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Figure 1. FA-QEM delivers high-fidelity and efficient mesh simplification. We compare against Liu et al. (STMW) [17], QEM4VR [1],
QEM [5], RobustLPM [2], CWF [30], and ICE [16] at 10% resolution. F and T denote face count and runtime (s). Close-ups show that
FA-QEM preserves sharp geometry and fine textures under aggressive simplification while achieving significantly lower runtimes. Several
baselines do not support texture transfer. Additional results are in the supplementary.

Abstract

The rapid growth of 3D content from modern reconstruc-
tion and generative pipelines, such as neural rendering and
large-scale 3D asset generation, has led to an abundance of
dense, noisy, and often non-manifold meshes. While these
representations achieve high visual fidelity, their complex-
ity poses significant challenges for downstream applica-
tions in simulation, AR/VR, and scientific computing, where
efficient and reliable geometry is essential. This neces-
sitates mesh simplification methods that are not only fast
and robust to “in-the-wild” inputs, but also capable of pre-
serving fine geometric structures and high-quality appear-
ance. In this paper, we propose Feature-Aware Quadric
Error Metric (FA-QEM), a comprehensive mesh simplifi-
cation pipeline designed for modern 3D assets. Our ap-
proach introduces a novel multi-term quadric error formu-
lation that jointly encodes geometric deviation, boundary
curvature, and surface normal consistency, enabling op-
timal vertex placement that preserves sharp features even
under aggressive simplification. Furthermore, we show
that high-fidelity geometric simplification significantly im-
proves downstream appearance transfer, serving as a su-
perior front-end for texture mapping via successive map-
ping techniques. We conduct extensive evaluations on both
AI-generated meshes and large-scale real-world datasets,
including Thingi10K and the Real-World Textured Things

dataset. Our results demonstrate that FA-QEM achieves
consistently lower geometric error, better visual fidelity, and
substantially faster runtimes compared to existing methods,
while maintaining robustness across diverse and challeng-
ing inputs. These properties make FA-QEM a practical
and effective component for scalable 3D reconstruction and
generation pipelines.

1. Introduction
Recent advances in 3D reconstruction and generative mod-
els, such as Neural Radiance Fields (NeRF) [22] and 3D
Gaussian Splatting (3DGS) [13], have led to a rapid increase
in high-fidelity 3D assets. However, meshes extracted from
these pipelines [6, 18, 23] are often dense, noisy, and non-
manifold, limiting their usability in downstream applica-
tions such as simulation, AR/VR, and scientific computing.

To make these assets practical for downstream tasks such
as simulation, scientific computing, and VR/AR, they must
be converted into efficient geometric representations. How-
ever, a trade-off exists between visual fidelity and computa-
tional efficiency. High-polygon meshes impose significant
computational overload, leading to reduced performance,
higher latency, and inefficiencies in downstream pipelines.

Mesh simplification is a key step in addressing this chal-
lenge, reducing geometric complexity while preserving vi-
sual appearance. The Quadric Error Metric (QEM) [5] re-



mains a foundational approach due to its efficiency and ef-
fectiveness. However, as 3D data has become more diverse
and complex, traditional QEM [5] and its variants [4] strug-
gle to handle modern “in-the-wild” meshes arising from re-
construction and generative pipelines. Robust methods [17]
capable of handling non-manifold and noisy inputs often
sacrifice fine geometric details, while feature-preserving ap-
proaches [1] tend to be brittle and restrict achievable sim-
plification. This creates a fundamental trade-off between
robustness, fidelity, and efficiency.

In addition, computational efficiency remains a major
bottleneck. Many high-quality simplification techniques
are too slow for practical deployment in large-scale 3D
pipelines, limiting their applicability in real-world systems
such as simulation environments, digital twins, and interac-
tive applications. Consequently, there is a critical need for
mesh simplification methods that are simultaneously fast,
robust to real-world inputs, and capable of preserving both
geometric and appearance fidelity.

In this paper, we introduce FA-QEM (Feature-Aware
Quadric Error Metric), a comprehensive mesh simplifica-
tion pipeline designed for modern 3D assets. Our method
addresses the trilemma of speed, robustness, and fidelity
through a novel multi-term QEM formulation that incor-
porates curvature-aware boundary constraints and normal
preservation to maintain sharp geometric features under ag-
gressive simplification. Furthermore, we show that high-
quality geometric simplification serves as a critical front-
end for appearance transfer, significantly improving the
effectiveness of texture mapping via successive mapping
techniques.

Our contributions are: (1) A unified multi-term QEM
formulation for joint geometry and feature preservation, (2)
A geometry-first pipeline that improves downstream texture
transfer, (3) A fast and robust implementation for in-the-
wild meshes.

Through extensive qualitative and quantitative evalua-
tions, we show that FA-QEM produces simplified meshes
with superior geometric accuracy, visual fidelity, and run-
time performance across diverse datasets, including both
AI-generated and real-world meshes. As illustrated in
Fig. 1, our approach consistently outperforms prior meth-
ods, enabling efficient and reliable processing of modern 3D
assets. Unlike prior QEM-based extensions that treat con-
straints independently, FA-QEM provides a unified multi-
objective formulation that balances robustness, fidelity, and
efficiency in a single optimization framework.

2. Related Work
Foundational Work. Mesh simplification is a core topic
in graphics and 3D vision [3, 20]. Early work on remesh-
ing [11, 28], clustering [19, 24], and decimation [7, 25] led
to edge collapse methods [9] and the Quadric Error Metric

(QEM) [5], which remains widely used due to its efficiency
and fidelity.

Attribute-Preserving QEM. Extensions of QEM pre-
serve attributes such as boundaries [4], volume [15],
color [4, 10], probabilistic distributions [27], and intrinsic
geometric properties [16]. However, these typically treat
constraints independently. In contrast, FA-QEM uses a uni-
fied multi-term quadric encoding boundary curvature, nor-
mals, and geometry, enabling more stable, feature-aware
simplification for complex meshes.

Meshes in the Wild and Texturing. Modern reconstruc-
tion and generative methods produce dense, noisy, and
often non-manifold meshes. Outputs from NeRF [22],
3DGS [13], and related approaches extracted via Marching
Cubes [18] or hybrid methods [26] are particularly chal-
lenging. Liu et al. (STMW) [17] addresses robustness
via successive mapping, but appearance quality depends on
geometric fidelity. FA-QEM improves this by producing
higher-quality geometric “canvases” for texture transfer.

Other Strategies and Our Positioning. Alternative
methods include variational remeshing [2, 14] and feature
consolidation [30], which are often computationally expen-
sive. Unlike remeshing-based methods, FA-QEM preserves
input topology, contributing to both efficiency and stability.
Learning-based approaches [8] require training and strug-
gle with out-of-distribution meshes. In contrast, FA-QEM
is a general-purpose, training-free method designed as a
lightweight component in modern 3D pipelines, enabling
efficient conversion of dense meshes into compact, high-
quality assets.

3. Method
Our goal is to design a fast and robust mesh simplification
method tailored for modern 3D pipelines, where dense and
unstructured meshes produced by reconstruction and gener-
ative models must be converted into efficient, high-fidelity
geometric assets. These settings arise in applications such
as scientific computing, simulation, digital twins, and im-
mersive AR/VR, where preserving salient geometry and ap-
pearance under aggressive reduction is essential. While
classic QEM [5] focuses solely on minimizing geometric
deviation, it often fails on modern, complex assets that ex-
hibit noise, non-manifold topology, and high-frequency de-
tails. We extend QEM with multi-objective penalties tai-
lored to these challenges, yielding a more expressive error
metric that preserves both geometry and appearance in real-
world scenarios.

Our method FA-QEM is a two-stage pipeline designed
as a lightweight post-processing module for modern 3D as-



sets, as illustrated in Figure 2. In the first stage, we compute
optimal edge collapse positions using our proposed multi-
objective QEM formulation. The core of our algorithm is an
iterative edge collapse process guided by a priority queue
over candidate edges. At each iteration, the lowest-cost
edge is collapsed, and neighboring costs are updated until
the desired target resolution is reached. In the second stage,
we transfer appearance from the original mesh to the sim-
plified mesh using a successive mapping strategy, ensuring
high-fidelity texture preservation.

We discuss each of these steps in the following sections.

3.1. Preliminaries - Quadric Error Metric
We briefly outline the Quadric Error Metric (QEM) frame-
work [5]. QEM associates a 4×4 symmetric matrix Q with
each vertex, encoding the sum of squared distances to its
incident face planes. The error for a vertex v = [x, y, z, 1]T

is computed as ∆(v) = vTQv.
The quadric for a vertex vi is the sum of fundamental

quadrics Kp = ppT for all its incident planes p (where p
defines the plane equation p · x = 0).

Kp = ppT , Qi =
∑

p∈planes(vi)

Kp. (1)

When collapsing an edge (vi,vj) to a new vertex v′, the
new quadric is simply Q′ = Qi +Qj . The optimal position
for v′ is found by minimizing the error ∆(v′) = v′TQ′v′,
which reduces to solving a small 3 × 3 linear system. Fol-
lowing standard practice, if this system is singular or ill-
conditioned, we fall back to selecting the vertex from the
set {vi,vj , (vi + vj)/2} that yields the minimum error ∆.

3.2. FA-QEM: Proposed Feature-Aware QEM
Our proposed method, FA-QEM, is a two-stage pipeline
for geometry optimization and appearance preservation in
modern 3D assets. It is designed to robustly simplify
meshes produced by reconstruction and generative pipelines
while maintaining high visual fidelity. The first stage
(Sec. 3.2.1) introduces our core contribution: a composite
quadric formulation for feature-aware geometric simplifica-
tion. The second stage (Sec. 3.2.3) performs texture transfer
via successive mapping on the resulting high-quality geom-
etry.

The geometric simplification procedure is detailed in Al-
gorithm 1. We first initialize a composite geometric-feature
quadric, Qgf , for every vertex (Line 2). This Qgf is a
weighted sum of three distinct components: a base quadric,
a boundary/curvature quadric, and a normal quadric (de-
tailed in Sec 3.2.1). We then populate a priority queue
with all edges, ranked by a total cost function (Line 3).
This costtotal (Eq. 2) combines the geometric cost from
our new quadric (costgf ) with a separate area preservation

cost (costarea). This second term is crucial for preserv-
ing the silhouette and rim of models with open boundaries
by penalizing collapses that would distort these regions.
Finally, the algorithm iteratively collapses the lowest-cost
edge (Lines 5-12) until the target face count is met.

costtotal(v
′) = costgf (v

′) + warea · costarea(v′) (2)

Algorithm 1 FA-QEM
Input: Original Mesh Moriginal, target face count ntarget

Parameters: All weights {w}
Output: Simplified textured mesh Msimplified

1: procedure FA-QEM(M,ntarget)
2: {Qk

gf} ← INITIALIZEGFQUADRICS(M, {w}) ▷ Sec. 3.2.1
3: P ← POPULATEPRIORITYQUEUE(M, {Qgf}) ▷ Using ComputeCost
4: H ← EmptyList() ▷ Collapse history for mapping
5: while FACECOUNT(M ) > ntarget and not P.IsEmpty() do
6: (cost, e,v′)← P.Pop()
7: if not CAUSESFLIP(e,v′) then
8: H.Append(info(e,v′))
9: (M, {Qgf})← COLLAPSEEDGE(M, e,v′, {Qgf})

10: UPDATENEIGHBORCOSTS(P , edges adjacent to collapse)
11: end if
12: end while
13: Msimplified ←M
14: TEXTUREBAKEVIASUCCESSIVEMAP(Msimplified,Moriginal, H) ▷

Sec. 3.2.3
15: return Msimplified

16: end procedure
17: function COMPUTECOST(e(vi,vj), {Qgf})
18: Q′

gf ← Qi
gf + Qj

gf

19: v′ ← FINDOPTIMALPOSITION(Q′
gf )

20: costgf ← (v′)TQ′
gfv

′

21: costarea ← (v′)T COMPUTEAREAQUADRIC(e)v′

22: return costgf + warea · costarea

23: end function

The following sections will now detail the precise for-
mulation of each component of this cost function.

3.2.1. Geometric Feature Cost
We define the total geometric-feature cost to collapse an
edge with endpoints (vi,vj) to a new vertex v′ as

costgf (v
′) = v′TQ

′

gfv
′ (3)

where Q
′

gf is the total geometric-feature quadric, which
is the sum of individual quadrics of vertices vi and vj ,
i.e., Q

′

gf = Qi
gf + Qj

gf . We propose that the individual
geometric-feature quadric of kth vertex Qk

gf is a composite
of three key geometric components as shown in equation 4.

Qk
gf = Qk

base +Qk
boundary +Qk

normal (4)

Area-Weighted Base Quadric (Qbase) : To promote ag-
gressive simplification in low-frequency surface regions, we
reduce the influence of large flat triangles using inverse-area
weighting and compute the total weighted base quadric as:

Qbase =
∑

p∈planes(vi)

Kp

wplane area ·Ap
(5)
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Figure 2. Overview of the FA-QEM pipeline. We construct a composite quadric Qgf from base, boundary–curvature, and normal-
alignment terms to define costgf , alongside an area-preservation quadric QA with cost costarea. Edge collapses are guided by a weighted
combination yielding costtotal. After simplification, successive mapping ensures consistent, high-fidelity texture transfer. See Sec. 3.2 for
details.

where Kp is the face-plane quadric from Eq. 1, Ap is its
area, and wplane area is the area weight. This formulation
reduces the error penalty for collapses in flat, low-frequency
regions (which have large Ap), thereby promoting simplifi-
cation. This concentrates preservation on high-curvature,
detail-rich areas (which have smaller Ap and thus a higher
relative cost).
Boundary and Curvature Preservation (Qboundary):
Sharp creases and curves are crucial geometric features of
a 3D shape. To preserve such fine details, we apply an ad-
ditional penalty at boundary edge vertices. A mesh edge is
identified as a boundary if it belongs to only one face, and its
vertices are called boundary vertices. For a boundary vertex
v1 that has exactly two neighbors along the boundary chain,
denoted v2 and v3. We estimate the local curvature κ using
a discrete approximation based on the finite differences of
the boundary chains. This constraint ensures the calcula-
tion is performed on a simple, continuous boundary curve
and does not incorrectly involve vertices from the interior
of the mesh.

κ =

∥∥δ′ × δ′′
∥∥∥∥δ′∥∥3 , δ′ = v3 − v2, δ′′ = v3 − 2v1 + v2

(6)
We then construct a curvature-scaled quadric penalty us-

ing two virtual planes. The first plane, p1 is orthogonal
to the triangle formed by v1,v2,v3 and encodes the lo-
cal surface orientation. The second plane, p2, aligns with
the boundary edge direction to discourage simplification
along sharp boundary curves. The total boundary quadric is
constructed by summing the base quadrics of both planes,
scaled by the estimated curvature κ as follows:

p1 = [n1,−n1 · v1], n1 = (v1 − v2)× (v3 − v1) (7)
p2 = [d,−d · v1], d = v1 − v2 (8)

Qboundary = wboundary · κ · (p1p
T
1 + p2p

T
2 ) (9)

This discourages collapses in regions of high bound-
ary curvature, helping preserve sharp features and edge in-
tegrity. The dual-plane constraint forms a stronger “splint”
than prior approaches such as QEM4VR [1], which rely on
a single, arbitrarily oriented penalty plane and thus offer
weaker protection against feature flattening.

Normal Preservation (Qnormal): To retain high frequency
surface details from the original mesh we penalize devia-
tions from the original mesh vertices normal. Precisely,
for each vertex vk with unit normal nk = [nx, ny, nz]

T ,
we define a tangent plane p that passes through vk as
p = [nx, ny, nz,−nk · vk]

T . We then compute the total
penalty cost (Qnormal) for preserving this tangent plane.
This penalty penalizes any new vertex position v′ that devi-
ates from this original tangent plane, restricting movement
along the normal and thus reducing faceting artifacts.

Qnormal = wnormal · ppT (10)

3.2.2. Area Preservation Cost
3D models with significant open boundaries are common in
VR and gaming assets. Preserving the shape and extent of
the model’s rim is essential to maintain silhouette and topo-
logical fidelity. A common failure mode in mesh simplifica-
tion is the excessive collapse of boundary edges, which can
visually shrink or distort the boundary regions. To address
this, we adapt the area-based boundary preservation quadric
proposed by Lindstrom and Turk [15], which penalizes edge
collapses that significantly reduce the local boundary area.

Unlike the standard quadrics that measure deviation from
surface planes, the area quadric encodes the change in sur-
face area introduced by collapsing a boundary edge. This
area preservation cost (costarea), is computed indepen-
dently and added to the total cost (refer equation 2). The
computation proceeds as follows: given a candidate edge
(vi,vj) and estimated collapse point v′, we construct to-
tal area preservation quadric QA from the one-ring neigh-
borhood of vi and vj , but only considering their incident
boundary edges (i.e., edges shared by a single face). For
each boundary edge (vr,vs), where r ∈ {i, j} and s is
a boundary neighbor, we define an edge vector: ers =
vs − vr, triangle vector: trs = vr × vs, and cross-product
matrix: E = [eab]×, where

[x]× =

 0 −xz xy

xz 0 −xx

−xy xx 0


The total area quadric QA for an edge can be computed



as below, where Qrs is the per-edge area quadric.

QA =
∑
(r,s)

Qrs, Qrs =
1

2

[
ETE −Etrs

−(Etrs)
T tTrstrs

]
(11)

Finally, we compute the boundary area preservation cost
for the proposed vertex v′ = [x, y, z, 1]T as costarea(v′) =
v′TQAv′. This additional term discourages collapses that
would significantly reduce or distort the rim area of the
mesh. The influence of this cost is controlled via the user-
defined weight warea in equation 2.

3.2.3. Texture Transfer via Successive Mapping
Once we obtain the geometrically simplified mesh
Msimplified, our objective is to accurately transfer appear-
ance from the original mesh Moriginal. This step is par-
ticularly important in modern 3D pipelines, where high-
resolution textures from reconstruction or generative mod-
els must be preserved after aggressive geometric simplifi-
cation. To achieve this, we adopt a simplified version of
the robust successive mapping method [17], which enables
stable and high-fidelity appearance transfer.

T : Msimplified → Moriginal (12)

Our Successive Mapping Process: During simplification,
we record the full sequence of edge collapses, forming a
progressive history. The successive mapping func-
tion leverages this history by iteratively reversing each col-
lapse, starting from the final simplified mesh Msimplified

and working backward to the original mesh Moriginal.
At each ith step of successive mapping, a vertex in

M i+1
simplified is un-collapsed into its two parent vertices in

M i
simplified. Rather than performing a computationally ex-

pensive geometric projection of sample points onto the re-
stored surface, we apply a simple and effective heuristic:
each point associated with the collapsed vertex is reassigned
to the closer of the two parent vertices. This step-wise, local
reversal ensures that the mapping remains spatially consis-
tent with the original simplification path. In contrast, di-
rect one-shot projection methods can fail on thin structures
or complex geometry [12, 17], e.g., incorrectly mapping a
point to the opposite side of a thin wall. Our successive
strategy avoids such errors by preserving the collapse lin-
eage, producing mappings that are both stable and locality-
preserving.
Final Texture Baking: Once the correspondence map T
is established, we generate a new texture for the simplified
mesh by sampling its surface and querying appearance from
the original mesh. For each point p ∈ Msimplified, we eval-
uate T (p) ∈ Moriginal and sample the corresponding color
from the original texture. The resulting appearance data is
then baked into a new texture atlas using standard param-
eterization techniques, e.g., per-triangle flattening [32], or
optionally encoded as per-vertex color attributes.

By eliminating reliance on the original UV layout, our
approach avoids texture bleeding artifacts, resolves issues
at UV seams [1], and offers higher texture fidelity on ag-
gressively simplified meshes.

3.3. Topological Integrity and Robustness
Our method is designed to handle meshes in the wild, a term
encompassing meshes that may exhibit a variety of complex
conditions. Figure 3 illustrates several of these key geomet-
ric features, including non-manifold vertices, open bound-
aries, and disconnected components, which our algorithm
is built to address. We incorporate several key strategies to
ensure topological robustness during simplification:

Normal Flip Prevention: Before committing to any
edge collapse, we validate the operation by checking for
surface orientation reversals. For each face adjacent to the
collapsing edge, we compute the triangle normals before
and after the collapse. If the dot product between any corre-
sponding pair of normals is negative, indicating a potential
flip or inversion, the collapse is rejected. This prevents ar-
tifacts such as inverted normals and ensures the resulting
surface maintains correct orientation.

Support for Non-Manifold Geometry: Our mesh data
structures and collapse procedure are designed to handle
non-manifold conditions. We maintain generalized vertex-
to-vertex and vertex-to-face adjacency without assuming
manifoldness. This enables our algorithm to operate reli-
ably on real-world assets, including those with T-junctions,
self-intersections, and duplicated edges.

Virtual Edge Insertion for Component Merging: To
simplify meshes with multiple disconnected components,
we optionally introduce virtual edges between spatially
proximate components. These edges are not part of the
original mesh topology but serve as collapse candidates.
Proximity is determined by a distance threshold relative
to the model’s bounding box diagonal, and several safe-
guards prevent the creation of degenerate zero-length edges,
as detailed in our supplementary material. This encourages
merging of disconnected fragments into a single, cohesive
low-poly mesh, improving both compactness and down-
stream usability in applications such as simulation, digital
twins, and large-scale 3D processing pipelines.

4. Experiments
To validate the effectiveness, robustness, and practical util-
ity of FA-QEM in modern 3D pipelines, we conduct a com-
prehensive set of experiments. Our evaluation is designed
to assess performance on both real-world and generated
3D assets, reflecting the challenges posed by contempo-
rary reconstruction and generative methods. Specifically,
we use two complementary datasets: (1) For geometric ac-
curacy, robustness, and scalability, we use the challenging
Thingi10K dataset [34], which contains diverse, noisy, and



Figure 3. Key mesh terminology. A boundary edge is incident to
one face, a non-manifold edge is shared by more than two faces,
and a virtual edge is an artificial collapse candidate used to merge
nearby disconnected components.

Table 1. Hyperparameters used in all experiments. These fixed
weights control geometric fidelity, boundary preservation, area
regularization, and normal alignment in the FA-QEM composite
quadric, and are kept constant across datasets.

Parameter Value Purpose

warea 100.0 Weight for boundary area preservation cost.
wboundary 500.0 Scales the curvature-based boundary penalty.
wuv 5000.0 Multiplicative penalty for vertices on UV seams.
wnormal 0.01 Weight for the normal preservation quadric.
wplane area 1.0 Controls the strength of inverse-area weighting.

non-manifold meshes representative of real-world and user-
generated content; (2) for appearance preservation, we use
the Real-World Textured Things dataset [21], which con-
tains high-resolution textured scans suitable for evaluating
texture fidelity. This setup allows us to rigorously evalu-
ate FA-QEM as a component for converting dense, unstruc-
tured meshes into efficient, high-quality 3D assets.

We compare FA-QEM against representative classical
and state-of-the-art methods on the above datasets and also
on AI generated meshes [29, 33]: QEM [5], QEM4VR [1],
ICE [16], RobustLPM [2], CWF [30], and Liu et al.
(STMW) [17]. All experiments are conducted on a CPU
to demonstrate the method’s efficiency without reliance on
GPU acceleration.

To ensure a fair and reproducible comparison, all hy-
perparameters (refer Table 1) for FA-QEM were kept fixed
across all datasets and experiments, demonstrating the gen-
eral applicability of our method. A detailed breakdown of
these parameters is provided in the supplementary material.

4.1. Geometric Evaluation and Performance
A primary design goal of FA-QEM is to robustly simplify
complex, real-world meshes while maintaining high geo-
metric fidelity and efficiency. We evaluate these properties
on the Thingi10K dataset [34], which serves as a challeng-
ing benchmark due to its prevalence of non-manifold ge-

ometry, noise, and irregular topology. These characteris-
tics closely resemble meshes produced by modern recon-
struction and generative pipelines. Our method achieves
a 100% success rate, successfully processing all 10,000
meshes down to 1% of their original face count without fail-
ure, demonstrating strong robustness in real-world scenar-
ios.

The geometric error metrics in Table 2 further show that
this robustness does not come at the cost of fidelity. The
qualitative examples in Figure 4 are drawn directly from this
challenging dataset and serve as visual substantiation of our
method’s ability to handle complex and irregular inputs.

Beyond robustness, we evaluate geometric fidelity and
speed. We decimate each mesh to 10% and 1% of its origi-
nal resolution and report the symmetric Hausdorff distance,
mean squared Chamfer distance, and average runtime. As
shown in Table 2, FA-QEM consistently achieves the lowest
geometric error, indicating superior preservation of shape
and fine details, and enabling the generation of compact,
high-fidelity meshes suitable for downstream applications.

We further compare with the recent Robust Low-Poly
Meshing (LPM) method [2]. Since the implementation re-
leased by the authors only runs on a specific subset of 100
models of Thingi10K dataset, a direct comparison within
our main benchmark was not possible. We therefore com-
pare FA-QEM on this same subset. On this specific subset,
our FA-QEM outperforms Robust LPM, achieving Haus-
dorff/Chamfer errors of 0.0050/0.00043 compared to their
0.0280/0.00102. We attribute the performance gain due to
the difference in the methodologies i.e., RobustLPM is a
remeshing algorithm that generates a new mesh topology,
while our decimation-based FA-QEM preserves the origi-
nal topology as much as possible.

Critically, this high fidelity is achieved with a signifi-
cant performance advantage. Table 2 shows that FA-QEM
is substantially faster than other robust and feature-aware
techniques like Liu et al. (STMW) [17], CWF [30] and
QEM4VR [1]. This efficiency is attributed to a synergy
between our streamlined quadric formulation and an opti-
mized implementation. Our method is designed to translate
complex feature goals into efficient linear algebraic opera-
tions, and our use of JIT-compilation for numerical hotspots
ensures this theoretical efficiency is realized in practice. A
detailed runtime profile is shown in Table 6. A further de-
tailed discussion is provided in the supplementary material.
Qualitative comparisons in Figure 4 further illustrate that
FA-QEM preserves sharp features and avoids the geometric
and textured artifacts seen in other methods. This efficiency
makes FA-QEM particularly well-suited for integration into
large-scale 3D processing pipelines where both speed and
fidelity are critical.

Our method’s robustness extends to a variety of challeng-
ing cases, including large-scale meshes, noisy scans, and



Table 2. Quantitative results on Thingi10K [34]. We report average Hausdorff and Chamfer distances at 10% and 1% resolutions. FA-
QEM achieves the lowest geometric error while also providing significantly faster runtime than prior quadric-based and feature-preserving
methods.

10% Resolution 1% Resolution
Method Hausdorff(×10−1) ↓ Chamfer(×10−1) ↓ Time(s) ↓ Hausdorff(×10−1) ↓ Chamfer(×10−1) ↓

QEM [5] 0.13 0.4600 4.25 0.57 1.3700
QEM4VR [1] 0.78 0.0136 29.01 2.75 0.1386
ICE [16] 2.71 0.2815 16.55 4.25 0.8254
CWF [30] 0.66 0.0189 21.77 - -
Liu et. al (STMW) [17] 0.10 0.2900 37.70 0.44 1.1100
FA-QEM 0.08 0.0072 10.60 0.25 0.0173

F=500,T=128 F=500,T=29 F=500,T=3.5F=500,T=5.3

F=500,T=134 F=500,T=12 F=500,T=3.5F=500,T=5.6

F=5000

F=5001

F=13613,T=10816 F=13613,T=12333F=13613,T=1354F=136136

QEM RobustLPMCWF
F=500,T=22.4 F=500,T=3.3 F=500,T=152.2

F=500,T=22.8 F=500,T=2.2 F=500,T=199.9

F=13613,T=511.6 F=13613,T=7950.2

Figure 4. Qualitative comparison with state-of-the-art methods. We compare geometric and textured meshes simplified to a fixed face
count F . T denotes runtime (s), and a red X indicates failure to reach the target resolution. Top two rows are from the Real-World Textured
Things dataset [21], and the bottom row shows an AI-generated mesh [33]. FA-QEM preserves fine geometry and texture under aggressive
simplification while achieving lower runtimes. See supplementary for additional results.

Table 3. Runtime breakdown of FA-QEM on the mesh in Fig. 1.
Most computation occurs in the iterative edge collapse loop, domi-
nated by vertex placement and neighborhood updates. Percentages
are normalized to total runtime.

Component % of Total Runtime

Initial Quadric Construction (Sec 3.2.1) 25%
Priority Queue Population 15%
Iterative Collapse Loop 55%

- Edge Pop from Queue 5%
- Optimal Position Solve 20%
- Area Cost Calculation 10%
- Neighbor Updates 20%

Successive Mapping & Texture Bake 5%

models with disconnected components. We provide a more
detailed breakdown of our method’s performance on these
challenging cases, including its handling of non-manifold
geometry and noisy scans, in Section 10 of the supplemen-
tary material.

4.2. Texture Preservation Evaluation
To assess appearance preservation, which is critical for
modern reconstruction and generative pipelines, we eval-
uate texture fidelity using the Real-World Textured Things
dataset [21]. We focus on a subset of approximately 400
meshes with a single texture image and simplify each mesh
to 1% of its original resolution. We measure texture qual-
ity using the symmetric Chamfer distance on textures [31],
which captures perceptual fidelity independent of view-
point.

As our method generates new texture coordinates via
successive mapping, we compare only against methods that
follow a similar attribute transfer philosophy. FA-QEM
achieves a texture error of 0.099. This result is highly
competitive with the state-of-the-art method by Liu et al.
(STMW) [17], which scores 0.078. This slight gap is ex-
pected, as Liu et al. (STMW) [17] directly optimizes for
texture consistency, whereas our method prioritizes geomet-
ric fidelity, leading to a better overall speed-quality trade-



Table 4. Ablation study of FA-QEM components. Each row in-
crementally adds one term to the composite metric. We report ge-
ometric (Hausdorff, Chamfer) and texture Chamfer errors at 10%
resolution. Each component improves performance, with the full
model achieving the best results.

Configuration Geometric Geometric Texture
Hausdorff Chamfer Chamfer

(×10−1)(↓) (×10−1)(↓) (×10−1)(↓)

(1) FA-QEM (w/ all w’s=0) 0.1970 0.0267 0.1141
(2) + warea 0.1404 0.0173 0.1115
(3) + wplane area 0.1230 0.0135 0.1109
(4) + wboundary 0.0910 0.0084 0.1035
(5) Full FA-QEM (+ wnormal) 0.0800 0.0072 0.0990

off.
While their error is slightly lower, our method is over

3.5x faster (10.60s vs 37.70s, as shown in Table 2), offering
a significantly more practical trade-off between speed and
fidelity for real-world 3D pipelines. By decoupling geome-
try from the original UV layout and using a robust succes-
sive mapping strategy, our method effectively mitigates the
stretching and bleeding artifacts that constrain traditional
UV-preserving approaches.

4.3. Ablation Study
To understand the individual contribution of each term in
our composite cost function, we conduct a cumulative ab-
lation study. Starting from FA-QEM with all weights equal
to zero, we incrementally enable each proposed component
and measure the resulting geometric and texture error. The
results, summarized in Table 4, demonstrate the clear ben-
efit of each component. The introduction of boundary area
(warea), area weighting (wplane area), and our dual-plane
boundary preservation (wboundary) progressively reduces
geometric error. The addition of the normal preservation
term (wnormal) provides the final significant improvement
in both Hausdorff and Chamfer distance. The full FA-QEM
model, integrating all components, achieves the best overall
performance, confirming that our joint optimization leads to
superior simplification in both geometry and appearance.

Our findings confirm each component’s value. Boundary
area preservation (warea) reduces error on non-watertight
models. Inverse area weighting (wplane area) and nor-
mal preservation (wnormal) improve fidelity in high-detail
regions. Finally, our dual-plane boundary preservation
(wboundary) preserves sharp creases and corners.

To further validate our composite metric and address the
rigor of our design choices, we conducted a sensitivity anal-
ysis on our key hyperparameters. Our analysis shows the
impact of varying wboundary, the weight for our novel cur-
vature preservation quadric (Sec. 3.2.1). This parameter is
central to our “Feature-Aware” contribution.

The graph plots geometric error (Hausdorff and Cham-
fer) against the parameter value. The error is high when

wboundary = 0, confirming the findings of our ablation
study (Table 4). The error metrics drop to a distinct min-
imum at or near our chosen value of 500. Importantly, the
“U-shaped” curve is shallow around this optimum, indicat-
ing that our method is robust and not overly sensitive to this
parameter.

We conducted an identical analysis for our other key
weights, warea, wnormal, and wplane area. All parameters
exhibited similar stable, U-shaped curves, confirming their
contribution. For completeness, the full sensitivity analy-
sis, including all graphs, is provided in the supplementary
material.

4.4. Limitations and Failure Cases
While FA-QEM demonstrates strong robustness on the
challenging Thingi10K dataset, our method is not without
limitations.

Complex Topologies: Our method can handle discon-
nected components via virtual edge insertion. However,
some scenarios remain challenging, such as meshes with ex-
tremely thin, interleaved, or self-intersecting surfaces. For
example, a model of two chain-link fences passing through
each other may cause our virtual edge heuristic to create
ambiguous connections.

Texture Mapping: Our texture transfer relies on the
successive mapping heuristic from [17]. While effective,
this mapping could potentially be improved with higher-
precision projections for highly contorted regions. In such
pathological cases, the successive mapping could incor-
rectly associate points from one surface with another across
a thin gap. We identify these specific, complex cases as an
avenue for future work.

Overall, these results demonstrate that FA-QEM pro-
vides a robust, efficient, and high-fidelity solution for sim-
plifying complex meshes, making it a practical and effec-
tive component for modern 3D reconstruction and genera-
tive pipelines.

5. Conclusion
We introduced FA-QEM, a fast, robust, and feature-aware
mesh simplification pipeline that addresses the trade-off be-
tween performance and visual fidelity. Our key contribution
is a composite Quadric Error Metric that jointly models
geometric deviation, boundary curvature, and normal
consistency, enabling high-quality simplification of noisy
and non-manifold meshes. We further show that improved
geometric simplification enhances texture transfer via
successive mapping. Experiments on real-world and AI-
generated datasets demonstrate state-of-the-art geometric
and textural fidelity with significantly lower computational
cost. Overall, FA-QEM provides a scalable solution
for converting dense meshes into compact, high-quality
assets, enabling efficient use in modern 3D reconstruc-
tion, generative pipelines, and downstream applications.
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[14] Bruno Lévy and Yang Liu. Lp centroidal voronoi tessellation
and its applications. ACM Trans. Graph., 29(4), 2010. 2

[15] P. Lindstrom and G. Turk. Fast and memory efficient polyg-
onal simplification. In Proceedings Visualization ’98 (Cat.
No.98CB36276), pages 279–286, 1998. 2, 4

[16] Hsueh-Ti Derek Liu, Mark Gillespie, Benjamin Chislett,
Nicholas Sharp, Alec Jacobson, and Keenan Crane. Surface
simplification using intrinsic error metrics, 2023. 1, 2, 6, 7

[17] Hsueh-Ti Derek Liu, Xiaoting Zhang, and Cem Yuksel. Sim-
plifying triangle meshes in the wild, 2024. 1, 2, 5, 6, 7, 8, 3,
4

[18] William E. Lorensen and Harvey E. Cline. Marching cubes:
A high resolution 3d surface construction algorithm. SIG-
GRAPH Comput. Graph., 21(4):163–169, 1987. 1, 2

[19] Kok-Lim Low and Tiow-Seng Tan. Model simplification us-
ing vertex-clustering. In Proceedings of the 1997 Sympo-
sium on Interactive 3D Graphics, page 75–ff., New York,
NY, USA, 1997. Association for Computing Machinery. 2

[20] D.P. Luebke. A developer’s survey of polygonal simplifica-
tion algorithms. IEEE Computer Graphics and Applications,
21(3):24–35, 2001. 2

[21] Andrea Maggiordomo, Federico Ponchio, Paolo Cignoni,
and Marco Tarini. Real-world textured things: A repos-
itory of textured models generated with modern photo-
reconstruction tools. Computer Aided Geometric Design, 83:
101943, 2020. 6, 7, 1, 2, 3, 5

[22] Ben Mildenhall, Pratul P. Srinivasan, Matthew Tancik,
Jonathan T. Barron, Ravi Ramamoorthi, and Ren Ng. Nerf:
Representing scenes as neural radiance fields for view syn-
thesis, 2020. 1, 2

[23] Ben Poole, Ajay Jain, Jonathan T. Barron, and Ben Milden-
hall. Dreamfusion: Text-to-3d using 2d diffusion, 2022. 1

[24] Jarek Rossignac and Paul Borrel. Multi-resolution 3d ap-
proximation for rendering complex scenes. pages 455–465,
1993. 2

[25] William J. Schroeder, Jonathan A. Zarge, and William E.
Lorensen. Decimation of triangle meshes. In Proceedings
of the 19th Annual Conference on Computer Graphics and
Interactive Techniques, page 65–70, New York, NY, USA,
1992. Association for Computing Machinery. 2

[26] Tianchang Shen, Jun Gao, Kangxue Yin, Ming-Yu Liu, and
Sanja Fidler. Deep marching tetrahedra: a hybrid represen-
tation for high-resolution 3d shape synthesis, 2021. 2

[27] P. Trettner and L. Kobbelt. Fast and robust qef minimization
using probabilistic quadrics. Computer Graphics Forum, 39
(2):325–334, 2020. 2

[28] Greg Turk. Re-tiling polygonal surfaces. In Proceedings
of the 19th Annual Conference on Computer Graphics and
Interactive Techniques, page 55–64, New York, NY, USA,
1992. Association for Computing Machinery. 2

[29] Jianfeng Xiang, Zelong Lv, Sicheng Xu, Yu Deng, Ruicheng
Wang, Bowen Zhang, Dong Chen, Xin Tong, and Jiaolong
Yang. Structured 3d latents for scalable and versatile 3d gen-
eration. In Proceedings of the Computer Vision and Pattern
Recognition Conference, pages 21469–21480, 2025. 6

[30] Rui Xu, Longdu Liu, Ningna Wang, Shuangmin Chen,
Shiqing Xin, Xiaohu Guo, Zichun Zhong, Taku Komura,
Wenping Wang, and Changhe Tu. Cwf: Consolidating weak
features in high-quality mesh simplification, 2024. 1, 2, 6, 7

[31] Wentao Yuan, Tejas Khot, David Held, Christoph Mertz, and
Martial Hebert. Pcn: Point completion network, 2019. 7



[32] Cem Yuksel. Mesh color textures. In Proceedings of High
Performance Graphics, New York, NY, USA, 2017. Associ-
ation for Computing Machinery. 5

[33] Zibo Zhao, Zeqiang Lai, Qingxiang Lin, Yunfei Zhao,
Haolin Liu, Shuhui Yang, Yifei Feng, Mingxin Yang, Sheng
Zhang, Xianghui Yang, Huiwen Shi, Sicong Liu, Junta Wu,
Yihang Lian, Fan Yang, Ruining Tang, Zebin He, Xinzhou
Wang, Jian Liu, Xuhui Zuo, Zhuo Chen, Biwen Lei, Hao-
han Weng, Jing Xu, Yiling Zhu, Xinhai Liu, Lixin Xu,
Changrong Hu, Shaoxiong Yang, Song Zhang, Yang Liu,
Tianyu Huang, Lifu Wang, Jihong Zhang, Meng Chen, Liang
Dong, Yiwen Jia, Yulin Cai, Jiaao Yu, Yixuan Tang, Hao
Zhang, Zheng Ye, Peng He, Runzhou Wu, Chao Zhang,
Yonghao Tan, Jie Xiao, Yangyu Tao, Jianchen Zhu, Jinbao
Xue, Kai Liu, Chongqing Zhao, Xinming Wu, Zhichao Hu,
Lei Qin, Jianbing Peng, Zhan Li, Minghui Chen, Xipeng
Zhang, Lin Niu, Paige Wang, Yingkai Wang, Haozhao
Kuang, Zhongyi Fan, Xu Zheng, Weihao Zhuang, YingPing
He, Tian Liu, Yong Yang, Di Wang, Yuhong Liu, Jie Jiang,
Jingwei Huang, and Chunchao Guo. Hunyuan3d 2.0: Scal-
ing diffusion models for high resolution textured 3d assets
generation, 2025. 6, 7, 5

[34] Qingnan Zhou and Alec Jacobson. Thingi10k: A dataset of
10,000 3d-printing models, 2016. 5, 6, 7, 2



Fast and Robust Mesh Simplification for Generated and Real-World 3D Assets

Supplementary Material

6. Implementation Details

This supplementary document provides additional imple-
mentation and experimental details for FA-QEM, a feature-
aware mesh simplification pipeline designed for modern 3D
reconstruction and generative workflows. Our implementa-
tion focuses on scalability, robustness, and efficiency, en-
abling the conversion of dense, unstructured meshes into
compact, high-quality geometric assets suitable for down-
stream applications.

Our implementation is written in Python and leverages
several open-source libraries, including Open3D for mesh
data structures, NumPy and SciPy for numerical operations,
and Numba for performance-critical computations.

Please refer to the supplementary video for a 360◦ visu-
alization of the simplified meshes.

6.1. Core Algorithm and Data Structures

Our method is built upon an iterative edge collapse frame-
work. The core data structures are:

Adjacency Information: We pre-compute and maintain
vertex-to-vertex (v to v) and vertex-to-face (v to t) adja-
cency maps using Python dictionaries. This allows for ef-
ficient queries of the one-ring neighborhood of a vertex,
which is essential for all quadric and cost calculations.

Priority Queue: We use a min-priority queue, imple-
mented with Python’s heapq module, to store all valid edges
in the mesh. Each entry in the queue contains the edge’s
collapse cost, the optimal target position for the new vertex
(v′), and a unique identifier to handle potential updates. The
simplification process proceeds by iteratively extracting the
edge with the lowest cost from the queue, performing the
collapse, and updating the costs of all neighboring edges
affected by the topological change.

6.2. Virtual Edge Insertion and Degeneracy Han-
dling

This subsection provides a detailed breakdown of the vir-
tual edge insertion process and the safeguards our imple-
mentation uses to handle potential geometric degeneracies,
as mentioned in Sec. 3.3 of the main paper.
Virtual Edge Insertion Criteria: The virtual edge inser-
tion is an optional pre-processing step designed to merge
disconnected but spatially coherent components. The pro-
cess is as follows:
1. Component Identification: We first identify all topo-

logically disconnected components in the mesh using a
standard breadth-first search on the mesh graph.

2. Proximity Search: For each component, we construct
a KD-Tree of its triangle centroids. We then perform
a ball query between the KD-Trees of different com-
ponents to find candidate pairs of triangles whose cen-
troids are within a user-defined proximity threshold τ .
To ensure scale invariance, we define this threshold as
τ = 0.01 ·Ldiag , where Ldiag is the length of the mesh’s
bounding box diagonal.

3. Candidate Edge Creation: For each pair of proximate
triangles, we find the two closest vertices between them.
This vertex pair becomes a “virtual edge” candidate and
is added to our initial set of edges for the priority queue.
Its cost is computed in the same manner as a standard
topological edge.

Safeguards Against Degeneracies: Our implementation
has several safeguards against the risk of creating zero-
length virtual edges from coincident or overlapping faces:

Pre-emptive Vertex Merging: Before simplifica-
tion, our mesh loading process includes a standard pre-
processing step that merges all vertices that are closer than a
small absolute tolerance of 1e-6. This automatically welds
many coincident faces from the input model.

Edge Collapse Validation: During the cost calculation,
any edge (virtual or real) that has a length below a small rel-
ative tolerance is assigned an effectively infinite cost, pre-
venting it from ever being selected from the priority queue.
This threshold is set to 1e-8 times the length of the mesh’s
bounding box diagonal, making the check robust to models
of different scales.

Numerical Stability: Our linear system solver for find-
ing the optimal vertex position is robust to degenerate
quadrics. In cases where the matrix is singular (which can
be caused by co-planar geometry), our method falls back
to selecting one of the endpoints or the midpoint, a stable
operation even for zero-length edges.

These safeguards work in concert to prevent degenera-
cies from affecting the stability of the simplification pro-
cess.

7. Hyperparameter Justification

The performance of FA-QEM is governed by a small set
of weighting parameters. Importantly, all hyperparameters
used in the main paper are fixed across datasets and models,
demonstrating that FA-QEM operates as a general-purpose
method without requiring per-instance tuning.

The values were determined empirically by testing on a
separate validation set of 100 diverse models from both the
Thingi10K and the Real-World Textured Things dataset [21,



Table 5. Hyperparameter values used for all experiments.

Parameter Value Purpose

warea 100.0 Weight for boundary area preservation cost.
wboundary 500.0 Scales the curvature-based boundary penalty.
wuv 5000.0 Multiplicative penalty for vertices on UV seams.
wnormal 0.01 Weight for the normal preservation quadric.
wplane area 1.0 Controls the strength of inverse-area weighting.

34], which were not included in our final evaluation set.
The goal of this tuning process was to find a robust bal-
ance between geometric, feature, and attribute preservation
that would generalize well. For example, the high value
for wuv reflects a strong prior that collapsing across texture
seams is almost always undesirable, while the smaller value
for wnormal provides a gentle constraint to maintain smooth
shading without overly restricting geometric optimization.

The fixed values used for all experiments are detailed in
Table 5.

7.1. Sensitivity Analysis
To validate our chosen hyperparameters, we performed a
comprehensive sensitivity analysis. We evaluated the im-
pact of each key weight in our composite cost function:
wboundary, warea, wnormal, and wplane area.

Experimental Setup We conducted these experiments
on a diverse validation subset of 100 meshes from both the
Thingi10K and the Real-World Textured Things dataset [21,
34], distinct from the test set used for our main results. For
each experiment, we varied one parameter across a wide
range of values while keeping all other parameters fixed to
the default values reported in Table 1 of the main paper.
We measured the average geometric error (Hausdorff and
Chamfer distance) for the simplified meshes at 10% resolu-
tion.

Analysis of Results The results are plotted in Figure 5
through Figure 8.

Boundary Weight (wboundary): As shown in Figure 5,
setting this weight to 0 results in high error, confirming the
necessity of the term. The error drops significantly as the
weight increases, reaching a stable minimum around our
chosen value of 500. The curve is notably shallow around
the optimum, indicating that the method is robust to devi-
ations in this parameter (e.g., values between 250 and 750
yield similar performance).

Area Preservation (warea): Figure 6 demonstrates that
the area term is crucial for preventing volume loss and sil-
houette degradation. The error decreases rapidly as warea is
introduced and remains stable for values > 50, confirming
our choice of 100 is safe and effective.

Normal Preservation (wnormal): Figure 7 shows that
even a small weight (0.01) significantly improves geomet-
ric fidelity by preventing faceting artifacts. Excessive val-
ues can over-constrain the simplification, but the method
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Figure 5. Sensitivity Analysis: wboundary . The error drops to
a clear minimum around 500. The stable “U-shape” confirms the
parameter is well-tuned and robust.
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Figure 6. Sensitivity Analysis: warea. Introduction of the area
term significantly reduces error compared to the baseline (0), with
stable performance observed for values above 50.

remains stable within a reasonable range.
Inverse Area Weighting (wplane area): Figure 8 vali-

dates the benefit of penalizing collapses in high-curvature
regions more heavily than flat regions.

Overall, these analyses demonstrate that FA-QEM is not
sensitive to precise parameter tuning. The performance re-
mains stable across a wide range of values, and the selected
configuration represents a robust operating point that gener-
alizes well to diverse, real-world meshes.

8. Performance and Scalability

FA-QEM is designed for efficient processing of large-
scale 3D assets arising from reconstruction and generative
pipelines. Its performance advantage over prior methods
stems from both algorithmic design and implementation-
level optimizations.
Algorithmic Contributions to Performance: Our primary
algorithmic performance gain comes from the design of our
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Figure 7. Sensitivity Analysis: wnormal. A small weight of
0.01 provides the optimal balance, reducing faceting without over-
constraining the geometry.
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Figure 8. Sensitivity Analysis: wplane area. The inverse-area
weighting effectively guides simplification to flat regions, mini-
mizing error at our chosen value of 1.0.

decoupled, 2-stage cost metric.
1. Efficient Optimal Position Search: By creating a sin-

gle, composite geometric-feature quadric (Qgf ) upfront,
we only need to solve one small (3×3) linear system per
edge to find the optimal vertex position. This is compu-
tationally much cheaper than methods that might involve
iterative searches or more complex, higher-dimensional
optimization spaces to balance multiple constraints.

2. Streamlined Cost Calculation: The subsequent cal-
culation of the boundary area cost (costarea) is also
a direct evaluation on a pre-computed quadric (QA).
This avoids costly on-the-fly geometric queries (e.g., re-
calculating local areas for every potential collapse) that
can be a bottleneck in other methods.

Our formulation expresses complex feature-preserving ob-
jectives as efficient linear algebraic operations, enabling fast
and scalable computation.
Implementation-Level Optimizations: We complement
our algorithmic design with several key implementation

Table 6. Runtime profile for FA-QEM on a representative mesh.

Component % of Total Runtime

Initial Quadric Construction (Sec 3.2.1) 25%
Priority Queue Population 15%
Iterative Collapse Loop 55%

- Edge Pop from Queue (5%)
- Optimal Position Solve (20%)
- Area Cost Calculation (10%)
- Neighbor Updates (20%)

Successive Mapping & Texture Bake 5%

choices:

Pre-computed Adjacency: We pre-cache all vertex-to-
face and vertex-to-vertex adjacencies, allowing for O(1)
lookups of one-ring neighborhoods.

Optimized Numerical Kernels: Critical functions, such
as curvature estimation and the initial quadric summation,
are JIT-compiled using Numba for highly efficient execu-
tion.

Efficient Data Structures: We use Python’s heapq for
the priority queue and dictionaries for adjacency maps,
which are proven choices for performance.

Runtime Profile Breakdown: To provide concrete data,
we profiled the execution of FA-QEM on a representa-
tive 100k-face model from the Real-World Textured Things
dataset [21]. The breakdown of the total runtime is shown
in Table 6.

This profile shows a balanced distribution of work. The
significant time spent in the initial quadric construction
(25%) reflects our algorithmic choice to pre-process fea-
tures, while the speed of the iterative loop is a result of both
our efficient cost formulation (fast position solve and area
cost) and our implementation-level optimizations. This syn-
ergy is the key to FA-QEM’s overall performance.

Large-Scale Meshes: To validate performance on large-
scale assets, we profiled FA-QEM on meshes of varying
complexity ranging from 5k to 240k faces. All experiments
were conducted on a standard consumer CPU (Intel Core
i5-1135G7 @ 2.40GHz). As illustrated in Figure 9, our
runtime exhibits polynomial scaling with respect to the in-
put face count. While the complexity grows for very large
meshes due to the Python-based implementation overhead,
FA-QEM remains substantially more efficient than compet-
ing robust methods. For the high-resolution ‘Lamp’ model
(240k faces), our method completed simplification to 24k
faces in 1,710 seconds, whereas the state-of-the-art robust
method Liu et al. (STMW) [17] required 25,201 seconds.
This substantial speedup demonstrates that FA-QEM pro-
vides a practical and scalable solution for processing large-
scale 3D assets in real-world pipelines.
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Figure 9. Runtime Scalability Analysis. We plot the execu-
tion time of FA-QEM against input mesh size on a standard Intel
Core i5 CPU. The method exhibits consistent polynomial scaling
(O(N2)), verifying its stability across varying mesh complexities.
Notably, for the high-resolution ‘Lamp’ model (240k faces), FA-
QEM completes in 28 minutes, achieving a 14.7× speedup over
the state-of-the-art robust method Liu et al. (STMW) [17].

9. Detailed Texture Mapping Validation
We further evaluate the effectiveness of our texture transfer
strategy, particularly in the context of modern 3D pipelines
where high-quality appearance must be preserved after ag-
gressive geometric simplification.

9.1. Quantitative Trade-off: Efficiency vs. Fidelity
In the main paper, we noted that FA-QEM achieves texture
quality highly competitive with Liu et al. (STMW) [17]
while being significantly faster. To substantiate this, we
provide a direct comparison of Runtime vs. Texture Error
(Chamfer) for 9 representative models from our test set in
Figure 10.

As illustrated, FA-QEM (blue circles) consistently occu-
pies the high-efficiency region of the plot. While Liu et al.
(STMW) [17] (red crosses) achieves marginally lower error
on some models, it requires orders of magnitude more time
(note the log scale). For example, on the ‘Lamp’ model,
Liu et al. (STMW) [17] requires over 7 hours to achieve
a Texture Chamfer error of 0.108, while FA-QEM achieves
a comparable 0.146 in just 28 minutes. This confirms that
FA-QEM offers a far superior trade-off for production envi-
ronments where time is a constraint.

9.2. Why Successive Mapping Beats Projection
Our chosen method (successive mapping) is superior to
standard ray-casting or nearest-neighbor projection, partic-
ularly in failure cases.

The Projection Problem: Standard texture transfer of-
ten involves casting rays from the simplified surface to the
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Figure 10. Efficiency vs. Fidelity Trade-off. We compare FA-
QEM against the state-of-the-art texture preserving method Liu et
al. (STWM) [17]. Connecting dashed lines link the same underly-
ing mesh. FA-QEM offers orders-of-magnitude faster processing
(left side) for comparable texture quality (vertical axis).

original to sample colors. This can fail in challenging sce-
narios in “thin-wall” scenarios (e.g., a sword blade or a
folded cloth). If the simplified mesh deviates even slightly,
the ray may miss the intended surface and hit the back-face
or a surface behind it, sampling the wrong color and causing
severe artifacts.

The Successive Advantage: Our approach avoids geo-
metric spatial search entirely. Instead, we track the history
of edge collapses. When an edge (u,v) collapses to v′, the
texture coordinates for v′ are derived directly from u and
v based on local proximity in the graph. This preserves the
topological neighborhood. Even if a “thin wall” collapses,
the texture mapping remains logically attached to the cor-
rect side of the surface, preventing the “bleed-through” ar-
tifacts common in projection methods.

10. Robustness and Limitations
This section provides a more detailed analysis of FA-QEM’s
performance on the challenging cases, substantiating the ro-
bustness claims made in the main paper.

Large Texture-Varying Inputs: Our method is partic-
ularly well-suited for models with complex texture layouts
due to our philosophy of decoupling geometry from the UV
parameterization. Methods [1, 4] that strictly preserve UVs
are unable to simplify across the boundaries of different tex-
ture islands or charts. In contrast, our successive mapping
technique is agnostic to the texture content itself. It only
requires a valid geometric correspondence, allowing it to
correctly pull color from any part of the original texture at-
las. This allows FA-QEM to gracefully handle models with
many texture islands, simplifying the geometry optimally



without being constrained by the texture layout.
Noisy Scans and Highly Irregular Meshes: As stated

in the main paper, our method achieved a 100% processing
success rate on the 10,000-model Thingi10K dataset [34].
This dataset is known to contain numerous models derived
from noisy scans or authored with topological errors. Our
robustness stems from two key design choices. First, the
QEM [5] framework itself is inherently noise-tolerant, as
the summation of plane quadrics has a natural averaging
effect that smooths high-frequency noise. Second, our al-
gorithm is designed from the ground up to handle irregular
meshes by not assuming manifold topology. Our general-
ized adjacency data structures and the crucial normal-flip
veto (Sec. 3.3) ensure that collapses in challenging local
geometric configurations (e.g., at T-junctions) do not create
inconsistent geometry.

Disconnected Components and Failure-Case Analy-
sis: Our method handles disconnected components via the
optional virtual edge insertion phase (Sec. 3.3). However,
we acknowledge that our method is not without limitations.
A challenging scenario, which represents a potential failure
case, is the simplification of extremely thin, interleaved, or
self-intersecting surfaces. For example, consider a model of
two chain-link fences passing through each other. Our vir-
tual edge heuristic may create ambiguous connections, and
the successive mapping could incorrectly associate points
from one surface with the other across the thin gap. In such
pathological cases, pre-processing via semantic segmenta-
tion would be a more appropriate strategy. We identify this
as an avenue for future work.

These observations highlight both the robustness of FA-
QEM in practical scenarios and the limitations that arise in
extreme geometric configurations, which we identify as di-
rections for future work.

11. Additional Qualitative Results
We present further qualitative results in the following fig-
ures 11, 12, and 13. In Figure 11, the first two meshes are
from the Real World Textured Things [21] dataset and the
last mesh is generated from Hunyuan3D model [33]. This
shows that our method is robust to simplify highly complex
and non-manifold meshes. Similarly, in Figure 12 and 13,
first mesh is from the Real World Textured Things [21]
dataset and last two meshes are generated from Hunyuan3D
model [33]. Note that wherever there is a cross, it signifies
that this method is not able to simplify the given mesh be-
yond a certain number of faces.

In each diagram, we have provided first seven columns
other than ground truth as our un-textured results to show
our geometric accuracy in comparison to the other methods.
Whereas the next three columns demonstrates the texture
quality after simplification.
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Figure 11. We present additional qualitative simplification results at 50% resolution of examples shown in our main paper Fig 4.
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Figure 12. Sample qualitative results at 50% resolution: We present additional results 50% resolution. The first example is from Real-
World Textured Things dataset [21], while the last two examples are AI generated using Hunyuan3D [33]. The results on 10% resolution
of the these examples are shown in Figure 13.
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Figure 13. Sample qualitative results at 10% resolution: Results on 10% resolution of the examples shown in Figure 12.
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