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Abstract

Surface reconstruction has been widely studied in computer
vision and graphics. However, existing surface reconstruc-
tion works struggle to recover accurate scene geometry when
the input views are extremely sparse. To address this issue,
we propose MeshSplat, a generalizable sparse-view surface
reconstruction framework via Gaussian Splatting. Our key
idea is to leverage 2DGS as a bridge, which connects novel
view synthesis to learned geometric priors and then transfers
these priors to achieve surface reconstruction. Specifically,
we incorporate a feed-forward network to predict per-view
pixel-aligned 2DGS, which enables the network to synthesize
novel view images and thus eliminates the need for direct 3D
ground-truth supervision. To improve the accuracy of 2DGS
position and orientation prediction, we propose a Weighted
Chamfer Distance Loss to regularize the depth maps, espe-
cially in overlapping areas of input views, and also a normal
prediction network to align the orientation of 2DGS with nor-
mal vectors predicted by a monocular normal estimator. Ex-
tensive experiments validate the effectiveness of our proposed
improvement, demonstrating that our method achieves state-
of-the-art performance in generalizable sparse-view mesh re-
construction tasks.

Project — https://hanzhichang.github.io/meshsplat_web

1 Introduction

Surface reconstruction of 3D scenes is a fundamental task
in 3D vision, with a wide range of applications in down-
stream tasks such as AR/VR and embodied AI. Recently,
based on NeRF (Mildenhall et al. 2021) and 3DGS (Kerbl
et al. 2023), numerous per-scene optimized surface recon-
struction methods (Wang et al. 2021a; Huang et al. 2024a;
Chen, Li, and Lee 2023; Yu et al. 2024; Guédon and Lepetit
2024) have been proposed. However, these methods strug-
gle to robustly reconstruct scenes with only sparse views
as input. This is because sparse views can only provide
limited multi-view geometric constraints, which are insuffi-
cient to perform high-quality per-scene geometry optimiza-
tion. Therefore, it is necessary to construct a feed-forward
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Figure 1: Motivation. (a) The ellipsoid shape of 3DGS leads
to different intersection planes in different viewpoints, re-
sulting in inconsistent surface. (b) 2DGS has consistent in-
tersection planes in different viewpoints, which is more suit-
able for surface reconstruction. (c) When the positions and
orientations of 2DGS are not regularized, there will be sig-
nificant discrepancies between 2DGS and the contours of the
surface, which hinders the reconstruction of scene surfaces.

pipeline to learn geometric priors from diverse scenarios for
generalizable sparse-view surface reconstruction.

To address this issue, several meaningful attempts have
been made, which are mainly NeuS-based methods (Wang
et al. 2021a). For instance, SparseNeuS (Long et al. 2022)
constructs geometric volumes to estimate implicit SDF
fields, which are then transformed to mesh. However, due
to the inefficiency of implicit SDF representation and neural
rendering, NeuS-based methods are limited to object-centric
scenes and suffer from long rendering times. Compared with
NeuS, Gaussian splatting can achieve not only faster render-
ing speeds but also better rendering quality. However, the
vanilla Gaussian splatting framework falls short in repre-
senting surface geometry (Huang et al. 2024a). Therefore,
existing Gaussian splatting-based methods (Charatan et al.
2024; Chen et al. 2024c; Wewer et al. 2024) mainly focus
on generalizable novel view synthesis, while methods apply-
ing Gaussian splatting to generalizable sparse-view surface
reconstruction remain unexplored.

To realize high-quality surface reconstruction, the net-
work requires not only realistic appearance rendering but
also precise geometry recovery. More importantly, the for-
mer task usually has more available training data, while the
latter requires expensive geometric labeling. This raises a
question: is it possible to learn generalizable geometric
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Figure 2: Given sparse-view images as input, MeshSplat can directly predict the scene geometry and efficiently extract the
scene mesh. Compared to MV Splat (Chen et al. 2024¢) and other state-of-the-art methods, Meshplat achieves more consistent
and precise mesh extraction in generalizable sparse-view surface reconstruction.

priors from novel view synthesis task? Motivated by re-
cent work 2DGS (Huang et al. 2024a), we find an effec-
tive way to address this issue: using 2DGS as a bridge be-
tween novel view synthesis (NVS) and surface reconstruc-
tion. Compared with 3DGS, 2DGS is naturally more suitable
for representing thin surfaces and can be easily used to ex-
tract surface mesh beyond rendering novel views, as shown
in Figure 1 (a) and (b). To this end, we decide to construct a
feed-forward framework to predict pixel-aligned 2DGS for
generalizable sparse-view surface reconstruction.

However, we also find that integrating 2DGS into gener-
alizable sparse-view 3D scene reconstruction is not a trivial
task. Compared to 3DGS, 2DGS is more sensitive to posi-
tion and orientation estimation in mesh reconstruction, as
illustrated in Figure 1 (c). For position, it can be iteratively
optimized in a per-scene optimization setting. However, in
an end-to-end framework, the Gaussian positions depend on
the predicted depth maps. Due to the thin nature of 2DGS,
mispredictions in the depth map directly lead to noticeable
position shifts, unlike 3DGS. For orientation, unlike 3DGS
whose orientations can be more flexible, the orientation of
2DGS directly determines the surface normals of the scene.
Errors in predicting Gaussian orientation will ultimately re-
sult in distorted scene surfaces.

To address these challenges, we propose MeshSplat, a
generalizable sparse-view surface reconstruction framework
based on 2DGS, which consists of the following key de-
signs: (1) Given sparse images as input, we build an MVS-
based feed-forward network to generate pixel-aligned
2DGS, where the position and orientation of 2DGS are
transformed according to the predicted depth and normal
maps, and other attributes of 2DGS are decoded directly
from a convolutional Gaussian head. With the predicted
2DGS, we can synthesize novel views for supervision and fi-
nally perform mesh extraction. (2) To improve the accuracy
of 2DGS position prediction, we design a Weighted Cham-
fer Distance Loss to align point clouds generated from pre-
dicted depths across different views. Since adjacent views
have varying overlaps, we introduce a confidence map to
identify overlapping regions and weight the Chamfer Dis-
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tance Loss accordingly, assigning higher weights to these
overlapping areas. (3) To improve the accuracy of 2DGS ori-
entation prediction, we design an uncertainty-based nor-
mal prediction network that predicts per-view normals and
converts them to rotation quaternions for 2DGS. The per-
view normals are supervised by an off-the-shelf monocular
normal estimator, which incorporates monocular geometry
priors to assist surface reconstruction.
Our main contributions can be summarized as follows:

* We propose MeshSplat, the first method, to the best
of our knowledge, that focuses on generalizable sparse-
view surface reconstruction via Gaussian splatting.

* By incorporating 2DGS instead of 3DGS as a bridge,
MeshSplat can learn generalizable geometric priors from
the novel view synthesis task in a self-supervised manner.

* To better integrate 2dgs into the feed-forward frame-
work, we introduce a Weighted Chamfer Distance Loss
to align Gaussian position across views and design an
uncertainty-based normal prediction network that pro-
vides monocular supervision to Gaussian orientations.

» Extensive experiments show that our method achieves
state-of-the-art performance in generalizable sparse-view
surface reconstruction and cross-dataset generalization.

2 Related Work
2.1 3D Scene Representation

Early 3D scene methods (Jiang et al. 2020; Genova et al.
2020; Cheng et al. 2025) employ point clouds, signed dis-
tance functions or occupancy fields to represent 3D scenes.
NeRF (Mildenhall et al. 2021) utilizes neural networks to
construct the 3D radiance field for scene representation and
renders RGB images by volume rendering, which inspires
many subsequent works in 3D vision (Barron et al. 2021;
Miiller et al. 2022; Hong et al. 2023). However, NeRF-
based methods suffer from long-time inefficient rendering.
3DGS (Kerbl et al. 2023) models 3D scenes by explicit el-
lipsoidal Gaussian primitives and introduces a differentiable
rendering method based on alpha-blending. It has become



the core 3D scene representation for many tasks, such as
novel view synthesis (Ren et al. 2025; Lu et al. 2024), 3D as-
sets generation (Tang et al. 2023) and dynamic scene recon-
struction (Huang et al. 2024b; Zhu et al. 2024). Despite their
success, original NeRF and 3DGS require per-scene opti-
mization, lacking cross-scene generalization capabilities.

2.2 Generalizable 3D Reconstruction

Extensive works have proposed generalizable 3D re-
construction frameworks by training neural networks on
large-scale datasets to learn cross-scene priors. Early ap-
proaches (Chen et al. 2021; Wang et al. 2021b; Xu et al.
2024) primarily combined feed-forward neural networks
with Neural Radiance Fields (NeRF). However, these meth-
ods often suffer from the inefficiencies inherent in NeRF
training and rendering, which limit their performance. More
recently, methods such as DUSt3R and its subsequent exten-
sions (Wang et al. 2024a; Duisterhof et al. 2025; Wang et al.
2025a) leverage Transformer-based architectures trained on
large-scale 3D-annotated datasets to predict 3D point maps
from input 2D images. While effective in generating point-
based 3D representations, these approaches cannot general-
ize to novel views and are not suitable for surface recon-
struction tasks. Methods like LVSM (Jin et al. 2024) support
novel view synthesis (NVS) tasks, but they are limited to
generating RGB images and thus cannot be directly applied
to surface reconstruction. With the introduction of 3D Gaus-
sian Splatting (3DGS), a new class of methods (Charatan
et al. 2024; Chen et al. 2024c; Wang et al. 2024b, 2025b),
where MVSplat (Chen et al. 2024¢) represents a prominent
approach, employ 3DGS as the 3D scene representation for
generalizable 3D reconstruction. They usually first predict
depth maps from input views, and then use back-projected
3D points as centers to construct pixel-aligned 3D Gaussian
representations. PM loss (Shi et al. 2025) further regularizes
the predicted 3DGS positions by introducing VGGT pri-
ors. However, despite their promising performance in NVS
tasks, these generalizable frameworks remain inadequate for
mesh extraction and surface reconstruction tasks.

2.3 Surface Reconstruction

Traditional surface reconstruction methods (Kazhdan and
Hoppe 2013; Furukawa and Ponce 2009) primarily model
3D scene geometry through explicit feature matching. With
the rise of neural networks, many works (Wang et al. 2021a;
Reiser et al. 2024; Li et al. 2023; Yariv et al. 2021) recon-
struct scene surface by estimating neural occupancy fields
or signed distance functions (SDF) by neural networks,
and render novel views through surface rendering or vol-
ume rendering techniques. Recently, many works have ex-
tended Gaussian Splatting to mesh extraction. These meth-
ods can be categorized into two types: methods that directly
use ellipsoidal 3DGS to extract meshes (Guédon and Lep-
etit 2024; Yu et al. 2024; Yu, Sattler, and Geiger 2024;
Zhu et al. 2025), and methods that use flattened 3DGS or
2DGS (Huang et al. 2024a; Chen, Li, and Lee 2023; Chen
et al. 2024a). However, these methods fail to generate high-
quality meshes under sparse viewpoint inputs and lack cross-
scene generalization. SparseNeuS (Long et al. 2022) and
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subsequent works (Peng et al. 2023; Xu et al. 2023; Chen
et al. 2024b), inspired by generalizable novel view synthe-
sis approaches, achieve generalizable surface reconstruction
based on NeuS (Wang et al. 2021a). These methods extract
feature maps from input images to construct a 3D geome-
try volume, which is used to obtain neural SDF fields and
output the mesh of the scene. However, these methods ex-
hibit poor efficiency in mesh extraction and are limited to
object-centric scenes. 2DGS (Huang et al. 2024a) outper-
forms NeuS-based methods in mesh extraction tasks, but
how to generalize 2DGS to different scenes with sparse in-
puts still remains unexplored. Therefore, we propose Mesh-
Splat, an end-to-end generalizable sparse-view surface re-
construction framework based on 2DGS.

3 Methods
3.1 Overall Framework

The framework of MeshSplat is illustrated in Figure 3.
Given two images {I;}?_, and corresponding projection
matrices{I1;}?_,, II; = K,[R;|t;], where K; denotes for
camera intrinsics, R; denotes for camera rotation matrices
and ¢; denotes for translation matrices, MeshSplat begins
with an encoder composed of a CNN and Multi-View Trans-
former to extract feature maps. From these multi-view fea-
ture maps, per-view cost volumes are constructed via plane
sweeping. To enhance the multi-view consistency, we pro-
pose a Weighted Chamfer Distance Loss to constrain the
cost volumes. Subsequently, we use a Gaussian Prediction
Network, which includes a normal prediction network to
predict Gaussian orientations, and a depth refinement net-
work to predict Gaussian positions. In this way, we can ob-
tain the pixel-aligned 2DGS to represent the scene. This pro-
cess can be formulated as:
2x HxW

(L T}y = {pgy 5,75, 0, 63527 (D
Finally, these predicted 2DGS can render novel views and
reconstruct the scene mesh.

3.2 Cost Volume Construction

Following MV Splat (Chen et al. 2024c), we first use a CNN
to extract a feature map from each input view. Then, we
employ a Transformer that incorporates multi-view cross-
attention to enable information exchanges across different
views. As a result, we obtain the feature map {F;}?_; for
each view with a size of % X % x C.

To intuitively obtain the matching correspondences be-
tween the two input images, we construct per-view cost vol-
umes via plane sweeping. Specifically, for input view i, we
first divide the depth ranges into several depth bins {dj }2_;.
The feature map [ from the other view j is then warped to
view ¢ using the projection matrices P; and P; along with

the current depth candidate dj, denoted as Fdii. Next, we
compute the dot product between the two feature maps and
concatenate the results from all depth candidates. After two
convolutional layers ¢y, we finally obtain the cost volume
V; with asize of & x % x D:
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Figure 3: Overall Architecture. Taken a pair of images as input, MeshSplat begins with a multi-view backbone to extract per-
view feature maps. Then we construct per-view cost volumes via the plane-sweeping to generate coarse depth maps, which can
be projected to 3D point clouds and be constrained by our proposed Weighted Chamfer Distance Loss. We further feed cost
volumes into our gaussian prediction network, together with a depth refinement network and a normal prediction network, to
obtain pixel-aligned 2DGS. Finally, we use these 2DGS to render novel view for supervision and reconstruct the scene mesh.

Since the correlation calculation directly reflects the
matching confidence between the input images, we can di-
rectly apply Softmax operation to compute the probabilities
of the depth values to be each depth candidates. The coarse
depth maps can be obtained by weighted summation:

W; = Softmaxp(V;), D§o*=¢ = Z Wkd, ()
%

3.3 Gaussian Prediction Network

Next, we discuss how to derive the attributes of pixel-aligned
2DGS from cost volumes. Following MV Splat (Chen et al.
2024c), we first use U-Net with attention layers to refine the
cost volume, taking feature maps as additional inputs. Us-
ing the refined cost volume, we can compute the final depth
maps using equation (3), and then perform back-projection
to obtain the 3D positions of the pixel-aligned 2DGS.

In addition, 2DGS requires more precise orientation pre-
diction than the ellipsoid-like 3DGS. Based on this, we
introduce an additional normal prediction network to pre-
dict the normal maps of the input images, which are fur-
ther converted to the 2DGS rotation quaternions. We use a
lightweight CNN ¢, to predict the orientations of the pixel-
aligned 2DGS. The network takes the refined cost volumes,
feature maps, and original RGB images at three different
scales as input, and processes them through convolutional
layers with residual connections. Finally the rotation quater-
nions ¢ for all three scales are obtained, which are further
converted into normal vectors n for each scale, along with
kappa « which reflect the uncertainty of predicted normal
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vectors following (Bae, Budvytis, and Cipolla 2021):

{a.5} = brot(Vi||F|| 1), m=R(g)-[0,0,1]" (4

where R(q) represents the rotation matrix computed from
the rotation quaternion q. The resulting normal vectors n and
kappa x will be used in subsequent loss calculations.

For the remaining attributes of 2DGS, following (Chen
et al. 2024c), we predict them through a two-layer convolu-
tional gaussian head, taking the refined cost volumes, feature
maps, and original RGB images as input.

3.4 Weighted Chamfer Distance Loss

In the ideal case, the Gaussian positions predicted from ad-
jacent views should have significant overlaps. Considering
this property, one approach is to use the Chamfer Distance
(CD) Loss as regularization on these 3D points. Chamfer
Distance measures the overlaps between two point clouds,
which can be expressed as:

11 ¢ 1
Lop = =(— min ||pt —p? ||+ — min ||pb — p?
cp Q(NI; tin|[p} 3| M; in|p )

(&)
where {pi } Y% are the predicted point clouds calculated by
the projection matrices II;; and coarse depth maps D;°%"*¢ of
the k-th view. The original CD Loss assigns equal weights
to all points. However, due to occlusion and view differ-
ences, those pixels which do not have their corresponding
pixels will have far chamfer distances. Applying CD loss
uniformly to all points may result in incorrect and unreason-
able constraints.



To address this issue, we design confidence maps to mea-
sure the matching confidence of each pixel and use them to
weight CD loss, resulting in our proposed Weighted Cham-
fer Distance Loss (WCD Loss). We argue that confidence
maps can be derived from the cost volumes, since they have
already captured feature similarities between pixels. The
confidence map M; for view ¢ is defined by taking the max-
imum value along depth dimension in the cost volume:

M; = max Softmaxp(V;), i=1,2 6)
k
With the confidence maps, we define the WCD Loss as:
1,1 & A
Lwep = §(F1 ZMl(Z) mjin |lp1 — P3|
- 0

No
1 , .
+— E Mo () min ||ph — p)
]\[2 P 2() j ||p2 le)

where M /5 (i) denotes the confidence map value for pixel i
in the first or second view.

Our proposed WCD loss ensures that the regions with
higher matching confidence overlap as much as possible.
This regularizes the generation of cost volumes, and leads
to a more accurate prediction of 2DGS positions.

3.5 Uncertainty-Guided NLL Normal Loss

Due to the lack of regularization for normals, the pre-
dicted orientations of 2DGS still suffer from degradation,
preventing the 2DGS from aligning precisely with the ac-
tual surfaces. To address this issue, we use the uncertainty-
guided normal negative log-likelihood (NLL) loss proposed
by (Bae, Budvytis, and Cipolla 2021) to supervise predicted
normal maps at each scale, which is defined as:

—log(k? + 1) + log(1+

exp(—r;m)) + ki cos L nlny

L angMr (15 i, Ki)

®)

where n;, x;, n; stands for the predicted normal vector,
kappa and pseudo ground-truth normal vector of pixel i. Fol-
lowing (Bae, Budvytis, and Cipolla 2021), we sample pixels
based on their k;, forming the sampled sets Psample, and
only apply NLL loss on Fiample. We use an off-the-shelf
monocular normal estimation model Omnidata (Eftekhar
et al. 2021) to provide pseudo ground-truth normal maps as
supervision. Finally, the normal loss £,,5;ma1 1S computed as
the average of NLL losses in sampled points. Details can be
found in supplementary materials.

3.6 Training and Inference
Finally, our overall training loss is defined as:
L= wq ACpho + ’LUQEVVCD + w3£normal (9)
Loho consists of MSE loss and LPIPS loss calculated from
ground truth RGB image I and rendered image I:
Lpho = w1y MSE(I, I) 4 w9 LPIPS(I, ) (10)

During inference, 2DGS is first reconstructed through our
network. Then we follow 2DGS original paper (Huang et al.
2024a) to extract the scene mesh.
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4 [Experiments
4.1 Settings

Datasets. We train and evaluate our model on Re10K (Zhou
et al. 2018) and Scannet (Dai et al. 2017) datasets. Re10K
is a large-scale home walkthrough multi-view dataset ob-
tained from YouTube, containing 67,477 training scenes and
7,289 testing scenes. Scannet is a multi-view real-world in-
door dataset, and following (Zhang et al. 2022), we use 100
scenes for training and 8 scenes for testing. To evaluate the
model generalizability, we also perform cross-dataset eval-
uations from RelOK to Scannet and Replica (Straub et al.
2019), a multi-view synthetic indoor dataset. Following (Zhi
et al. 2021), we use 8 scenes for testing in Replica dataset.
Implementation Details. We employ different training
strategies for RelOK and Scannet. For experiments on
Rel0OK, we crop the input images to 256 x 256 and train
for 200,000 steps with a batch size of 12. For experiments
on Scannet, we crop the input images to 512 x 384 and train
for 75,000 steps with a batch size of 4.

4.2 Main Results

Mesh Reconstruction. To enable comparisons with the
state-of-the-arts, we transfer four methods from generaliz-
able novel view synthesis to mesh reconstruction as our
comparison. For fair comparison, we also apply TSDF fu-
sion for the compared methods. Table 1 presents the experi-
mental results on the two datasets. The experiments demon-
strate that our method significantly outperforms these meth-
ods in all metrics, indicating that our approach has strong
capabilities in surface reconstruction with sparse-view input.
Figures 4 and 5 show the visualizations on RelOK
and Scannet. For the compared methods, their extracted
meshes suffer from holes and uneven surfaces. In contrast,
MeshSplat can accurately reconstruct the meshes of com-
plex scenes with smoother surfaces, demonstrating that our
model can capture scene structure well even with sparse-
view inputs. More comparisons can be found in Appendix.
Cross-Dataset Generalization. To validate the generaliza-
tion ability, We also conduct zero-shot transfer experiments
on the Scannet and Replica datasets respectively, using the
model trained on the Re10K dataset. As shown in Table 2,
our method still provides significant improvements com-
pared to the baselines, demonstrating the satisfactory gen-
eralizability of MeshSplat across diverse scenarios.
Depth and Normal Maps Prediction. To further show that
MeshSplat can capture scene geometry accurately, we show
the experiments on depth and normal maps prediction in
Table 3. MeshSplat surpasses MVSplat by a large margin
in all metrics, demonstrating that MeshSplat can better re-
cover the scene geometry. We also show the visualizations
of depth and normal maps in Figure 6, along with match-
ing confidence maps in the WCD loss and kappa maps used
in the normal loss. MeshSplat can accurately estimate depth
and normal maps of the input views. The confidence maps
clearly indicate regions of low confidence, such as texture-
less areas and non-overlapped regions. For kappa maps, the
higher uncertainty areas are typically object borders.



RelOK* Scannet
CD|  Precisionf Recallf F17 CD]  PrecisionT Recall? F17

SparseNeuS (Long et al. 2022) 6.0473 0.0012 0.0097  0.0020 7.1860 0.0056 0.1964  0.0107
MVSNeRF (Chen et al. 2021) 0.6139 0.1390 0.1548  0.1407 0.5761 0.1320 0.2053 0.1514
pixelSplat (Charatan et al. 2024)  1.4423 0.1067 0.0903  0.0944 0.3285 0.2599 0.3597  0.2948
MVSplat** (Chen et al. 2024c)  0.4038 0.3986 0.2633  0.3139 - - - -

MVSplat (Chen et al. 2024c) 0.4015 0.3949 0.2607  0.3100 0.3748 0.1992 0.2282  0.2095
MeshSplat (Ours) 0.3566 0.5289 0.2953  0.3758 0.2606 0.3901 0.3849  0.3824

Table 1: Quantitative Comparisons. * denotes that we use the dense reconstruction results of COLMAP with dense view inputs
as ground-truth point clouds of Rel10K. ** denotes for the 300k-training-step version according to its original setting.

Rel0K — Scannet RelOK — Replica
CDJ]  Precision] Recallf F17 CDJ] PrecisionT Recallt F17

SparseNeuS (Long et al. 2022)  8.3055 0.0003 0.0166  0.0006 12.72 0.0002 0.0099  0.0003
MYVSplat (Chen et al. 2024c) 0.4506 0.1333 0.1591 0.1418 1.089 0.0528 0.0695 0.0564
MeshSplat (Ours) 0.3148 0.2868 0.3176  0.2956 0.921 0.0749 0.0984 0.0809

Table 2: Quantitative Comparisons in Zero-Shot Transfer Experiments on Scannet and Replica Datasets. We use the models
trained on Re10K only to perform cross-dataset generalization experiments. MeshSplat still shows promising results.

Ground Truth Ours (RGB) Ours MYVSplat pixelSplat VSNeRF

Figure 4: Quanlitative Comparisons on Rel0K Dataset. While the baseline methods provide meshes with holes and uneven
surfaces, MeshSplat successfully reconstruct the scene with smoother and more complete meshes.

Ground Truth Ours (RGB) Ours MVSplat MVSNeRF

Figure 5: Quanlitative Comparisons on Scannet Dataset. While the baseline methods provide meshes with holes and uneven
surfaces, MeshSplat successfully reconstruct the scene with smoother and more complete meshes.

4.3 Ablations final output. Overall, these results demonstrate that each pro-
. ) posed component plays a complementary role in boosting

Main Components. Table 4 and Figure 7 (a) present the the reconstruction quality.

results of our ablation studies conducted on the Scannet

dataset. The first two lines of the table indicate that 2DGS Gaussian normals. To further demonstrate the necessities

is more suitable for mesh reconstruction tasks compared to of the normal prediction network, we present comparisons

3DGS. Moreover, by incorporating our proposed WCD loss on normal maps rendered by Gaussian Splatting in Figure 7

and normal prediction network, 2DGS can align better with (b). Following (Chen, Li, and Lee 2023), we define the nor-

the actual surfaces. These enhancements significantly im- mal vector of 3DGS as the direction of the axis which has

prove surface fidelity and reduce geometric artifacts in the the minimum value of scales. 2DGS suffer from more sig-
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View View 11 Depth

Normal Kappa

Figure 6: Visualizations of Output Depth and Normal Maps, Confidence Maps Used in WCD Loss and Kappa Maps Used
in Normal Loss. The confidence maps reflect the unconfident matching areas like texture-less areas and non-overlapped areas
between the two views. For kappa maps, areas with higher uncertainty typically correspond to object boundaries.

Depth Normal
AbsRel|  AbsDiff] Mean| <30°7
MVSplat  0.1692 0.3197 57.16  0.1357
MeshSplat  0.0910 0.1680 33.84  0.6026

Table 3: Results on Depth and Normal Prediction. Mesh-
Splat can predict depth and normal maps correctly.

# 2DGS WCDLoss NPN CD|

1 0.3748
2 v 0.2948
3 v v 0.2769
4 v v 0.2642
5 v v v 0.2606

Table 4: Ablation Studies on Scannet Dataset. NPN stands
for the normal prediction network and NLL loss.

nificant degradation in normals compared to 3DGS when
no regularization is applied. After incorporating the normal
prediction network and its corresponding regularization loss,
the predicted orientations of 2DGS become more accurate.

5 Limitations

Although our model achieves promising results in general-
izable sparse-view surface reconstruction, it still has some
limitations. MeshSplat sometimes may predict discontinu-
ous depth maps in weakly textured areas, as shown in the
Appendix, although the rendered RGB image is reliable.
This is probably due to the ambiguity of feature matching
in these areas. Additionally, MeshSplat cannot reconstruct
surfaces in regions not visible from the input views. Incor-
porating generative approaches might be a good choice.
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Figure 7: Qualitative Ablation Studies. (a) Ablation studies
on proposed modules. (b) Comparisons of rendered normal
maps by Gaussian Splatting.

6 Conclusion

We present MeshSplat, a generalizable surface reconstruc-
tion framework designed for sparse-view inputs. We use
2DGS as scene representation and construct an end-to-end
surface reconstruction network. To better meet the needs for
more accurate prediction of 2DGS, we propose the WCD
loss to regularize coarse point maps, and also use a normal
prediction network to predict the orientations of 2DGS. Ex-
periments demonstrate that MeshSplat outperforms existing
methods in generalizable sparse-view mesh extraction.
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