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Figure 1: Conceptual Illustration of GSDF. Rendering and reconstruction tasks have traditionally
involved trade-offs in neural representation methods. While 3D-GS achieves high-fidelity view-
dependent rendering, it often compromises on geometric accuracy. Recent approaches [13, 10] use
explicit regularization to align Gaussian primitives near surfaces, but this can reduce model capacity
for high-fidelity visuals. Our GSDF introduces a dual-branch framework with specialized GS- and
SDF-branches for rendering and geometry tasks. We propose three mutual guidances (detailed in
Sec. 3.2) to enhance the quality of both tasks.

Abstract

Representing 3D scenes from multiview images remains a core challenge in com-
puter vision and graphics, requiring both reliable rendering and reconstruction,
which often conflicts due to the mismatched prioritization of image quality over pre-
cise underlying scene geometry. Although both neural implicit surfaces and explicit
Gaussian primitives have advanced with neural rendering techniques, current meth-
ods impose strict constraints on density fields or primitive shapes, which enhances
the affinity for geometric reconstruction at the sacrifice of rendering quality. To
address this dilemma, we introduce GSDF, a dual-branch architecture combining
3D Gaussian Splatting (3DGS) and neural Signed Distance Fields (SDF). Our ap-
proach leverages mutual guidance and joint supervision during the training process
to mutually enhance reconstruction and rendering. Specifically, our method guides
the Gaussian primitives to locate near potential surfaces and accelerates the SDF
convergence. This implicit mutual guidance ensures robustness and accuracy in
both synthetic and real-world scenarios. Experimental results demonstrate that our
method boosts the SDF optimization process to reconstruct more detailed geometry,
while reducing floaters and blurry edge artifacts in rendering by aligning Gaussian
primitives with the underlying geometry.

∗Equal contribution
†Corresponding author

38th Conference on Neural Information Processing Systems (NeurIPS 2024).



1 Introduction

Recent advancements in neural scene representations have showcased superior rendering capabilities
[23, 24, 17], these advancements have sparked signi�cant interest in neural surface reconstruction [39,
31, 19, 32, 10, 13]. They seek to develop uni�ed representations, which simultaneously support high-
�delity rendering and accurate geometric reconstruction, to better support downstream applications
such as robotics [16, 27], physical simulations [35, 8], and XR applications [36, 15].

Although both neural implicit surfaces and explicit Gaussian primitives have advanced with neural
rendering techniques, current methods often suffer from a mismatched prioritization between appear-
ance and geometry. Imposing regularization or constraints on the uni�ed representation may boost
one task, while unavoidably deteriorating the performance of the other. Recent approaches [10, 5],
have explored using �at Gaussian primitives for surface modeling. Enforcing binary opacity [10] and
jointly learned NeuS models [5] to regularize attributes have led to degraded rendering quality due to
primitive constraints. However, works such as Adaptive Shell [34], Binary Occupancy Field [26], and
Scaffold-GS [21] have demonstrated that incorporating geometry guidance signi�cantly enhances
rendering quality by producing well-regularized spatial structures with hybrid representations.

Building on these insights, we propose a synchronously optimizeddual-branchsystem, addressing
rendering and reconstruction with hybrid representations, to bypass the con�icts and further achieve
mutual enhancements, as illustrated in Fig. 1. Our method leverages mutual guidance and joint
supervision to balance rendering and reconstruction without compromising their intrinsic advantages.
Speci�cally, our system features a 3D Gaussian Splatting (3DGS) branch for rendering and a Signed
Distance Field (SDF) branch for surface reconstruction. The key innovations of our approach include:
(1) Utilizing rasterized depth from the GS-branch to guide ray sampling in the SDF-branch, enhancing
volume rendering ef�ciency and avoiding local minima. (2) Applying SDF-guidance for density
control in 3DGS, directing the growth of 3D Gaussians in near-surface regions and pruning elsewhere.
(3) Aligning geometry properties (depth and normal) estimated from both branches. This uni�ed
system overcomes the limitations inherent in each method due to differences in rendering techniques
(rasterization vs. dense ray sampling) and scene representation (discrete primitives vs. continuous
�elds). Moreover, our framework is designed to accommodate future advancements in each branch.

Extensive experiments demonstrate that our dual-branch design allows: 1) The GS-branch to generate
structured primitives closely aligned with the surface, reducing �oaters and improving detail and
edge quality in view synthesis. 2) Accelerated convergence in the SDF-branch, resulting in superior
geometric accuracy and enhanced surface details. Our results con�rm that an integrated blend of both
reconstruction and rendering is achievable, enhancing overall robustness and performance.

2 Related work

Advanced Neural Rendering Techniques. Neural Radiance Fields (NeRFs) [23] have achieved
remarkable photorealistic rendering with view-dependent effects. They use Multi-Layer Perceptrons
(MLPs) to map 3D spatial locations to color and density, which are then aggregated into pixel colors
through neural volumetric rendering. This approach excels in novel view synthesis but is slow due to
the need for extensive point sampling along each ray and the global MLP architecture's scalability
limitations. Recent research [24, 37, 4, 9] has shifted the learning burden to locally optimized
spatial features, enhancing scalability. Alternative methods like rasterizing geometric primitives (e.g.,
point clouds) [2, 41] offer ef�ciency and �exibility but struggle with discontinuities and outliers.
Augmenting points with neural features and incorporating volumetric rendering [38] improves quality
but adds computational overhead. Recently, 3D Gaussian Splatting (3DGS) [17] revolutionized neural
rendering by using anisotropic 3D Gaussians as primitives, sorted by depth and rasterized onto a
2D screen with� -blending. This method achieves high-quality, detailed results at real-time frame
rates. Scaffold-GS [21] enhanced 3DGS by introducing a hierarchical structure that aligns anchors
with scene geometry, improving rendering quality and memory ef�ciency. However, these methods
prioritize view synthesis over accurate scene geometry, often resulting in fuzzy volumetric density
�elds that hinder the extraction of high-quality surfaces

Neural Surface Reconstruction. The success of neural rendering has sparked signi�cant interest in
neural surface reconstruction [25, 39, 31, 19, 32, 40]. These methods typically use coordinate-based
networks to encode scene geometry through occupancy �elds or Signed Distance Field (SDF) values.
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Figure 2:Overview of Dual-branch Guidance. Our dual-branch framework includes a GS-branch
for rendering and an SDF-branch for learning neural surfaces. This design preserves the ef�ciency and
�delity of Gaussian primitive for rendering [17, 21] while accurately approximating scene surfaces
from an SDF �eld adapted from NeuS [31]. Speci�cally: (1) The GS-branch renders depth maps to
guide SDF-branch ray sampling, querying absolute SDF valuesjsj and sampling points within2kjsj
(e.g.,k = 4 ). (2) Predicted SDF values guide GS-branch density control, growing Gaussians near
surfaces and pruning deviated ones. (3) Mutual geometry consistency is enforced by comparing depth
and normal maps from both branches, ensuring coherent alignment between Gaussians and surfaces.

While MLPs with volume rendering produce smooth and complete surfaces, they often lack high-
�delity details and are slow to optimize. Recent works [19, 34, 26] have leveraged multi-resolution
hashed feature grids from iNGP [24] to enhance representation power, achieving state-of-the-art
results. Hybrid approaches combining surface and volume rendering [30, 34, 26] have also emerged
to maintain rendering speed and quality. More recently, methods have explored integrating 3D
Gaussian Splatting for surface learning. For example, SuGaR [10] aligns 3D Gaussians with potential
surfaces by approximating them to 2D planar primitives with binary opacity. Similarly, 2D Gaussian
Splatting [13] replaces 3D Gaussians with 2D Gaussians for more accurate ray-splat intersection
and regularizes depth maps to enforce a more condensed Gaussian primitive distribution. Another
approach [7] optimizes Gaussian surfels constrained by a normal prior from a pre-trained monocular
estimator, enhancing surface representation. The concurrent work NeuSG [5] jointly optimizes 3D
Gaussian Splatting with NeuS [31] by encouraging �at 3D Gaussians as well, with normals aligned
with NeuS predictions. 3DGSR [22] also aligns the geometry from 3DGS with a SDF �eld. Despite
advances in neural surface reconstruction, a �delity gap persists due to the explicit regularization of
Gaussian primitives, which hampers rendering quality compared to 3DGS. Our method optimizes
primitives aligned with surfaces using geometric clues, enhancing structural integrity without losing
representational power.

3 Method

We present a dual-branch framework with GS- and SDF-branches, jointly optimized to provide
mutual guidance, as shown in Fig. 2. Our approach aligns Gaussian primitives with surfaces using
geometric clues rather than constraining their shapes, enhancing both structure and representational
power. These improved primitives yield more accurate and detailed scene surfaces.

In Sec.3.1, we brie�y review neural rendering methods[17, 21] and neural implicit surface representa-
tions [31, 19]. Sec.3.2 details our framework and the three proposed mutual guidance techniques.
Sec.3.3 outlines our training strategy and loss design.
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