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Figure 1: p-SDF produces high-fidelity dynamic 3D surface reconstructions. Compared with prior
arts (Liu et al.,[2024;|Zhang et al., 2024)), our method preserves more faithful appearance and geom-
etry across challenging real-world dynamic datasets (Joo et al., 2015} |Lu et al., 2024)).

ABSTRACT

Reconstructing high-fidelity, temporally coherent surfaces of dynamic scenes re-
mains a critical challenge in computer vision. While recent methods excel at novel
view synthesis, they often fail to recover accurate geometry, yielding noisy or tem-
porally inconsistent meshes that are suboptimal for downstream applications such
as simulation or editing. In this work, we introduce a new paradigm for dynamic
surface reconstruction based on a parametric Signed Distance Function (p-SDF).
Our key insight is to generalize static SDF fields—where each spatial point stores
a constant value—into time-dependent parametric curves with each curve model-
ing a temporally evolving SDF trajectory. Such a parametric SDF modeling pro-
vides a principled way to capture complex temporal variations, naturally enforcing
smoothness and continuity in shape dynamics. At each timestamp, a static SDF
field can be queried from p-SDF and converted into an explicit surface mesh via
differentiable iso-surfacing. By rendering these meshes with a physically based
differentiable renderer, we optimize the underlying parametric curves end-to-end
against 2D image observations. Our framework produces high-fidelity, tempo-
rally coherent surfaces and inherently disentangles geometry, material, and light-
ing from multi-view videos. It robustly reconstructs geometry under large-scale
motions and resolves appearance ambiguities caused by challenging lighting and
occlusions. Experiments on both synthetic and real-world scenes demonstrate
that our method achieves state-of-the-art geometric accuracy and temporal con-
sistency, delivering delicate meshes that surpass prior work, benefiting from our
parametric SDF representation.

1 INTRODUCTION

Reconstructing high-fidelity surfaces from multi-view video is a long-standing pursuit in computer
vision, powering applications in simulation, virtual and augmented reality (VR/AR), autonomous
robotics, and film production. A central requirement is temporal coherence: the reconstructed ge-
ometry must evolve smoothly and consistently over time. Without it, surfaces may flicker, distort,
or break apart—undermining downstream tasks such as relighting, physical simulation, or editing.
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Figure 2: Continuous SDF Trajectory. The SDF field of a dynamic scene evolves over time, e.g., a
sphere dilating and moving (left top) cause the variations of the SDF field (left bottom). Each spatial
point (e.g., green, orange, and blue markers) traces a continuous SDF trajectory. We optimize our
p-SDF with a compact set of basis functions (Sec. to represent these continuous curves. As
shown in the right figure, p-SDF closely follows the ground truth SDF trajectories.

Achieving this coherence, however, remains highly challenging, as continuous deformations of dy-
namic scenes often involve non-rigid motion, large-scale dynamics, and even topological changes.

Recent advances in scene representations, such as Neural Radiance Fields (NeRFs) (Mildenhall
et al., [2021) and 3D Gaussian Splatting (3DGS) (Kerbl et al., 2023), have dramatically advanced
novel view synthesis (NVS). Their dynamic extensions (Pumarola et al.,[2021} Fridovich-Keil et al.,
2023} |Cao & Johnson, 2023} [Yang et al., [2024; Duan et al., [2024) further enable photorealistic
NVS across time. Nevertheless, these methods are designed primarily for appearance modeling
and thus struggle with geometry, often producing noisy or temporally unstable surfaces. Two lines
of work have explored improving quality for dynamic surface reconstruction. The first strategy
learns a deformation field that maps a canonical template to the dynamic scene over time (Liu et al.|
2024;|Zhang et al., 2024). While this strategy enforces temporal consistency, it is inherently limited
by the fixed template, which fails to represent topological changes. The second strategy directly
models the 4D spatio-temporal volume through factorized representations such as Tri-planes or Hash
grids (Wang et al.} 2023} (Chen et al., [2025] Zheng et al.|[2025). Although geometry can be extracted
by querying the 4D volume, these methods fail to maintain temporal coherence, often producing
noisy or flickering reconstructions under complex dynamics or large motions.

In this work, we propose parametric Signed Distance Function (p-SDF), a novel dynamic scene
representation that reconstructs high-fidelity, temporally coherent surfaces across time. Our key
intuition is that most shape deformations are continuous along time, and the evolution of SDF values
at a particular 3D location follows a continuous trajectory (as shown in a toy example in Fig.
more detailed analysis in Appendix [A). This observation motivates us to generalize static SDF fields,
where each spatial point stores a constant scalar value, into time-dependent parametric curves, where
temporally evolving SDF trajectory is parametrized with a curve defines. By using a compact set
of basis functions to represent these parametric curves, our p-SDF naturally enforces the temporal
coherence of the geometry while being flexible in capturing complex dynamics, including large
deformations and topological changes.

Specifically, we represent the dynamic geometry with a grid where each vertex stores the parameters
of the basis functions. At any timestamp, we can directly query the curve to obtain a static SDF
field, from which an explicit mesh can be extracted by differentiable iso-surfacing (Shen et al.|
2023). The scene’s appearance is modeled separately with an efficient 4D hash grid that predicts
physically based (PBR) material properties. The resulting mesh and materials are then passed to a
differentiable renderer, allowing the entire framework to be optimized end-to-end against 2D image
observations. Our method offers two key advantages: (i) p-SDF directly models the variations of
SDF fields, enforcing temporal coherence for geometry while allowing topological changes and
large-scale motions; (ii) by disentangling geometry from a physically based appearance modeling,
our framework robustly reconstructs surfaces under challenging lighting and occlusion conditions.

Our p-SDF presents a principled and efficient solution for dynamic 3D reconstruction. We eval-
uate our method on synthetic and real-world datasets, demonstrating significant performance im-
provement over prior approaches in geometric accuracy and temporal consistency. Moreover, the
high-quality material decomposition from our framework readily supports relighting applications,
enabling physically accurate relighting effects.
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2 RELATED WORK

2.1 NEURAL REPRESENTATIONS FOR DYNAMIC SCENES

The advent of Neural Radiance Fields (NeRF) (Mildenhall et al., [2021) revolutionized static novel
view synthesis by representing a scene as a continuous volumetric function learned from a collection
of 2D images. Extending this paradigm to dynamic scenes involved modeling a 4D space-time
function, often by incorporating time-dependent deformations or a time-variant latent code to map
observations to a canonical space (Du et al., 2021} |Park et al.,2021ajb; |Pumarola et al., 2021} |[Fang
et al.,[2022; |Guo et al.,[2023;|Yan et al.,|2024; Herau et al., 2024; Kumar et al., 2025)).

A more recent paradigm shift in neural rendering came with the introduction of 3D Gaussian Splat-
ting (3DGS) (Kerbl et al., [2023), which replaced the implicit volumetric function with a collection
of explicit 3D Gaussians. This approach enables state-of-the-art visual quality at real-time ren-
dering speeds and has quickly become the new frontier for dynamic scene modeling. Typically,
these methods learn a deformation field that maps Gaussians from a canonical space to the observed
space (Huang et al.|[2023;|Wu et al.||2024; | Xu et al.||2024; Ren et al.| 2024; |Yang et al.,|2024; [Wang
et al.,[2025), or introduce elaborate data structures to deform the dense set of Gaussians (Duan et al.,
2024; Zhu et al., [2025; Wu et al., 2025)). However, Gaussian primitives combined with deformation
fields lack strong geometric priors: while effective for view synthesis, they do not enforce temporal
coherence and often yield noisy, incomplete, or temporally inconsistent meshes (Cai et al., 2024;
Chen et al.| [2025} [Zhang et al., [2024)).

2.2 DYNAMIC SURFACE RECONSTRUCTION

A distinct branch of work explicitly targets surface reconstruction quality, typically relying on
Signed Distance Function (SDF) representations and their variants (Wang et al., 2021} |Shen et al.|
2021} [2023; Munkberg et al., 2022)). Their extensions to dynamic reconstruction often adopt de-
formation field modeling, where a single high-quality canonical template surface is learned and
deformed over time (Cai et al., 2022; Johnson et al., 2023 Wang et al.l 2024; |Yao et al.| [2024).
While this formulation yields temporally stable and smooth surfaces, it inherently assumes fixed
topology, making it incapable of handling topological changes in many dynamic scenarios.

Alternatively, a body of work directly models the 4D spatio-temporal volume, thereby avoiding
topological constraints (Niemeyer et al., 2019;|Choe et al., 2023} [Mao et al.| 2024} [Liu et al.| 2024;
Sang et al.,|[2025). These methods typically define a unique implicit surface at each timestamp and
recover explicit meshes using iso-surfacing techniques (Ju et al.,[2002; |Chen et al.,[2022; Shen et al.,
2021;2023). However, they lack a strong temporal prior: without canonical guidance, each surface
is reconstructed with excessive degrees of freedom, often leading to flickering, jittering, or other
temporal artifacts that require heavy regularization.

Similar to our method, SDFFlow (Mao et al.,[2024)) also models the deformation of SDF fields. How-
ever, its integral formulation leads to inefficient training and accumulated error, making it imprac-
tical for longer sequences and fail to achieve high-quality reconstruction. In contrast, our method
directly parameterizes the the SDF trajectories with basis functions, inherently enforcing continuity
regularization. The static SDF at a given timestamp can be obtained efficiently by querying the
function, without explicit integration that is extremely time-consuming and error-accumulating.

3 METHODOLOGY

We now describe our method. The key idea is to generalize static Signed Distance Function (SDF)
fields into parametric SDF trajectories. Below, we first review background concepts on SDF and
temporal signal modeling in Sec. We then provide an overview of the full framework in Sec.[3.2]
followed by detailed descriptions of our parametric SDF formulation (Sec. [3.3) and appearance
modeling (Sec.[3.4). Lastly, we talk about the implementation details in Sec.

3.1 BACKGROUND

Our approach integrates principles from explicit surface reconstruction and temporal signal model-
ing with basis functions. We frist provide preliminary knowledges of these two concepts.

Surface Reconstruction with Signed Distance Functions. A 3D surface OS2 can be represented as
the zero-level set of a Signed Distance Function (SDF). For any spatial point & € R3, the SDF value
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s(x) is the signed distance to OS2, negative inside the enclosed volume (2 and positive outside:
— inf || — ifex e
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Explicit surface reconsturction methods (Munkberg et al.| [2022)) define SDF values on a 3D grid
and use differentiable iso-surfacing (Shen et al.| [2021; 2023) to extract a triangle mesh. The re-
sulting mesh can then be rendered via a differentiable rasterizer (Laine et al., [2020). While highly
effective for static scenes, naively applying such pipelines into dynamics, i.e., applying NVDiffRec
via per-frame reconstruction strategy, is computationally expensive and does not guarantee temporal
consistency, often resulting in flickering geometry and unstable appearance. Instead, our method
develops a unified 4D surface representation that preserves the advantages of explicit meshes while
enforcing smooth surface evolution over time.

Temporally Varying Signal Modeling with Basis Functions. A standard strategy for represent-
ing a temporal signal S(¢) is to express it as a linear combination of basis functions, S(t) =
Zszl wy, By (t), where {By}X_| are predefined temporal basis and {wy, }1< | are learnable coef-
ficients. With appropriate choices for basis, a small set of coefficients compactly encodes complex
temporal behavior while naturally encouraging smoothness.

The common options of basis include Polynomial functions or Fourier basis functions. Specifically,
Polynomial basis functions uses a combination of polynomial functions:

Bh(t) = t* )

which captures smooth and low-frequency trends. Alternatively, Fourier basis functions leverages a
combinations of periodic functions based on sin, cos:

B,{(t) = ay, cos (wit) + by sin (wit) , (3)

where the wy, is the predefined frequency for k-th periodic function, and ay and by, is the coefficients.
The Fourier basis foundations are well-suited for periodic or high-frequency variations as shown in
literature (Shi et al.,[2014; [Tancik et al., 2020; |Wang et al.,[2022; |[Rabich et al.,[2024; L1 et al.,[2024).

3.2 FRAMEWORK OVERVIEW

Motivation. Representing dynamic scenes requires modeling how surfaces evolve over time. As
illustrated in Fig.[2] our key observation is that surface motions induces smooth temporal evolution
of the SDF values at any fixed spatial location, i.e., s(x,t) traces a continuous 1D signal. These
continuous 1D signals can be efficiently parameterized via a collection of basis functions, which not
only offers interpretability of the SDF trajectories, but also naturally enforces temporal coherence in
the SDF evolution while retaining flexibility for large deformations and topological changes.

Pipeline. Fig. [3| overviews the full system. Given a timestamp ¢, we first obtain per-vertex
SDF values via evaluating basis functions and extracts an explicit mesh using differentiable iso-
surfacing (Shen et al., 2023)). Concurrently, to model the appearance, we apply a 4D Hash grid and
query the PBR attributes for each vertex in the mesh. A physically based differentiable renderer then
synthesizes the target views; gradients backpropagate through geometry, appearance, and rendering,
enabling end-to-end optimization (Sec. [3.5). This design yields temporally coherent, high-quality
meshes and clean disentanglement of geometry, materials, and lighting.

3.3 PARAMETRIC SIGNED DISTANCE FUNCTION

Formulation. We now introduce our dynamic geometry representation, p-SDF, which extends
static SDF fields into the temporal domain. Specifically, the scene geometry is defined within a
bounded 3D grid G with N x N x N vertices {vi}f\fl. Unlike static methods that assign a single
SDF value to each vertex, we model the SDF value at vertex v; as a continuous function of time:
s(vi,t) : R x R — R. Following prior work on temporal signal modeling, we adopt a hybrid
basis combining polynomials and Fourier terms to represent s(v;, t):

Np Ny
s(vi,t) = Z pnt”™ +ag + Z (an, cos (wnt) + by sin (wnt)) , )

n=1 n=1
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Figure 3: Pipeline. For a timestep ¢, p-SDF query the parametric function at each grid vertex to get
the SDF value (Eq. . We use FlexiCubes (Shen et al., 2023) to extract the mesh M, = (V;, F;
(Eq. , and query the Dynamic Tri-plane Appearance Field (Sec. to obtain (¢, m,r, 0) (Eq.
at point (x, t) . A differentiable PBR shader renders images from multi-view cameras, and gradients
propagate through all modules for end-to-end training (Sec. [3.3).

where N, is the number of polynomials, and N is the highest frequency in Fourier function. Collec-

tively, the entire spatio-temporal SDF field is compactly parameterized by W € RV ? X (Np+2Ny+1)
the matrix of all vertex coefficients.

Mesh Extraction. With our time-varying SDF grids, given a timestamp ¢, we can evaluate the
basis function to get per-vertex SDF values. A high-quality, watertight surface mesh is then extracted
using differentiable Dual Marching Cubes (Shen et al.,[2023)):

M, = DualMarchingCubes({s(vi,t)}ZNS), M, .= Vi, Fy), 5)
where V; and F} denote the mesh vertices and faces at time ¢.

Discussion. This parametric design for surface mesh provides several important benefits; (i) the
basis formulation inherently enforces temporal coherence, while the combination of polynomial
and Fourier bases allows capturing both large-scale deformations and fine-grained high-frequency
motions, offering robustness in complex dynamic scenes; (ii) we model the geometry by storing per-
vertex curve parameters on a grid, which enables efficient and scalable mesh extraction by directly
querying the stored function, thus bypassing the computational overhead of per-point MLPs in prior
works. (iii) by using the explicit mesh for rendering within the differentiable rendering-optimization
loop, we apply direct supervision to the geometry. This ensures a consistent and detailed surface,
avoiding the noisy artifacts common in purely implicit methods like NeuS (Wang et al.| [2023).

3.4 APPEARANCE REPRESENTATION

Formulation. Having established a continuous representation for dynamic geometry, we now
model the time-varying appearances and materials. Unlike geometry, appearance signals such as
RGB textures often undergo abrupt changes at fixed spatial locations and therefore cannot be com-
pactly represented by smooth temporal trajectories. To address this, we separately model the ap-
pearance with a temporal tri-plane representation, parameterizing the appearance field with three
multi-resolution 3D hash grids, Ggyt, Ggzt, and Gy, which cover the spatio-temporal domains
(z,9,t), (x, z,1), and (y, z,t). For a surface point (z, y, z) at time ¢, we query these grids in parallel
via trilinear interpolation:

fmyt = Gmyt ((E, Y, t)? fxzt - szt (1'7 Z7t)7 fyzt = Gyzt (y, Z, t)- (6)

The resulting feature vectors are concatenated and decoded by a lightweight MLP ®,;, into physi-
cally based material properties:

(Ca m,r, 0) = cI)app (Concat(fajyt7 fwzt; fyzt))7 (7)
where ¢ denotes the diffuse albedo, m the metallic value, r the surface roughness, and o the self-

occlusion attribute. At any timestamp ¢, this formulation defines a complete, fine-grained PBR
texture field aligned with the mesh A/, extracted from the p-SDF.
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Figure 4: Dynamic Tri-plane Appearance Field. Left: an input multi-view video (4D sequence).
Middle: three multi-resolution spatio-temporal hash grids Goy¢, Gy, Gyt that slice at time ¢ to
produce an instantaneous tri-plane. Right: features sampled from the three planes are concatenated
and fed into a small MLP decoder that predicts PBR attributes (albedo ¢, occlusion o, roughness 7,
and metallic m) for shading and differentiable rendering.

Rendering. At time ¢, with the extracted mesh M; = (V4, F;) from the geometry module
(Sec.[3.3), we first rasterize it and generate a G-buffer of world-space positions x and surface nor-
mals n. For each visible surface point, the Dynamic Tri-plane Appearance Field is queried at (x, t)
to produce material properties (c, m, r, 0) (Eq. . These attributes, combined with the mesh geom-
etry and a shared learnable environment map, are passed to a differentiable PBR shader, following
Nvdiffrec (Munkberg et al., 2022)), to compute the final rendered RGB image. This design enables
end-to-end optimization of both geometry and appearance against multi-view video observations.

Discussion. Our appearance representation offers two advantages: (i) by decomposing the 4D
spatio-temporal domain into three 3D hash grids, it reduces computational complexity to directly
model 4D appearance; (ii) Benefiting from the precise geometry, the simple approach suffices to
achieve a clean disentanglement of shape and appearance and produce high-quality material and
lighting estimation.

3.5 IMPLEMENTATION DETAILS

Loss Function. We employ a compact objective that balances photometric reconstruction with
geometric and appearance priors. The overall loss is:

Elotal = £phot0 + »Ccurve + Eappa (8)

where Lpnoo enforces consistency between rendered and ground-truth images, Leyrve regularizes the
spatial smoothness of SDF trajectories to ensure coherent motion for neighboring vertices, and L,y
regularizes material and lighting. Detailed formulations of these losses are provided in Appendix B}

Model Details. We use a grid of resolution 962 to represent our p-SDF, and use a combination of
6 polynomial basis functions and a set of Fourier components, the number of which is chosen per-
scene from the range [18, 100] based on motion complexity. For the Dynamic Tri-plane Appearance
Field, we adapt the multi-resolution hash grid following Grid4D (Xu et al., |2024), with spatial
resolution spanning from 16 to 2048 and temporal resolution from 8 to the full sequence length.

Training and Optimization. We build our framework upon the open-source RadianceFieldStudio
codebase (Ye et al., 2024) and conduct all experiments on a single NVIDIA RTX 4090 GPU. We
train each scene for 5,000 iterations, which takes approximately 1 to 3 hours. We optimize the model
using an Adam optimizer (Kingma, 2014) with exponential decay, .

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets. To rigorously validate our method, we evaluate on both synthetic and real-world datasets
that feature challenging dynamic scenes. Specifically, we select three datasets:
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Table 1: Quantitative evaluation of our method compared to previous work on SynthoMotion-360
and DiVa-360 datasets. Our method outperforms existing approaches in terms of both visual fidelity
and geometric quality. For clarity, all Chamfer distances are scaled by 1073,

SynthoMotion-360 DiVa-360
Method PSNRt SSIMt LPIPS| MAE| Chamfer] | PSNRT SSIMtT LPIPS|
Deformable-3DGS | 28.897 0.956 0.077 2.842 4.535 27280  0.956 0.068
SC-GS 29.881  0.962 0.058 2.372 3.051 25723 0.951 0.075
Dynamic-2DGS 29.489 0.959 0.062 2461 2.850 17.513 0.910 0.187
Grid4D 30.048 0.962 0.061 2.639 4.637 27.408 0.954 0.065
DG-Mesh 25.719  0.936 0.081 2.794 3.760 17.734 0919 0.183
Ours 31.653 0974 0.027 1.332 2.220 28.076  0.957 0.049

SynthoMotion-360. We first curate a new synthetic benchmark designed to assess reconstruction
under large, non-rigid deformations that existing datasets rarely capture. While existing datasets
primarily feature constrained human or object motions, ours introduces a diverse range of subjects,
including animals and animated characters, undergoing extreme non-rigid deformations. These chal-
lenging scenarios are absent in current benchmarks. In particular, we carefully select 7 animated
assets from Objaverse (Deitke et al., 2022} [Liang et al., [2024), each with 70-300 frames rendered
in Blender from 38 cameras. We use 32 views for training and 6 for testing. Accurate ground-truth
meshes are provided for every frame, enabling quantitative evaluation of both novel view synthesis
quality and geometry accuracy. We provide overview of our dataset in Appendix [E.

DiVa-360 is a real-world multi-view dataset featuring tabletop dynamic scenes captured under syn-
chronized RGB cameras (Lu et al.,|2024). It provides synchronized videos and foreground masks
but no ground-truth meshes, so we only evaluate photometric fidelity in this dataset. We use 4
representative sequences, each using 31 cameras for training and 6 held-out views for evaluation.

CMU Panoptic Studio is a representative real-world dynamic dataset featuring complex motions (Joo
et al., 2015). Following the protocol of SDFFlow (Mao et al.| 2024), we focus on challenging
multi-person interaction sequences, each containing 24 frames recorded from 10 calibrated cameras.
As this dataset lacks ground-truth meshes, we use it for qualitative comparison to demonstrate the
quality of geometry. We use all 10 views for training.

Metrics. We evaluate the performance from two aspects: novel-view synthesis quality and geometric
reconstruction accuracy. For novel view synthesis quality, we report PSNR, SSIM (Wang et al.|
2004), and LPIPS scores (Zhang et al., [2018). For geometric reconstruction quality, we report the
Chamfer-L1 distance and the Mean Angular Error (MAE) of surface normals, following the protocol
of |Verbin et al. (2022)

Baselines. We benchmark our method against state-of-the-art baselines from two representative
research directions: dynamic surface reconstruction and dynamic novel view synthesis. For the first
one, we compare with two state-of-the-art works: Dynamic-2DGS (Zhang et al., |2024) and DG-
Mesh (Liu et al., [2024), which extracts consistent meshes from dynamic 3D Gaussians. We note
that while SDFFlow (Mao et al.||2024) is a conceptually related SDF-based approach, it is excluded
due to its prohibitive optimization time, requiring several weeks per scene. For the second one, we
compare with three state-of-the-art works: Deformable-3DGS (Yang et al., 2024), SC-GS (Huang
et al.| 2023)) and Grid4D (Xu et al.,|2024)). This selection allows a comprehensive evaluation of our
model’s superiority in both geometric accuracy and novel view synthesis quality.

4.2 EXPERIMENTAL RESULTS

Quantitative Results. We provide quantitative comparisons with all the baselines in Tbl. |1} with
detailed results of each scene in Appendix Tbl[AT and Tbl[A2, Our approach consistently outper-
forms all the competing methods across all the metrics on both the synthetic SynthoMotion-360 and
the real-world DiVa-360 datasets, demonstrating the superiority in reconstructing both geometry and
visual appearance. In particular, on SynthoMotion-360 benchmark, we reduce the MAE by over 40%
and Chamfer Distance by over 20% compared to the best-performing baseline. This improvement
highlights the core advantage of our p-SDF representation, which inherently enforces temporal con-
sistency and is well suited for capturing complex non-rigid dynamics. With p-SDF providing precise
and consistent geometry, the dynamic tri-plane appearance field further produces faithful material
decomposition, rendering images that have much better visual quality than rendering-focused state-
of-the-art methods without requiring specialized optimizations for appearance modeling.
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Figure 5: Qualitative comparison on SynthoMotion360 dataset. We compare against baselines on

both visual (visualized as shaded meshes) and geometry quality. Our method reconstructs realistic
appearance and accurate geometry with fewer artifacts for large motions

Ours

DG-Mesh  Dynamic 2DGS

Grid4D SC-GS
Figure 6 Qualitative comparison on CMU Panoptic Studio dataset. We compare the geometry

quality against all baselines. Our method reconstructs accurate geometry, while baselines for surface
reconstruction produce noticeable artifacts and broken geometry.

Ours DG-Mesh  Dynamic 2DGS Grid4D SC-GS
Figure 7 Qualltatlve comparison on DiVa-360 dataset. Similarly, our method reconstructs accu-

rate geometry, while baselines for surface reconstruction and dynamic NVS all produce noticeable
artifacts and broken geometry.
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Figure 8: PBR material reconstruction and relighting results. Our method reconstructs plausible
PBR materials (albedo, metallic and roughness) from multi-view videos, supporting re-lighting ap-
plications with new environment maps.

Qualitative Results. We present qualitative comparisons in Fig|1] 5| [|and[7} showing results from
SynthoMotion360, CMU Panoptic Studio and DiVa-360, respectively. Additional results are pro-
vided in Appendix Fig.[A3][A4,[A5 and[A6, In geometric reconstruction, the surfaces recovered by
baselines are severely flawed, suffering from fragmented geometry, incompleteness and noise. For
example, DG-Mesh, despite being optimized for surface quality, produces results with noticeable ar-
tifacts and distortions. In contrast, our method reconstructs high-fidelity surfaces that are complete,
smooth, and topologically sound, accurately capturing fine details such as the structure of the cello
and the distinct figures of the people in Fig.[6] In appearance, the geometric deficiencies of base-
lines directly impact rendering quality of baselines. They produce temporally inconsistent results
(the antlers in Fig.[5) or as overly smoothed, blurry renderings (the penguin in Fig.[7). In contrast,
benefiting from the precise and stable geometry learned by our p-SDF, our method produces sharp,
detailed, and photorealistic images, faithfully synthesizing fine textures and maintaining temporal
coherence even during complex dynamic sequences.

4.3 RELIGHTING

To further validate the accuracy and reliability of our dynamic reconstruction, we conduct relighting
experiments using our reconstructed geometry and PBR material. The results are shown in Fig [§]
The reconstructed results enable high-quality relighting for dynamic scenes. To the best of our
knowledge, our method is the first to achieve dynamic reconstructions with precise PBR materials
to support realistic dynamic relighting.

5 CONCLUSIONS AND LIMITATIONS

Conclusions. In this paper, we introduced parametric Signed Distance Function (p-SDF), a novel
dynamic scene representation that leverages parametric basis functions to represent SDF trajectories.
p-SDF naturally enforces temporally coherent geometry while remaining flexible to large deforma-
tions and topological changes. Combined with a physically based appearance modeling, our frame-
work yields accurate geometry, robust material decomposition in highly dynamic conditions, and
effectively supports downstream application such as relighting. Experiments on both synthetic and
real-world datasets demonstrate substantial improvements over prior methods in geometric fidelity
and visual quality. We believe p-SDF offers a promising direction for dynamic surface reconstruc-
tion and its applications.

Limitations. Our approach relies on multi-view video as input, which may limit its applicability
in scenarios where only monocular data is available. In addition, the parametric SDF we used
leverages the basis functions at each fixed spatial location, and thus, it does not explicitly represent
the correspondence information along the time.
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