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Figure 1. The coarse-to-fine optimization process of our ExMesh framework. Driven by adaptive vertex splitting and merging, together
with decoupled geometry-texture optimization, our method refines a coarse mesh into a high-fidelity result. This approach achieves a
superior trade-off between reconstruction quality, computational efficiency, and a concise mesh structure.

Abstract

Reconstructing surface meshes from multi-view images has
remained a core challenge in recent years. Most existing
methods, whether implicit or explicit, depend on interme-
diate representations and post-processing steps like March-
ing Cubes or TSDF fusion, often resulting in artifacts and
fragmented geometry. Directly optimizing explicit meshes
is a promising approach. However, it presents two critical
challenges. The first is how to adaptively refine mesh topol-
ogy to capture detail without introducing degenerate faces.
The second is how to maintain consistent UV coordinates
for high-fidelity texturing as the mesh structure evolves.
To overcome these, we propose ExMesh, a novel frame-
work that directly optimizes explicit meshes by integrating
differentiable optimization with discrete topology updates.
Specifically, we introduce an adaptive vertex splitting and
merging strategy, along with real-time UV maintenance,
to enable coarse-to-fine optimization while preserving ge-
ometric integrity. To our knowledge, ExMesh is the first
framework to seamlessly integrate discrete topology opera-
tions into a continuous differentiable optimization pipeline.

Extensive experiments demonstrate that ExMesh achieves
a balance among accuracy, computational efficiency, and
mesh conciseness.

1. Introduction

Surface meshes, as a core form of explicit geometric rep-
resentation, hold irreplaceable value across various do-
mains, including virtual/augmented reality, digital twins,
and robotics. Their representation not only supports real-
time rasterized rendering but can also be directly used for
scene editing and interaction [1, 3, 4, 19, 44, 49]. However,
reconstructing high-fidelity meshes from multi-view images
faces a core challenge, which lies in balancing three aspects:
accuracy, computational efficiency, and mesh conciseness.

Recently, with the development of Neural Radiance
Fields, implicit methods [12, 47, 51, 57] represent scenes
as continuous fields learned by MLPs. When extracting
meshes, however, these methods must discretize the field
into high-resolution voxels and apply Marching Cubes [29].
This process often results in blurred sharp edges, loss of
thin structures, and extremely long training time. Explicit
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methods using discrete Gaussian primitives (or their vari-
ants) [6, 16, 18, 23, 58, 61] have improved training and
rendering efficiency. Nevertheless, they still require post-
processing, such as TSDF fusion [8], to convert the unstruc-
tured Gaussians into meshes, often producing a large num-
ber of discrete fragments. Meanwhile, mesh-driven meth-
ods based on hybrid representations have emerged [13, 26,
33, 40, 41, 50, 55]. Instead of directly optimizing meshes,
these methods use SDFs, point clouds, or voxels as the pri-
mary optimization targets, which increases framework com-
plexity and can compromise geometric accuracy. More-
over, if texture is explicitly stored on the geometric car-
rier, its density must be increased to preserve detail, leading
to a significant rise in face count [46, 47, 51, 55]. While
coordinate-based MLPs [33] can decouple texture resolu-
tion from geometry, they still require complex post-training
baking. These drawbacks make it difficult to maintain both
high accuracy and simplicity, highlighting the necessity of
moving beyond intermediate representations.

Directly optimizing position and texture is the ideal path
to bypass aforementioned drawbacks [15], but it also faces
severe technical challenges. At the geometry processing
level, this path faces the dual challenge of how to adaptively
refine the mesh and how to maintain its structural integrity.
Intuitively, an effective strategy would allocate a higher
density of faces to geometrically complex regions and lower
density to flatter areas. However, existing global uniform
refinement strategies directly perform quad-splitting on all
faces [2, 11, 33, 50], resulting in significant face redundancy
in flat regions and insufficient detail recovery in complex
areas. On the other hand, vertex displacement during op-
timization can easily produce degenerate faces, leading to
substantial degradation of geometric accuracy. At the tex-
ture representation level, a fundamental constraint is that the
quality of texture detail is highly dependent on face density.
If texture is directly stored on vertices or faces, even ge-
ometrically simple surfaces with complex textures require
a massive number of faces to represent texture detail. Al-
though using a decoupled UV map is the ideal solution,
real-time maintenance of UV coordinates under changing
topology remains an unsolved challenge [33, 54].

In this paper, we propose a novel mesh reconstruction
framework that integrates differentiable optimization with
discrete topology updates. By updating mesh structure dur-
ing optimization, our method directly produces a renderable
and editable mesh without intermediate representations or
post-processing. Specifically, to tackle the challenges at
the geometry processing level, we design an adaptive ver-
tex splitting and merging strategy. This strategy splits ver-
tices in complex geometric regions with high curvature and
large gradients to accurately recover details. Meanwhile,
it merges vertices on redundant and degenerate faces gen-
erated during optimization, which effectively controls the

face count and ensures geometric integrity. Furthermore, to
break constraints at the texture representation level, we pro-
pose a method for real-time UV maintenance by updating
UV coordinates alongside each topology change. By jointly
optimizing vertex positions with a UV map, our method
preserves texture details while significantly reducing the
dependence on face count. To our knowledge, ExMesh is
the first approach to achieve direct mesh optimization with
real-time adaptive refinement, providing a new technical
paradigm for mesh reconstruction.

In summary, our contributions are as follows:
• We propose ExMesh, a novel end-to-end mesh recon-

struction framework that integrates explicit optimization
with discrete topology updates, directly producing struc-
turally complete and editable meshes.

• An adaptive vertex splitting and merging strategy that
achieves coarse-to-fine mesh refinement while effectively
removing redundant and degenerate faces.

• A mechanism for real-time UV maintenance, enabling
decoupled geometry and texture during topology updates
for high-fidelity texturing on concise meshes.

2. Related Work

2.1. Implicit Neural Surface Reconstruction
Implicit neural representations, particularly Neural Radi-
ance Fields (NeRF) [31], have achieved impressive results
in novel view synthesis and photorealistic rendering. How-
ever, the volume density field learned by NeRF makes it
difficult to extract smooth and fine-grained surfaces. To
address this, subsequent works use Signed Distance Func-
tions [35, 38, 56] to implicitly represent geometry. Among
these, NeuS [51], UNISURF [36] and VolSDF [57] pro-
posed SDF-to-density transformations, enabling optimiza-
tion of SDF field via a photometric loss. Recent meth-
ods further improve quality and efficiency by introducing
multi-resolution hash grids [32], numerical gradients [47],
and geometric priors such as SfM point clouds [12] to con-
strain SDF optimization. Despite advances in reconstruc-
tion quality, these methods remain indirect, relying on inter-
mediate representations and post-processing (e.g., March-
ing Cubes [29]) to extract meshes, which is time-consuming
and often blurs sharp edges or loses thin structures.

2.2. Gaussian Splatting-based Reconstruction
To overcome the high training and rendering costs of im-
plicit methods, a series of explicit methods have been pro-
posed. Among them, 3D Gaussian Splatting [23] is a pio-
neering work that uses millions of anisotropic 3DGS prim-
itives to represent the scene. Paired with a differentiable
rasterizer, it achieves fast training and real-time rendering,
with rendering quality surpassing NeRF in many aspects.
Subsequent works explored other explicit primitives, such
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Figure 2. Overview of our ExMesh framework. We utilize a differentiable renderer to compute a photometric loss between the rendered
image and the ground-truth (GT) image. The gradients are back-propagated to drive two decoupled optimization loops: (1) Geometry
Optimization for vertex positions and (2) Texture Optimization for a separate UV map. The continuous geometry optimization is interleaved
with discrete vertex split and merge operations to adaptively refine the mesh topology from coarse to fine.

as 2DGS [18], which flattens 3DGS into disks, and Triangle
Splatting [16], which directly optimizes a “triangle soup”.

Although 3DGS and its variants have achieved great suc-
cess in rendering, their primitives are essentially an unstruc-
tured point cloud, not directly editable manifold meshes.
Therefore, to extract surface from these primitives, subse-
quent works [5, 6, 9, 18, 30, 45, 46, 53, 58, 61] also rely
on post-processing steps. These methods typically produce
meshes using TSDF fusion [8, 34] or Poisson reconstruc-
tion [22]. Although more detailed than Marching Cubes
[29], it still results in a large number of discrete mesh frag-
ments and noise artifacts. Whether using implicit fields or
Gaussian primitives, this indirect pipeline remains a core
obstacle to high-quality and concise mesh reconstruction.

2.3. Mesh-driven Reconstruction
To circumvent the indirect pipeline, a series of works began
exploring mesh-driven reconstruction. This was enabled by
the development of differentiable rasterizers [7, 21, 24, 28],
which allow gradients to flow directly from image loss to
mesh attributes. However, there remain two core chal-
lenges, the first of which is topology control. Early methods
[21, 28] typically require a fixed topology template [13, 50],
limiting the ability of geometry expressiveness. While some
works explore topology changes via continuous remesh-
ing [37] or probabilistic predictions [42, 43], they often
lack adaptive, gradient-driven detail recovery. To support
structural changes, later methods typically optimize inter-
mediate carriers. Among them, Nvdiffrec [33] and Flexi-
Cubes [41] optimize continuous SDF fields, while IMLS-
Splatting [55] and GeoSVR [26] use point clouds or voxels.
Although these methods allow topology to change during
training, their optimization target remains intermediate car-
riers rather than explicit meshes, resulting in constrained
flexibility, increased complexity, and precision bias.

The second challenge is texture representation. Directly
coupling texture with the geometric carrier [26, 55] requires
a much denser carrier to capture high-frequency details,

causing face count inflation. The ideal path is to use a de-
coupled texture map. Nvdiffrec [33] addresses this by in-
troducing a coordinate-based MLP texture, enabling high-
frequency details on low-poly meshes. However, this im-
plicit texture lacks direct editability and requires a post-
training baking step to extract a standard UV map. Further-
more, its strategy requires freezing topology mid-training to
preserve mapping continuity. Consequently, existing mesh-
driven methods are caught in a dilemma: either achieve tex-
ture decoupling but sacrifice adaptive topology; or achieve
dynamic topology at the expense of texture decoupling.

3. Method

3.1. Overview

We propose ExMesh, a framework for reconstructing high-
fidelity explicit meshes from multi-view images {I}. As
shown in Figure 2, ExMesh takes an initial coarse mesh
Minit as input, then iteratively optimizes its geometry and
texture directly. In each iteration, we use a differentiable
renderer [24] to render an image Î for the current view,
which is then compared with the ground-truth image I . Gra-
dients from the loss are back-propagated to jointly optimize
two components that are decoupled by design: (1) Geome-
try Optimization, which updates the 3D positions V of the
vertices; and (2) Texture Optimization, which refines a sep-
arate UV map T. To enable coarse-to-fine reconstruction,
we interleave continuous gradient optimization with peri-
odic vertex splitting and merging (Sec. 3.2, Sec. 3.3), en-
abling dynamic mesh refinement and redundancy removal.

3.2. Adaptive Vertex Splitting

Our topology update strategy borrows the idea of vertex
splitting from mesh generation [60], and combines it with
a density control strategy from 3DGS [23], allowing geo-
metric complexity to be added adaptively. Vertex splitting
process consists of two stages: criterion and operation.
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Figure 3. Our discrete topological operations. (a) Vertex Split:
A new vertex vs is inserted to split the edge (va, vb), replacing 2
faces with 4 new ones. (b) Vertex Merge: Vertex vm is merged into
vi by collapsing the edge (vi, vm), simplifying the local topology.

Splitting Criterion. Whether a face is worth refining de-
pends on two perspectives: the significance of its optimiza-
tion error and the complexity of its geometry. In terms of
optimization dynamics, the first metric we track is the ver-
tex EMA gradient magnitude (Gv), which uses an Exponen-
tial Moving Average (EMA) to accumulate the position gra-
dient norm received by each vertex V during optimization.
A high Gv indicates the vertex is located in a region requir-
ing significant geometric adjustment. Its update formula is:

G(t)v = (1− βg)G(t−1)
v + βg∥∇(t)

V ∥ (1)

where t denotes the current iteration step, βg is the EMA
decay factor, and ∇(t)

V represents the gradient at the current
step. For geometric priors, we evaluate curvatureKf , which
geometrically assesses local complexity. We estimateKf of
face F by calculating the average angle between its normal
nf and the normals nadj of all adjacent faces Fadj :

Kf =
1

Nadj

∑
Fadj

arccos(nf · nadj) (2)

When performing splitting, we first calculate EMA of the
gradient magnitude Gf for each face (i.e., the mean Gv of
three vertices). To avoid ineffectual splitting in already de-
tailed regions, candidate faces are limited to the top 50% by
area. A weighted score Sf combining optimization needs
and geometric complexity is used for sampling:

Sf = αGf + βKf (3)

where α and β are hyperparameters to balance the weights
of gradient and curvature. The sampled faces are selected
as splitting targets for the current round.
Splitting Operation. For a selected face F(va, vb, vc), we
select the edge with the highest score, computed as the ratio
of edge length to vertex degree, i.e., Se = le/de, as the split-
ting edge, which jointly considers geometric and topologi-
cal factors. The main challenge is to determine the position

(a) Before Vertex Merge (a) After Vertex Merge

Figure 4. Visualization of our vertex merge operation, which elim-
inates degenerate faces to restore a clean topology.

of new vertex vs (see Figure 3 (a)). If e is a non-boundary
edge, it must be shared with another face F ′(va, vb, vd).
To fit local surface morphology, we project vc and vd onto
e and set vs = (tc + td)/2, where tc and td are projec-
tion points. Subsequently, topology update is performed
by deleting two original faces F and F ′, then adding four
new faces F(va, vs, vc), F(vs, vb, vc), F(va, vs, vd), and
F(vs, vb, vd). Conversely, if e is a boundary edge, adjacent
face F ′ does not exist. In this case, we place vs at the mid-
point of e, then delete F , add two new faces F(va, vs, vc)
and F(vs, vb, vc).

Finally, to ensure the stability of topology update, two
constraints are applied. The current split operation will
be skipped if: (1) the adjacent face F ′ has already been
modified in previous operations, to avoid concurrent mod-
ification conflicts; or (2) the relative position α = ||vs −
va||/||vb − va|| of vs on edge e must fall within the central
interval [0.25, 0.75], to avoid introducing degenerate faces.

3.3. Adaptive Vertex Merging
As the counterpart to vertex splitting, the vertex merging
mechanism is analogous to the classic “edge collapse” in
mesh simplification [14, 17]. It aims to restore clean topol-
ogy by removing redundant and degenerate faces.
Merging Criterion. Whether a face F needs to be merged
is judged from two perspectives: rendering visibility and
geometric morphology. Rendering visibility is measured
by tracking a render contribution count Crender(F), which
records how many times each face F contributes to the ren-
dered output after rasterization. If Crender(F) = 0 for a
face, it indicates the face was never rendered during train-
ing (e.g., becoming an internal face or being completely oc-
cluded), and is thus considered redundant. For geometric
morphology, to address the degenerate faces produced dur-
ing optimization, we calculate each face’s degeneracy Df :

Df =
Area(F)
l2max(F)

(4)

where lmax(F) denotes the length of the longest edge in
face F . If Df is less than threshold τdegen, the face is con-
sidered degenerate. Finally, only faces in the bottom 50%
by area that meet either criterion are added to the merge set
Mmerge, restricting the process to fine local details. Fig-
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Reference PGSR QGS IMLS-Splatting GeoSVR Ours

#Faces: 1.490M #Faces: 377K #Faces: 466K #Faces: 1.345M #Faces: 265K

#Faces: 871K #Faces: 211K #Faces: 244K #Faces: 769K #Faces: 155K

#Faces: 940K #Faces: 231K #Faces: 273K #Faces: 784K #Faces: 173K

#Faces: 1.363M #Faces: 324K #Faces: 381K #Faces: 1.210M #Faces: 239K

Figure 5. Qualitative geometric comparison on the DTU dataset. Our method produces structurally clean and high-fidelity meshes.

ure 4 intuitively demonstrates this process; our mechanism
can identify these degenerate forms and clean them up.
Merging Operation. For each face F(vi, vj , vm) in
Mmerge, we first determine the edge ecollapse to collapse.
If F is a boundary face, we collapse its boundary edge
ecollapse = (vi, vm) to maintain boundary integrity. If F is
an interior face, we collapse edge ecollapse with the smallest
Se, in order to efficiently simplify the local mesh structure.
After selecting ecollapse, we compare the vertex degrees of
its two endpoints, vi and vm. If vm has a lower degree, it
will be merged into vi.

The topology update operation is shown in Figure 3 (b):
first, vertex vm is deleted. For adjacent faces that contained
both vi and vm (i.e., F(vi, vj , vm) and F(vi, vk, vm)), they
will be degenerated into an edge, so we directly delete
them. For adjacent faces that contained vm but not vi
(e.g., F(vj , vl, vm) and F(vl, vk, vm)), they must be re-
linked to preserve the local manifold structure. We replace
vm with vi in these faces, updating them to F(vj , vl, vi)
and F(vl, vk, vi). Thus, each merge operation in the non-
boundary case deterministically deletes the two faces and
re-links the remaining adjacent faces of vm. To avoid topo-
logical errors from concurrent modifications, a merge op-
eration will be skipped if a face requiring modification has
already been affected by previous operations.

3.4. Geometry and Texture Optimization
Our framework adopts a decoupled geometry and texture
optimization strategy, where geometry is represented by the
vertex positions V of meshM, while texture is stored in a

separate, fixed-resolution UV map T, with UV coordinates
u linking them. In the rendering pipeline, vertex positions
V determine the mesh projection, while interpolated UV
coordinates u are used to sample the UV map T for surface
color [33]. Image loss gradients are independently back-
propagated to drive geometry and texture optimization.
Geometry Optimization. Geometry optimization updates
all vertex positions V to align the rendered mesh shape with
the GT image. This is achieved by minimizing a composite
loss function (see Sec. 3.5), which provides gradients that
push V toward the correct spatial positions when discrep-
ancies exist between the rendered and GT images.
Texture Optimization. Texture optimization adjusts all
texels on the UV map T by back-propagating image ren-
dering loss through the differentiable UV sampling opera-
tion, which effectively “paints” high-definition texture onto
the mesh. This decoupling allows the resolution of T to be
independent of the face count, enabling our method to rep-
resent high-resolution texture details with a concise mesh
and thus avoid face count inflation.

The texture decoupling mechanism must also coordinate
with dynamic topology updates to correctly maintain UV
coordinates. When a vertex split operation creates a new
vertex vs, its UV coordinate us should be initialized ap-
propriately. If vs is on a boundary edge e(va, vb), its UV
coordinate us is set to the midpoint of ua and ub. For
non-boundary edges, vs is shared by facesF(va, vb, vc) and
F ′(va, vb, vd), which may lie on different UV islands. We
perform interpolation in the UV space ofF andF ′ to obtain
two candidate UV coordinates: u(1)

s = (1−µ)ua+µub and
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Table 1. Quantitative geometric comparison on the DTU dataset. Our method achieves comparable accuracy to SOTA methods while using
significantly fewer faces. denotes the best, second best, third best, respectively.

Method 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Avg. Time Faces

NeRF-
based

VolSDF [57] 1.14 1.26 0.81 0.49 1.25 0.70 0.72 1.29 1.18 0.70 0.66 1.08 0.42 0.61 0.55 0.86 >12h 1.58M
NeuS [51] 0.83 0.98 0.56 0.37 1.13 0.59 0.60 1.45 0.95 0.78 0.52 1.43 0.36 0.45 0.45 0.77 >12h 798K
Neuralangelo [47] 0.45 0.74 0.33 0.34 1.05 0.54 0.53 1.33 1.05 0.72 0.43 0.69 0.34 0.38 0.42 0.62 >12h 1.98M

GS-
based

SuGaR [46] 1.47 1.33 1.13 0.61 2.25 1.71 1.15 1.63 1.62 1.07 0.79 2.45 0.98 0.88 0.79 1.33 1h 962K
2DGS [18] 0.46 0.84 0.31 0.45 0.92 1.01 0.83 1.23 1.30 0.66 0.61 1.07 0.45 0.71 0.54 0.76 11m 260K
TriSplat [16] 0.76 0.97 0.77 0.46 1.77 1.27 1.04 1.75 1.72 0.80 0.91 1.20 0.56 0.91 0.97 1.05 15m 265K
GOF [58] 0.50 0.82 0.37 0.37 1.12 0.74 0.73 1.18 1.29 0.68 0.77 0.90 0.42 0.66 0.49 0.74 1h 1.06M
PGSR [6] 0.36 0.57 0.38 0.33 0.78 0.58 0.50 1.08 0.63 0.59 0.46 0.54 0.30 0.38 0.34 0.52 30m 1.05M
QGS [61] 0.38 0.62 0.37 0.38 0.75 0.55 0.51 1.12 0.68 0.61 0.46 0.58 0.35 0.41 0.40 0.54 48m 252K

Mesh-
driven

Nvdiffrec [33] 3.04 3.02 2.10 0.78 2.18 1.60 1.46 1.67 2.85 1.26 1.10 3.26 1.13 1.31 1.19 1.86 >1h 132K
Flexicubes [41] 1.66 1.60 0.91 0.50 2.60 1.32 0.87 1.45 1.60 1.38 0.73 1.85 1.01 0.64 0.75 1.26 >1h 168K
IMLS-Splat [55] 0.63 1.21 0.67 0.62 1.04 0.82 0.78 1.32 1.09 0.89 0.69 0.95 0.62 0.63 0.65 0.84 15m 418K
GeoSVR [26] 0.32 0.51 0.30 0.33 0.71 0.48 0.42 1.03 0.62 0.56 0.33 0.46 0.30 0.34 0.32 0.47 49m 1.12M
Ours 0.44 0.70 0.30 0.34 0.76 0.63 0.52 1.06 1.05 0.58 0.45 0.88 0.32 0.36 0.38 0.58 13m 196K

u
(2)
s = (1−µ)u′

a+µu′
b, where u′

a and u′
b are the UV coor-

dinates of va and vb in F ′, and µ is the relative position of
vs on edge e. If ∥u(1)

s −u
(2)
s ∥ < τuv , then set us to their av-

erage, where τuv is the threshold. Conversely, vs is associ-
ated with two distinct UV coordinates, u(1)

s and u
(2)
s , which

are stored independently to ensure a proper texture seam.
Correspondingly, when a vertex vm is removed in vertex
merging, any unreferenced UV coordinates are deleted.

3.5. Training Strategy
Our model is trained using a composite loss L defined as:

L = λrgbLrgb + λdLd + λmLm + λsLs + λbLb (5)

where λ is the weight coefficient for each term. Specif-
ically, Lrgb is the photometric loss, using the same (1 −
λdssim)LL1 + λdssimLD−SSIM combination as 3DGS
[23]. Ld is the Pearson depth loss, which leverages depth
reference from Depth Anything 3 [27]. While Lm is the
silhouette loss, defined as the binary cross-entropy be-
tween predicted and ground-truth masks [21, 28]. To en-
sure geometric smoothness, Ls applies Laplacian smooth-
ing [10, 48]. Finally, Lb is the bi-vertex offset regularization
loss as defined in FlexiCubes [41].

4. Experiments
4.1. Implementation Details
Our method is implemented based on the PyTorch frame-
work, utilizing CUDA kernels for acceleration, and using
nvdiffrast [24] for differentiable rendering. All experiments
were completed on a single NVIDIA RTX 3090 GPU. Our
pipeline begins with an initial coarse mesh, which is ob-
tained by training 2DGS [18] for 7k iterations (about 2
mins) and extracting it using TSDF [8] at a resolution of
2563. Before training, we perform multiple rounds of vertex
merging to eliminate degenerate faces in the initial mesh.

2DGSReference GOF Nvdiffrec Ours

#Faces: 386K #Faces: 6.239M #Faces: 101K #Faces: 126K

#Faces: 228K #Faces: 3.333M #Faces: 29K #Faces: 83K

Figure 6. Qualitative comparison on the NeRF-synthetic dataset.

During optimization, firstly, a 1k-iteration warm-up is used
for initial geometry and texture fitting. Then, during the
1k–7k phase, vertex splitting and merging are performed
every 500 iterations and the UV coordinates are updated ac-
cordingly, with UV map reconstruction every 2000 itera-
tions [25, 39]. Finally, in the last 1k iterations, the topology
is frozen for final refinement. Detailed hyperparameters and
loss weights are provided in the supplementary material.

4.2. Comparison
Datasets. Our experiments are conducted on two bench-
mark datasets. The DTU dataset [20] contains 15 real-world
objects, each including 49 or 69 images at a resolution of
1600× 1200. For efficiency, we downsample the images to
800×600 resolution, as in [51, 57]. NeRF-synthetic dataset
[31] contains 8 object-level scenes, each with 100 training
images and 200 test images at 800× 800 resolution.
Baselines. We compare our method against three cate-
gories of surface reconstruction methods: (1) NeRF-based
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Table 2. Quantitative comparison on the NeRF-synthetic dataset.
Method Mic Chair Ship Material Lego Drums Ficus Hotdog Avg. Time Faces

NeuS [51] 0.53 0.37 1.25 0.35 0.83 0.86 0.40 0.96 0.69 >12h
Neuralangelo [47] 0.52 0.29 0.34 0.85 0.61 0.77 0.54 0.87 0.60 >12h 8.387M
2DGS† [18] 1.39 0.92 1.92 1.11 0.75 0.88 1.35 0.92 1.16 11m 639K
TriSplat 1.14 1.65 2.17 1.15 0.70 1.35 2.72 1.03 1.49 15m 623K
GOF† [58] 0.81 1.08 0.91 0.83 0.78 0.89 0.52 0.70 0.82 1h 7.32M
Nvdiffrec [33] 0.52 0.45 2.48 0.73 0.71 1.33 0.61 0.69 0.94 >1h 81K
Flexicubes [41] 0.46 0.44 5.23 0.55 0.70 1.05 0.26 0.68 1.17 >1h 137K
IMLS-Splat [55] 0.64 0.49 1.19 0.59 0.74 0.86 0.56 0.74 0.73 15m 578K
Ours 0.44 0.31 1.24 0.43 0.66 0.91 0.56 0.61 0.64 13m 216K

methods, including VolSDF [57], NeuS [51], and Neu-
ralangelo [47]. (2) GS-based methods, including SuGaR
[46], 2DGS [18], Triangle Splatting [16], GOF [58], PGSR
[6], and QGS [61]. (3) Mesh-driven methods, including
Nvdiffrec [33], FlexiCubes [41], IMLS-Splatting [55], and
GeoSVR [26]. Our Nvdiffrec and FlexiCubes baselines
utilize the Nvdiffrec framework with DMTet and Flexi-
Cubes backends respectively. Note that our some methods
[16, 18, 26, 33, 41, 47, 51, 55, 61] require or benefit from
object masks on DTU. For fairness, masks are provided to
those methods that benefit from them.

Reference Nvdiffrec OursIMLS-Splatting TriSplat GT

Figure 7. Qualitative rendering comparison on the NeRF-synthetic
dataset. Compared to other mesh-driven methods, our method pro-
duces higher-fidelity results with more detailed textures.

Geometry Evaluation. To evaluate the geometric qual-
ity of the reconstructed meshes, we use Chamfer Distance
(CD) for quantitative comparison. Results on DTU dataset
are shown in Table 1. For our method, the reported run-
time includes both initialization and training. Our method
achieves geometric accuracy comparable to SOTA methods
while demonstrating a significant advantage in efficiency,
requiring fewer faces and shorter training time, which can
also be observed in Figure 5. GeoSVR [26] and PGSR [6]
generate meshes with a large number of redundant faces
and visible floating artifacts. While meshes from QGS [61]
and IMLS-Splatting [55] also show rough edges and sus-
pended mesh fragments. In contrast, ExMesh produces
meshes without obvious artifacts, recovering details while
maintaining smooth and intact surfaces.

Compared to DTU dataset, the NeRF-synthetic dataset
is more challenging due to its complex topology and di-
verse reflective properties. As shown in Table 2, our method

Table 3. Rendering quality results on the NeRF-synthetic dataset.

Method PSNR SSIM LPIPS

GS-
based

3DGS [23] 33.32 0.969 0.030
2DGS [18] 33.07 0.968 0.031
TriSplat [16] 33.87 0.97 0.03

Mesh-
driven

Nvdiffrec [33] 26.87 0.930 0.090
Flexicubes [41] 27.50 0.930 0.080
IMLS-Splat [55] 28.38 0.950 0.060
Ours 29.32 0.958 0.051

achieves geometric accuracy comparable to state-of-the-art
methods. Figure 6 shows the visual comparison on the
NeRF-synthetic dataset. 2DGS [18] and GOF [58] tend
to produce multi-layered suspended mesh artifacts and in-
troduce significant noise when fitting slender structures.
Meshes reconstructed by Nvdiffrec [33] exhibit obvious
polygonal faceting. In comparison, our method reconstructs
smoother surfaces and captures fine engraved details that
are not present in the results of other mesh-driven methods.
Rendering Evaluation. We further evaluate the novel
view synthesis quality on the NeRF-synthetic dataset. As
shown in Table 3, our method outperforms other mesh-
driven methods on all rendering metrics (PSNR, SSIM [52],
LPIPS [59]). The qualitative comparison in Figure 7 also
shows that, compared to Nvdiffrec [33] and IMLS-Splatting
[55], our rendered results exhibit higher fidelity and more
detailed textures. However, there is still a gap in render-
ing quality when compared to Gaussian-based methods, as
they leverage Spherical Harmonics (SH) to flexibly capture
complex view-dependent appearance. Bridging this render-
ing gap for explicit meshes remains an ongoing challenge.

(a) Ours (full) (b) Random Split (c) Random Merge 

Figure 8. Ablation study on our vertex split and merge strategies.

4.3. Ablation Study
Vertex Splitting and Merging. We first validate effective-
ness of the dynamic topology adjustment by comparing five
variants: (1) only merge; (2) only split; (3) random split,
where the edge to split is selected by our criterion but the
split position is set to a random point; (4) random merge;
and (5) our full method. Quantitative results on the NeRF-
synthetic dataset are shown in Table 4. ”‘Only Merge’ fails
to add faces for detailed fitting,. The “Only Split” variant,
while able to add details, led to a substantial increase in face
count. Random strategies also perform worse than our full
method. Qualitative comparison in Figure 8 intuitively re-
veals the reasons. Random split disrupts the local regularity
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Table 4. Quantitative results for the ablation study on our vertex
splitting and merging strategies on the NeRF-synthetic dataset.

Setting CD↓ PSNR↑ Face Count

Only Split 0.74 28.77 239K
Only Merge 1.81 23.51 12K
Random Split 0.77 28.30 184K
Random Merge 1.34 26.27 192K
Ours (full) 0.64 29.32 196K

Iteration

Faces

0 1000 2500 5000 10000

1K 1K 3K 20K 50K

Mesh

UV Map

Figure 9. Ablation study on the initialization strategy.

of the mesh, leading to an uneven and chaotic triangulation.
Additionally, random merge incorrectly collapses edges, in-
troducing severe topological irregularities.
Initialization Strategy. Instead of using the initial coarse
mesh described in Section 4.1, we use a spherical mesh with
1000 faces and random colors as the initial input. As shown
in Figure 9, our full optimization pipeline can still deform
and subdivide the mesh, eventually reconstructing the target
object. We observe that, compared to our standard initial-
ization strategy, training from an unrelated sphere requires
more iterations to converge, and the final geometric accu-
racy is slightly lower. These results demonstrate that our
method does not strictly depend on the initial mesh.

Table 5. Ablation study on texture representation.

Setting CD↓ PSNR↑ Face Count

Per-Vertex Color 0.76 28.47 356K
Per-Face Color 0.78 28.12 442K
MLP Texture 0.64 28.87 198K
Ours (UV Map) 0.64 29.32 196K

UV Mapping. Moreover, our standard method is evaluated
alongside three alternatives: (1) Per-Vertex Color, which
stores color directly on the vertices; (2) Per-Face Color;
and (3) Coordinate-based MLP textures. As shown in Ta-
ble 5, binding texture to geometry (per-vertex/face) requires
a significantly denser mesh to capture high-frequency de-
tails and match our geometric accuracy. In contrast, our
decoupled strategy achieves similar fidelity with far fewer
faces. Furthermore, compared to coordinate-based MLP
textures, our UV-based method yields comparable quality
while maintaining an editable texture map throughout opti-
mization, avoiding post-training baking.

(a) w/o Recreate UVMap

(b) w/ Recreate UVMap

Figure 10. Ablation study on UV reconstruction.
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Figure 11. Ablation on hyperparameter sensitivity. The geometric
accuracy remains highly stable as each parameter varies within
[0.5×, 2.0×] of its default value.

UV Reconstruction. We further evaluate the necessity of
periodic UV map reconstruction by comparing our standard
strategy with creating UV map only once at the beginning.
As shown in Figure 10, initial packing efficiency of UV is-
lands is low. As the topology changes during training, a
fixed UV map becomes inconsistent with the mesh, lead-
ing to texture stretching and UV island fragmentation. This
forces fine details into small or distorted UV regions, limit-
ing texture resolution and causing blurry results.
Hyperparameter Robustness. Finally, we conduct a com-
prehensive ablation study on five key hyperparameters, in-
cluding the degeneracy threshold and various loss weights.
As shown in Figure 11, the Chamfer Distance on the
DTU dataset remains highly stable as each parameter varies
within [0.5×, 2.0×] of its default value.

5. Conclusion
In this paper, we propose ExMesh, an explicit mesh recon-
struction framework designed to address the critical chal-
lenge of balancing high fidelity and conciseness. By in-
tegrating differentiable optimization with discrete topol-
ogy updates and real-time UV maintenance, our method
achieves coarse-to-fine mesh refinement. While our current
framework demonstrates robustness across hyperparameter
settings, exploring self-adaptive optimization mechanisms
remains a promising direction for future work.
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