 64. For edge importance prediction, a geometry late-fusion decoder constructs a 194-
dimensional feature vector for each edge and processes it via a two-layer MLP to output importance
scores. The model is trained for 50 epochs with a batch size of 1. A fixed random seed (seed=42) is
applied to minimize performance variance induced by randomness.

Table 3. Architecture configurations and training hyperparameters of EdgeImportanceGNN.

Category Configuration Item Value / Setting

Input Features Surface normal dimensionality 3
Structural feature dimensionality 2

Laplacian positional encoding dimensionality (k) 16

Network Architecture GNN convolution operator GCNConv

Number of GNN layers (L) 3

Hidden feature dimensionality (Cpiggen) 64

Normalization strategy LayerNorm

Dropout rate 0.15

Multi-scale Graph Residual fusion weight for 2-hop neighbors (4;4,p) 0.5
Maximum number of far neighbors (K) 12
Edge Decoder Geometric edge feature dimensionality 2

Edge MLP input feature dimension 194

Training Settings Optimizer Adam
Initial learning rate 1x1073

Training epochs 50
Batch size 1

Loss Weights Structural contrastive loss weight (A¢y,) 1.0
Geometric hinge loss weight (A4inge) 0.7

Pairwise ranking loss weight (1,.4,,x) 0.25

Local smoothness regularization weight (4,,) 0.2

4.2. Evaluation Metrics

To objectively evaluate performances of different mesh simplification methods in terms of
geometric accuracy, normal consistency, topological integrity, and feature preservation, this study
adopts the evaluation protocol proposed by Potamias et al (2022) [1]. The metrics include the
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percentage of wrong adjacency (Py,), point-wise chamfer distance (P¢p), point-sampled normal error
(Pyg), Laplacian spectrum error (P.g), as well as the simplification time.

4.2.1. Percentage of Wrong Adjacency (Py,4)

The percentage of wrong adjacency (Py,) is used to measure the topological integrity of the
simplified mesh. In an ideal closed manifold mesh, each edge should be shared by exactly two faces.
Edges that violate this condition are classified as non-manifold edges, including boundary edges and
singular edges. €., denote the set of all edges in the simplified mesh, and &,,,,, denote the set
of edges that are either shared by only one triangle (boundary edges) or by more than two triangles
(non-manifold edges). Compared with manifold-based indicators that only check manifoldness, Py,
more effectively captures triangulation defects caused by holes or cracks in the mesh, as follows:

Py = renal 1000, (16)

[€totall
A lower Py, value indicates that the simplified mesh is closer to a closed manifold in terms of
topology.

4.2.2. Point-Wise Chamfer Distance (P¢p)

The point-wise chamfer distance (Pcp) measures the global geometric discrepancy between the
simplified mesh and the original model. A fixed number of points are uniformly sampled on the
surfaces of both meshes. The nearest-point distances between the two point-sets are then computed
in a bidirectional manner:

1 . 1 .
PCD = ;Z{pEPO} mlanMS”p - CI||z + EZ{qGPS} mlanMollq - P||z, (17)

where P, and P; denote the sampled point sets from the original mesh and the simplified mesh,
respectively, and ||-||, represents the Euclidean distance. A smaller P, indicates that the simplified
mesh better approximates the overall geometry of the original model.

4.2.3. Point-Sampled Normal Error (Pyg)

The point-sampled normal error (Pyg) evaluates the consistency of local surface orientations
before and after simplification. For each pair of nearest points, the angular difference between their
unit normals is computed, and the bidirectional average is taken:

Pyg = %(%Zpepo 0(ny mg) + %EqEPsH(nq’nﬁ))’ {19)

where p € P, and q € P; denote points sampled from the surfaces of the original mesh M, and the
simplified mesh M, respectively. For any sampled point p, § denotes its closest point on the
simplified mesh M;. Similarly, for any sampled point q, p denotes its closest point on the original
mesh M,. The unit normals at the corresponding locations are denoted by n,, ng, n,, and ns;.

The angular function is used to measure the geometric deviation between two unit normal
vectors. For two normalized surface normals n,, and ng, their dot product and the angle 6 satisfy
the standard Euclidean identity:

n,-n; = cos 6, (18)

Accordingly, the angle can be obtained via the inverse cosine function, and the angular function is
defined as:

8(n,, ny) = arccos (clip(np “n;,—1, 1)), (19)

where clip(-,—1,1) constrains the dot product to the interval [-1,1], preventing numerical
instability caused by floating-point errors. The Pyp value is reported in radians, where smaller
values indicate better preservation of surface normal consistency.
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4.2.4. Laplacian Spectrum Error (P,g)

The Laplacian spectrum error (P.g) evaluates the consistency of global structural and intrinsic
topological properties between the original and simplified meshes. Since the number of vertices
typically changes after simplification, eigenvectors cannot be directly aligned due to dimensional
mismatch. Therefore, this work adopts the eigenvalue spectrum of the normalized Laplacian matrix,
commonly referred to as Shape-DNA [45], as a global structural descriptor. This formulation ensures
that the metric focuses on intrinsic geometric properties while remaining invariant to changes in
vertex count.

The normalized Laplacian matrix is defined as:

1 1
L=I-D:ADz, (20)

where A is the adjacency matrix, and D is the degree matrix.
The first k smallest eigenvalues {1;}%_; are extracted, and the metric is defined as:

k
1
Pip =3 ) (8 =22 @)
i=1

If the simplified mesh contains fewer than k valid eigenvalues, the missing components are padded
with zeros to penalize the loss of topological modes. A smaller P, value indicates that the simplified
mesh better preserves the intrinsic structural characteristics of the original model.

4.3. Model Performances
4.3.1. Model Comparison

To comprehensively evaluate the proposed method’s geometric preservation capability, we
compared three approaches: QEM, FQMS, and our method across multiple evaluation metrics at
different simplification levels. For fair comparison, all methods were evaluated on the same 5-fold
data splits, where the proposed method follows a cross-validation protocol while the baseline
methods (QEM and FQMS) are directly applied without training. Table 4 summarizes the mean and
median values of Py,, Pcp, Pyg, and P,p for simplification ratios of 0.05, 0.1, 0.2 and 0.5. Overall, as
the simplification ratio increases, all methods show a gradual reduction in P¢p, Pyg, and P,g errors,
indicating that models retaining more faces better approximate the original geometry.

Table 4. Performances of different methods on the TOSCA dataset under various simplification ratios (Ratio =
Ns

Norg

Py, Pcp Py Pip
mean median mean median mean median mean median
QEM  0.1234+0.0191 0.1428+0.0111 0.6632+0.1977 0.5144+0.1469 0.1494+0.0166 0.1379+0.0195 0.3761+0.0509 0.3329+0.0545
0.05 FQMS 0.1668+0.0253 0.1573+0.0175 0.8936+0.2517 0.6923+0.1689 0.1630+0.0168 0.1517+0.0153 0.3758+0.0508 0.3317+0.0547
Proposed 0.1622+0.0270 0.1982+0.0205 0.6043+0.1750 0.4772+0.1288 0.1431+0.0154 0.1323+0.0174 0.3759+0.0510 0.3327+0.0544
QEM  0.1081%0.0257 0.1008+0.0170 0.3283+0.1041 0.2515+0.0782 0.1049+0.0137 0.0936+0.0170 0.2715+0.0367 0.2399+0.0393
0.1 FQMS  0.1488+0.0468 0.1178+0.0436 0.4575+0.1352 0.3445+0.0891 0.1193+0.0138 0.1091+0.0138 0.2714+0.0368 0.2397+0.0393
Proposed 0.1053+0.0181 0.1326+0.0159 0.3020+0.0923 0.2365+0.0691 0.1011+0.0129 0.0905+0.0153 0.2714+0.0368 0.2402+0.0392
QEM  0.0810+0.0185 0.0766+0.0086 0.1390+0.0529 0.1013+0.0453 0.0620+0.0109 0.0532+0.0144 0.1999+0.0271 0.1766x0.0287
0.2 FQMS 0.1032+0.0287 0.0876+0.0239 0.2174+0.0716 0.1634+0.0523 0.0783+0.0112 0.0690+0.0134 0.1999+0.0271 0.1765+0.0287
Proposed 0.0825+0.0186 0.0880+0.0089 0.1294+0.0456 0.0970+0.0381 0.0598+0.0101 0.0514+0.0133 0.1999+0.0271 0.1766+0.0286
QEM  0.0641x0.0145 0.0562+0.0029 0.0200+0.0097 0.0128+0.0099 0.0149+0.0042 0.0115+0.0063 0.1412+0.0191 0.1249+0.0199
0.5 FQMS 0.0759+0.0182 0.0718+0.0176 0.0409+0.0190 0.0273+0.0175 0.0220+0.0057 0.0175+0.0082 0.1411+0.0191 0.1249+0.0200
Proposed 0.0791+0.0213 0.0838+0.0134 0.0210+0.0079 0.0166+0.0084 0.0154+0.0035 0.0130+0.0049 0.1411+0.0190 0.1248+0.0199

Ratio Method

To ensure fairness and statistical consistency in our evaluation, we adopted a strict co-removal
strategy. Specifically, any sample exhibiting catastrophic numerical divergence was classified as
extreme failure case if its error exceeded the median by more than one order of magnitude (i.e.,
>10 X), and was subsequently excluded from all evaluated methods. This procedure effectively
mitigates statistical bias introduced by such outliers, guaranteeing that comparisons are conducted
on a consistently aligned set of valid samples.
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Analysis of the excluded cases further reveals stark differences in robustness among the
methods. Across all tested simplification ratios, classical heuristic-based algorithms (QEM and
FQMS) exhibited numerical explosions on six distinct models (catl, davidl, dogl, gorillal, victorial,
and victoria2), manifesting as severe geometric instability. In contrast, the proposed neural-guided
method demonstrated substantially more stable numerical behavior, failing on only a single extreme
case (davidl). These observations suggest that incorporating deep-learning priors effectively
alleviates matrix ill-conditioning and topological degradation under complex geometric
configurations, thereby improving overall algorithmic robustness in challenging scenarios.

In terms of topological preservation measured by Py,, the proposed method is highly
competitive with QEM and consistently outperforms FQMS. Notably, at a simplification ratio of 0.1,
our method achieves a mean value of 0.1053 + 0.0181, which is slightly better than QEM (0.1081 +
0.0257) and significantly superior to FQMS (0.1488 + 0.0468). This indicates comparable or even
improved topological integrity over classical QEM under moderate compression. However, at the
extreme simplification ratio of 0.05, the proposed method yields a moderately higher Py, value
(0.1622 +0.0270) compared to QEM (0.1234 +0.0191). This does not indicate performance degradation,
but rather reflects the inherent behavior of the GNN-based feature-aware collapse strategy under
severe vertex budget constraints. By prioritizing the preservation of high-curvature and structurally
salient regions, the method actively avoids aggressive boundary collapses that are typically forced
under extreme compression, which often lead to severe geometric distortion. Although this design
choice may introduce a small fraction of local non-manifold configurations, it effectively circumvents
catastrophic geometric collapse and maintains robust overall representational quality, as further
evidenced by improvements in P, and Pyg. This demonstrates a strategic trade-off favoring
geometric expressiveness over strict topological watertightness.

Regarding geometric deviation measured by P¢p, the proposed method consistently achieves
lower or comparable errors across the majority of settings. Under the most challenging simplification
ratio of 0.05, our approach achieves 0.6043 + 0.1750, outperforming QEM (0.6632 + 0.1977) and
significantly surpassing FQMS (0.8936 + 0.2517). This advantage remains stable at ratios of 0.1 and
0.2, consistently outperforming both baselines. Even at a high simplification ratio of 0.5, where all
methods naturally converge to relatively small errors, the proposed method remains closely aligned
with QEM while maintaining a clear advantage over FQMS. These results indicate that neural-
extracted features more effectively guide the edge-collapse sequence, thereby preserving the global
geometric structure more faithfully.

Normal consistency Pyg further demonstrates a stable advantage across all simplification
levels. At a ratio of 0.05, the proposed method achieves 0.1431 + 0.0154, noticeably lower than QEM
(0.1494 £ 0.0166) and FQMS (0.1630 + 0.0168). This superiority persists at ratios of 0.1 and 0.2,
confirming that the method is more effective at preserving local surface orientations and reducing
directional distortions during simplification.

Finally, concerning global structural preservation as reflected by P, g, all methods exhibit highly
consistent behavior across different simplification ratios, particularly under medium and high
compression levels where differences become virtually negligible. This indicates that while the
proposed method significantly improves local geometric fidelity (P;p and Pyg), it does so without
disrupting the global structural consistency of the original mesh. Consequently, the proposed
framework achieves a highly favorable balance between local geometric precision and global
structural stability.

Regarding simplification time, a strictly fair evaluation against C++-based baselines
(QEM/FQMS) is limited due to implementation differences. The baselines are highly optimized in
C++, whereas our method is implemented in Python + PyTorch and integrates a Python-based QEM
module coupled with a dynamic edge-collapse modulation mechanism. This introduces additional
overhead in large-scale topological updates within the interpreter. In terms of GPU memory
consumption, the proposed method shows moderate and stable usage across different models,
ranging from 209.58 MB (Centaur) to 678.44 MB (Michael), indicating controllable memory overhead
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under varying geometric complexity. Future work will migrate the QEM module to optimized
C++/CUDA implementations to enable more direct runtime comparisons and improve deployment
efficiency.

4.3.2. Win-Rates and Effect Size Analysis

To quantitatively evaluate the performance advantages of the proposed method, we computed
its win-rate relative to two baseline methods, QEM and FQMS, across different simplification ratios
and multiple geometric error metrics. The win-rate is defined as the percentage of test models for
which the proposed method achieves a lower error on a given metric. This indicator provides an
intuitive measure of the overall superiority of the proposed approach over the baselines.
Furthermore, to address the potential limitation that win-rates alone might obscure the actual
magnitude of improvements (i.e., effect sizes), we supplement the win-rate heatmaps with absolute
error distribution boxplots. Figure 5 present heatmaps of the win-rate (%) for the proposed method
relative to QEM (left) and FQMS (right) across varying simplification ratios and evaluation metrics.
Figure 6 displays the boxplots of absolute error distributions for all evaluation metrics, providing a
transparent view of the quantitative effect sizes.
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Figure 5. Heatmaps of the win-rate (%) for the proposed method relative to (a) QEM and (b) FQMS across
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Figure 6. Boxplots illustrating the effect sizes (absolute error distributions) for (a) Py4, (b) Pcp, (c) Pyg, and (d)

Py across tested simplification ratios.

From the results, several key observations can be drawn:

(1) The proposed method maintains strong normal consistency and local geometric fidelity with
significant effect sizes across most simplification ratios.

Experimental results show that, in terms of the Py metric, the proposed method achieves a
win-rate of 90% against FQMS across all simplification ratios (0.05-0.5). Compared with QEM, the
win-rate reaches 90% at low simplification ratios of 0.05 0.1, and 0.2, respectively, and remains above
50% even at medium and high ratios. More importantly, these high win rates are not only reflected
in improved mean values but also correspond to a clear downward shift in the overall error
distribution. The method reduces both the median normal deviation and its variance, effectively
suppressing the extreme angular errors frequently observed in baseline approaches. This indicates
that by leveraging GNNs to predict edge importance and assigning higher weights to high-curvature
regions and sharp features during edge collapse, the algorithm preferentially preserves geometrically
salient structures. As a result, normal deviation is effectively reduced, and the stability of local surface
orientation is maintained throughout the simplification process, which aligns well with the design
objective of the proposed method.

(2) The method shows clear advantages in geometric distance at low to moderate simplification
ratios, while the advantage diminishes at higher ratios.

For the P;p metric, the win-rate with respect to QEM reaches 100% at a simplification ratio of
0.05 but decreases to 96.2%, 69.6%, and 43.0% at ratios of 0.1, 0.2 and 0.5, respectively. In the P
boxplot, the proposed method demonstrates clear superiority under extreme simplification, while
the performance gap narrows as the simplification ratio increases. This behavior can be attributed to
the fact that QEM directly minimizes the quadratic error between vertices and planes, inherently
favoring the global minimization of geometric distance. Consequently, under moderate
simplification conditions, QEM tends to achieve smaller P;p, values. In contrast, the proposed
method predicts edge importance using GNNs and applies a soft modulation to the collapse cost in
the early stages of simplification, thereby prioritizing the preservation of geometrically salient
regions. This strategy significantly improves local geometric fidelity at low to moderate simplification
ratios. Moreover, the method maintains a win-rate of 92%-100% against FQMS across all
simplification ratios, indicating a clear advantage over this baseline in controlling overall geometric
error. These results highlight the inherent trade-off between preserving local geometric features and
minimizing global geometric distance.

(3) The method demonstrates robust structural preservation but exhibits certain limitations in
topological watertightness.

The P p metric remains stable across all three methods. This indicates that all approaches are
capable of preserving the overall structural characteristics of the mesh in most models. Since P, is
derived from the Laplacian spectrum and reflects intrinsic structural properties of the mesh, these

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202604.1809.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 April 2026 d0i:10.20944/preprints202604.1809.v1

21 of 26

results suggest that key structural relationships are effectively maintained during simplification.
However, the global average win-rates for the Py, metric relative to QEM and FQMS are only 20.3%
and 42.4%, respectively. It should be noted that Py, measures the proportion of non-manifold edges
and is used to evaluate the topological watertightness of the simplified mesh. As shown in the Py,
boxplot, the method performs comparably to the baselines at low and moderate simplification ratios,
but exhibits a higher median under extreme simplification. These results indicate that, at very high
compression levels, the proportion of boundary or non-manifold edges produced during
simplification is higher than that of the baseline methods. This phenomenon may arise because the
method prioritizes the preservation of geometrically salient regions, causing areas with lower
geometric importance to undergo more aggressive collapses under high compression ratios, which
can lead to local topological anomalies or degeneracies. It is also worth noting that Py, is highly
sensitive to local topological irregularities; even a small number of non-manifold edges can affect the
statistic. Therefore, this metric primarily reflects changes in local topological consistency during
simplification rather than directly corresponding to overall geometric error.

(4) The proposed method achieves an effective balance between local structure preservation and
global geometric fidelity.

Considering all evaluation metrics, the global average win-rate indicates that the proposed
method achieves the most significant improvements on P;p, and performs excellently on Py, while
maintaining comparable P,z performance across all methods. Conversely, performance on Py,
remains solid under moderate compression ratios and performs comparably to QEM on
geometrically flatter models (e.g., the dog model), but exhibits a relative decline under extreme ratios.
This reflects the inherent topological trade-off discussed earlier, where restricting operations in
feature-rich areas forces the algorithm to concentrate allowable edge collapses in geometrically flat
regions, occasionally impacting local topological watertightness under extreme compression. From
a results viewpoint, this metric distribution further validates the effectiveness of the GNN-guided
soft modulation strategy. The superior P, (Chamfer distance) and Pyz (normal consistency)
indicate that the strategy successfully prioritizes the preservation of high-scoring feature edges,
thereby effectively reducing global geometric error while retaining geometrically salient structures.
Concurrently, the stable P,y performance further demonstrates that enhancing local feature
protection does not compromise the overall structural preservation capability.

Overall, the method demonstrates strong capability in preserving local geometric structures
while maintaining geometric distance errors comparable to those of the classical QEM method in
most cases. This suggests that incorporating learned geometric importance into the traditional QEM
simplification framework enables an effective balance between structural preservation and global
geometric fidelity without altering its fundamental optimization mechanism, thereby providing a
practical approach for integrating learning-based techniques with classical geometric simplification
algorithms.

4.3.3. Error Fields

To further investigate the spatial distribution of errors produced by different simplification
methods, error fields were generated for results at a simplification ratio of 0.1, as shown in Figure 7.
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Figure 7. Error fields of mesh simplification results for different models of (a) cat0, (b) david0, (c) dog3, and (d)
centaur? at a simplification ratio of 0.1. In each model, the first row illustrates the geometric distance error, while
the second row presents the normal deviation. The color map transitions from white to deep purple, representing

increasing error magnitude.

From the perspective of spatial distribution, clear differences can be observed among the
methods. FQMS tends to produce concentrated high-error regions in areas with high curvature or
complex structures. For instance, in the dog3 model, prominent deep-purple regions appear around
the limb joints and facial features, indicating noticeable local geometric deviations. This pattern is
consistent in both distance error and normal error fields. The quantitative metrics further support
this observation: for the dog3 model, the P;p, value of FQMS is 0.461, whereas the proposed method
reduces it to 0.333. Meanwhile, Py; decreases from 0.144 to 0.131. The reduction in the area of high-
error regions observed in error fields aligns with these numerical improvements.

In comparison, the QEM method exhibits a more uniform overall error distribution, although
certain local accumulations of error remain in detailed regions. For example, in the cat0 and centaur2
models, the error maps of QEM do not show extreme error peaks, but relatively elevated error regions
still spread around structural details. Correspondingly, the P, value of QEM on the cat0 model is
0.181, slightly higher than 0.174 obtained by the proposed method. On the centaur2 model, the
proposed method reduces P;p from 0.779 to 0.762, while Pyp decreases from 0.176 to 0.168.
Supported by these significant numerical improvements, the error fields reveal that the spatial
distribution of high-error regions becomes more concentrated and smoother. A more pronounced
improvement can be observed on the david0 model. The proposed method reduces P, from 0.167
(FQMS) to 0.102(outperforming QEM's 0.106), while the normal error decreases from 0.081 to
0.064(surpassing QEM's 0.066). The corresponding error fields show a clear reduction of high-error
areas and a more continuous overall error distribution.

Overall, rather than merely maintaining a comparable global error level to QEM, the proposed
method achieves superior quantitative accuracy and effectively mitigates the concentration of errors
in local regions, leading to a smoother and more evenly distributed spatial error pattern. This
indicates that the proposed structure-aware strategy can allocate geometric errors more effectively
during the simplification process, preserving key structural features while maintaining overall
geometric fidelity.

5. Discussions

The comprehensive experimental results and multi-metric evaluations indicate that the
proposed method achieves clear advantages in the P¢p, Pyg, and P,y metrics, demonstrating the
effectiveness of the GNN-guided structure-aware strategy in capturing complex geometric features.
In this framework, GNNs are employed as a structural importance estimator. By incorporating
Laplacian positional encoding and a dual-branch message-passing architecture, the model is able to
simultaneously capture fine-grained 1-hop geometric details and broader 2-hop topological context,
thereby enhancing its ability to perceive structural characteristics. While the classical QEM algorithm
performs well in minimizing global geometric distance, its inherently greedy optimization based on
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point-to-plane distances often overlooks semantically important regions with high curvature during
simplification. In contrast, the proposed method embeds the learned importance weights into the
QEM edge collapse cost through a soft modulation strategy, introducing geometry-saliency driven
structural awareness without altering the fundamental optimization framework of QEM. This design
significantly improves the identification and preservation of complex geometric structures.
Experimental results confirm consistent advantages across multiple metrics. For example, at a
simplification ratio of 0.05, the proposed method achieves a Py; value of 0.1431, outperforming
QEM (0.1494) and FQMS (0.1630), indicating superior preservation of surface normal consistency.
Meanwhile, the proposed method maintains geometric errors comparable to QEM across different
simplification levels. At a ratio of 0.05, the P;p value is 0.6043, lower than QEM (0.6632) and
significantly better than FQMS (0.8936), demonstrating that the learning-guided strategy effectively
improves simplification quality while preserving geometric accuracy.

Regarding the dynamic regulation mechanism, the proposed progress-aware threshold function
G(t), together with the staged inference strategy, plays a critical role. This mechanism enables a
smooth transition from early-stage feature preservation to late-stage global error optimization. The
effectiveness of this design is further supported by the win-rate analysis, where the proposed method
achieves strong advantages across most metrics. Specifically, the average win-rate with respect to
QEM exceeds 70% for both P,z and Pyg, while comparisons with FQMS show near 100% win-rates
on Pyg and Pcp. These results indicate that the method is highly effective in preserving overall
geometric structure. Moreover, the staged update of graph features helps mitigate topological drift
during simplification, ensuring stable normal consistency even under high compression ratios. In
terms of spatial error distribution, the proposed method produces smoother and more continuous
error fields, effectively reducing local error concentrations and yielding simplified meshes that more
closely follow the original geometric contours, particularly in high-curvature regions where more
natural structural transitions are preserved.

The relatively weaker performance in the Py, metric reflects a fundamental trade-off between
strict feature preservation and uniform error distribution. By explicitly protecting high-curvature
structures and enforcing rigorous topological checks (e.g., the Link Condition), edge collapses under
high compression are inevitably concentrated in geometrically flat regions, causing localized error
accumulation. Consequently, while our method preserves sharp features significantly better than
QEM on complex models, it sacrifices some Py, performance. This effect naturally weakens and
may even vanish on simple geometric shapes (e.g., the dog model). Ultimately, this represents a
controlled compromise for structural fidelity, while future work will further reduce GNN inference
overhead and explore the incorporation of non-geometric attributes such as texture.

6. Conclusions

We propose a triangular mesh simplification method guided by structure-aware GNNs, which
integrates learned structural importance with the classical QEM. This approach enhances the
preservation of critical structural features while maintaining overall geometric stability. Overall, the
proposed method demonstrates consistent performance across multiple dimensions, including
normal consistency, global structural integrity, and geometric error control, albeit with an inherent
trade-off regarding local topological manifoldness. The main conclusions are as follows:

(1) GNN-guided QEM hybrid mesh simplification framework enables interpretable fusion of
data-driven structural awareness and classical geometric optimization.

(2) Spectral geometry and multi-scale neighborhood-based structural representation network
improves recognition of complex geometric structures.

(3) Dynamic cost soft modulation and staged inference achieve a balance between feature
preservation and error control.

Despite the demonstrated effectiveness, several limitations remain for future investigation:

(1) While the overall effectiveness of the proposed framework has been demonstrated, future
work will include a systematic ablation study of its key components, namely the dual-branch
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architecture, dynamic soft modulation, and staged inference, to rigorously isolate their individual
contributions.

(2) Although staged inference reduces computation, each stage still requires graph
reconstruction and GNN estimates. Furthermore, compared with purely geometric baselines that are
highly optimized in C++, our current Python-based implementation introduces additional interpreter
overhead during large-scale dynamic topological updates. This combined overhead may limit
scalability to very large meshes. To improve overall efficiency and deployment capability, future
work will migrate the core Python-based QEM module to optimized C++/CUDA implementations.
In parallel, future research could also explore lightweight network architectures, graph sampling
strategies, or incremental update mechanisms to improve efficiency.

(3) The current structural importance prediction relies mainly on geometric attributes such as
dihedral angles, edge lengths, and topology, without explicitly incorporating texture, color, or
semantic information. For models with complex appearance (e.g., 3D geological models, scanned
cultural heritage objects), such information is crucial for visual fidelity. Future work could integrate
texture features, semantic labels, or multimodal cues to achieve a more comprehensive, structure-
aware mesh simplification.
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